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Abstract. Intelligent Tutoring Systems (ITSs) are usually comprised of three 
primary models – an expert model, a domain or system model, and a student 
model.  Many of these models are quite complex to enable just about any learn-
er to get the optimum tailored experience possible.  These systems have shown 
great results, typically at least one standard deviation (a letter grade) better than 
traditional training (e.g. [1] [2]).  This complexity not only ensured that ITSs 
were successful, it also prohibited their widespread use (e.g. [3]).  Results of 
studies in which the expert and system models were simplified show similar 
gains in effectiveness (e.g. [4] [5]), suggesting that lower-cost ITSs can be just 
as effective as those developed at higher costs.  This paper compares the results 
of effectiveness studies in which the ITSs had various levels of fidelity and 
presents some recommended guidelines in determining the level of fidelity for 
student, expert, and system models of the ITS.  
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1 Introduction: The Goals of ITS (and This Paper) 

The goal of Intelligent Tutoring Systems (ITSs) since the 1970’s has been to provide 
the same level of learning effectiveness as an apprentice in the field with a personal 
mentor.  Thus, the ITS training environments model both the mentor as well as the 
work environment (“the field” of practice).  Research by Bloom [6] showed that one-
to-one tutoring provides an improvement of two standard deviations (nearly two letter 
grades) in effectiveness over group instruction.  In a perfectly logical manner, the 
approach in designing and building ITSs continues to model the expertise and instruc-
tional support a mentor provides with the “two sigma” effectiveness improvement 
goal.  The period of rapid ITS growth coincided with the rapid growth of artificial 
intelligence (AI) software which had the goal of providing a machine that thinks  
like a person. The Turing Test was exemplified as the goal of AI – to have a  
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machine/computer/program that has intelligence indistinguishable from that of a hu-
man. The Turing Test has also been used to evaluate ITS deployments [7].  This close 
association between AI and ITS goes back as far as Scholar [8], developed in 1970 by 
Jaime Carbonell [8].  As early as this system, recognized as the first ITS, a common 
goal of ITS has been to have the system’s artificial mentor be able to hold discussions 
with the learner in natural language dialogs [9].  Most ITS limited the discussion to 
the exercise, problem, or topic the learner is currently working.  Some ITS strived  
to enable natural language discussions for any topic in the domain the learner wants to 
discuss.  Some ITSs were built to be able to solve problems posed by the learner (e.g. 
SOPHIE [10]). Considerable research has also been directed at applying advanced AI 
techniques to assess and provide detailed mentoring feedback to the learner (e.g. 
Scholar [8]).  These goals have driven the cost of ITS to the point that development 
and usage never became widespread.  Even researchers in 1997 [11] noted that the 
research in ITS had focused on the science of using AI for dialogs rather than the art 
of effective pedagogical dialogs.  Corbett, Koedinger, and Anderson further stated 
that “for intelligent tutors to seriously penetrate the educational/training system, the 
evaluative focus must begin to shift to educational impact and away from artificial 
intelligence sufficiency [11, p. 850].  

Fidelity: “1a: the quality or state of being faithful; 1b: accuracy in details: exact-
ness; 2: the degree to which an electronic device (as a record player, radio, or tel-
evision) accurately reproduces its effect (as sound or picture).” (Merriam-
Webster) [12]” 

Finding the optimum level of fidelity for the models used with ITS can strike the right 
balance between effectiveness and cost to make the practice more practical.  This 
paper was born out of the observation that most of the studies performed on measur-
ing the effectiveness of various ITS instances seemed to all result in an effect size of 1 
to 1.5 standard deviations when compared to other forms of training.  This is true for 
both very sophisticated ITS that can pass the Turing test and for simple systems that 
basically only added the capability to select the next problem.  The authors set out to 
perform meta-research testing this observation. The approach was to analyze data 
from ITS effectiveness studies similar to Durlach & Ray [1] to detect correlations 
between types of models used for the ITS(s) used in the studies and the effectiveness 
measured in the study.  Inconsistency in available studies and vast differences in the 
approach used to build the ITS made the comparisons and correlation analysis diffi-
cult without harmonization such as that proposed by Pavlik & Roth   [13].  As noted 
by Durlach and Ray: “Likewise, most of the experiments used multiple sources of 
student data, making it difficult to identify which sources were best for adaptation. 
The most common sources of student data were performance measures captured dur-
ing the instructional experience.” [1, p. v] 

2 The Models of ITS 

ITS are typically comprised of a user interface which models/simulates the system or 
problem solving environment; a model of the expert’s solution, the expert’s cognitive 
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processes, and the rules of the domain; a model of the student/learner’s knowledge, 
skills, attitudes, misunderstandings, and measure of performance; and a model of the 
instructional approach to mentoring the learner in the pursuit of expertise [14] [11] 
[15] [16].  

• The Models of ITS: 

─ User Interface Model or Problem Solving Environment 
─ Expert/Cognitive/Domain/System Model 
─ Student Model  
─ Pedagogical/Instructional/Tutoring/Mentoring Model 

For this paper, we consider the degree to which humans are modeled in an ITS and 
consequently, the remainder of this paper will focus the expert, student, and instruc-
tional models.  For a discussion of fidelity of the user interface and the system/domain 
portion of the expert model, please refer to references such as the US Modeling & 
Simulation Coordination Office [17] recent and current research on the fidelity of 
simulations e.g. [18] and training e.g. [19].  Note that the typical models of ITS sepa-
rate the expert and the tutor whereas an actual human mentor usually has to provide 
both roles.  A human tutor is responsible for both providing the KSA and for adjust-
ing the approach in transferring the KSA.  In the models of ITS, it is the expert model 
that contains what an expert knows about the domain and the Instructional model that 
determines the best approach for the individual learner to gain that expertise.  In an 
ITS, each of the four models must work closely together.  For example, the expert 
model assesses the learner by observing the user interface model and comparing the 
learner’s actions to the actions predicted by the expert model.  The results of this as-
sessment form the primary basis of the student model.  The instructional model uses 
the student model to determine how to best enable the learner to gain a higher level of 
expertise.  The responsibility of providing the specific information that follows that 
plan of instruction is provided by the expert model.  While the nomenclature separates 
functionality into these models, these tasks do not necessarily need to be authored or 
implemented as separate software components.  However, it is critical that the func-
tionality is well integrated.  Before delving into fidelity issues, the following sub-
sections briefly review the components of an ITS. 

2.1 Expert Model  

The Expert Model contains the expertise of the expert.  It models what an expert 
knows about the domain, what an expert would do in a particular situation, and the 
reasoning an expert would apply in determining what to do.  In other words, it models 
the knowledge (what), skills (how), and attitudes (why) of an expert.  There are many 
approaches from the most simple documents to systems that determine solutions to 
problems as mentioned in the introduction section.  The overall question is “Does the 
ITS actually need think like an expert?”  We believe it is more effective to describe 
the fundamental knowledge and thought processes an expert uses to create a solution 
rather than model the expert’s solution for each problem to promote the development 
of expertise [20]. 



 Just Enough Fidelity in Student and Expert Modeling for ITS 205 

 

2.2 Student Model  

In its most strict form, the student model is the ITS component that manages the 
knowledge history and current states of the student [21]. In an expanded form, the 
student models also manages the current history and state of a wide range of variables 
that effect learning such as emotion [22], motivation [23] [24], and off-task behavior 
[25] [26].  The student model acquires data through the student’s interaction with the 
ITS environment. Task performance data is collected by comparing a set of expected 
actions to the student’s actions, such as a keystroke [27], answer selection [28] or 
specific movement in a virtual simulation [26] or evaluation of metrics that rate task 
performance [20].  Data for other learning variables is often obtained through compar-
ison of the student actions to actions associated with non-task behaviors such as bore-
dom or anxiety [29] or through physiological or neurophysiological sensor data [30]. 

2.3 Instructional Model  

The instructional model is the component that provides that facilitates the learning 
activities provided by the ITS. It decides when to intervene with an instructional ac-
tion, what instructional action to apply, and how the instructional action should be 
implemented (e.g., hints, feedback, remediation).  VanLehn [2] has likened the in-
structional model functions to the method a human tutor uses, such as working 
through each step, and sub-step, of a problem.   

There exists a wide range of adaptive learning techniques that have been used to 
develop adaptive training applications. The manner in which adaptive training tech-
niques are applied, or combinations of these techniques are applied, is diverse due to a 
lack of a common methodology or design principle for implementing adaptive train-
ing [1]. Olney and Cade [31] recommend that certain instructional strategies are more 
or less suitable with different types of adaptive (include ITS) learning technologies.   
Durlach [32] proposed the Framework for Instructional Technology (FIT) to provide a 
structured method for selecting an appropriate adaptation strategy.   FIT is based on 
the assumptions that instructional technology should provide feedback and employ 
scaffolding and master learning methods [32], and identifies four adaptation decisions 
to be considered in determining an appropriate adaptive learning strategy to apply in a 
given learning situation.  These decisions are whether to provide: 1) correct feedback, 
2) support, 3) micro-sequencing, or 4) macro-sequencing as the adaptation strategy 
type.  These decisions are made based on the student’s performance relative to mas-
tery performance criteria, and each strategy type has five levels of adaptation, depend-
ing upon the level of intervention the student requires.  Similarly, Sampson and  
Karampiperis [33] describe a detailed process to define adaptive selection and se-
quence of learning objects in Adaptive Educational Hypermedia Systems (AEHS).  

However, the only mechanism used to sequence to didactic content for instruction 
and remediation in the adaptive training used in independent studies by Perrin [4] and 
Durlach [34] [5] was student scores on assessments. The studies by Perrin, Banks and 
Dargue [4] directly compared instructor-led classroom training with three types of 
computer -based training (linear, mastery learning, and adaptive remediation) with as 
identical as possible content.   The software for both the mastery learning (ML) and 
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the adaptive remediation (AR) conditions assessed the learner and remediated to spe-
cific content not mastered in the assessment.  The key difference for the adaptive 
remediation condition is that each error the learner made could be associated with 
more than on content module.  For both of these groups, learning performance ex-
ceeded self-directed or classroom instruction by 1.2 standard deviations or more (see 
Figure 1).  Perrin further compared the results with predictions of performance gains 
from additional time.  The actual learning performance scores of these groups was 
more than 1.8 standard deviations greater than learning scores predicted from student 
allocated study time as shown in Figure 2.  

 
Fig. 1. Mean Learning Score by Group (Perrin [4]) 

 
Fig. 2. Difference between Predicted and Actual Learning by Group (Perrin [4]) 

3 ITS Model Fidelity Framework 

In order for the ITS to integrate the contributions of the Expert, Student, and Instruc-
tional Models into a cohesive instructional experience, it is necessary for these  
components to be highly synchronized. Given this necessity, it is vital that these  
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individual functions or components are implemented with the same degree of fidelity.  
First, we will examine the concerns and issues regarding ITS fidelity as a whole.  
Then, we will present a framework that can be used to further examine and provide 
guidance in determining ITS fidelity requirements.  

The development of ITSs has traditionally been a time and resource intensive effort 
due to the focus of modeling the expert, and subsequently the student’s, knowledge at 
the cognitive level.  In the case of student models, there have been efforts over the 
past decade focused on the design and development of student models that are still 
effective in accurately representing the student’s learning state, while reducing the 
development burden. Aleven, McLaren and Sewall [35] have been investigating the 
development of a large-scale ITS through the use of an open-access web site.  Van-
Lehn [36] contends that of the granularity of student assessment, “the degree of ag-
gregation over the task domain’s knowledge” (p. 248) should be appropriate for the 
type of task or skill being evaluated.  This notion that the methods and level of detail 
that student knowledge is modeled is dependent upon the needs of the particular 
learning task or domain is also supported by Woolf [37]. 

Consequently, the issue of student model fidelity is complex, and various methods 
for categorizing and comparing student models have been proposed.  Brusilovskiy 
[21] recommended that the design and development of a student model needs to con-
sider knowledge representation and diagnostics.  Murray [38] defined a set of design 
trade-offs for developing a student model that considered Power and Flexibility in 
terms of breadth and depth, Usability in terms of learnability and productivity, Fideli-
ty, and Cost. Similarly, Ohlsson and Mitrovic [39] proposed that the method or tech-
nique used to representation knowledge consider two dimensions: cognitive fidelity 
and cost.   

Woolf [16, p. 51] suggested a two-dimensional mapping of knowledge domain 
complexity based on Lynch’s recommendations on defining ill-defined domains 
[40] as shown in Figure 3.  

 

 

Fig. 3. Domain Knowledge Complexity (Based on Woolf [16] & Lynch [40])  
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Because the answers to problems in the lower-left are explicit, assessment of learn-
ers and instructional feedback are also somewhat simple.  In the center of the graph, 
there is no clear-cut right and wrong.  In the design domains, the goal of applying the 
knowledge is creativity and innovation.  The studies by Perrin [4] and Durlach [34] 
[5] were in the center of this figure.  Both taught content that includes declarative or 
background knowledge, as well as the use of this information in the exercise of judg-
ment.  The former was an export control ethics class and the later was on tactical 
command and control of small unmanned aerial systems. 

Consider Bloom’s taxonomy and three domains of learning: cognitive, affective 
and psychomotor.  The cognitive domain has been studied quite extensively and in 
2001, the Bloom’s Cognitive Taxonomy was revised [41], and is in current use by 
various educational institutions (e.g., Iowa State, Penn State). Propose to evaluate the 
fidelity of representation required for cognitive, affective and psychomotor models in 
ITSs.  The revised Bloom Cognitive Taxonomy is shown in Figure 4 plotted in two 
dimensions.  These taxonomies can be used to assess where in the taxonomy to which 
the ITS application is focused to guide the determination of fidelity level, with the 
assumption that the lower the knowledge dimension (e.g., factual knowledge) and 
lower the cognitive process dimension (e.g., remember) the more granular the cogni-
tive assessment required. 
 

 

Fig. 4. Revised Bloom Cognitive Taxonomy (adapted from Krathwohl [41]) 

4 Conclusions 

When building adaptive learning systems, the goal should not be to create the best 
tutor, the focus should be to produce proficient learners.  While the system can model 
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the techniques used by expert tutors, the system should leverage technology to go 
beyond the capabilities of a human tutor.  Adaptive training does not need to be intel-
ligent to be effective. 

The fidelity of the models in an ITS should be driven by the learning analysis and 
resulting learning objectives.  The Expert/Domain model needs to be able to impart 
the same level of cognitive KSA required expected of the trained person.  The Student 
model needs to have the correct level of fidelity to measure whether the appropriate 
KSA has been achieved.  The Instructional model needs to have the fidelity required 
to properly guide the learner through the Domain model.  The Revised Bloom Cogni-
tive Taxonomy can be used as a guide to determine the appropriate level. 

The more complex the models are, the more expensive they are to develop, vali-
date, and maintain.  Evidence shows that simple approaches are effective but direct 
study comparisons of complexity/fidelity are scarce.  As the saying goes, “Keep it 
simple, stupid” and follow the definition of fidelity to remain faithful in the endeavor. 
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