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a b s t r a c t
For a number of situations, a Bayesian network can be split into a core network consisting
of a set of latent variables describing the status of a system, and a set of fragments relating
the status variables to observable evidence that could be collected about the system state.
This situation arises frequently in educational testing, where the status variables represent
the student proﬁciency and the evidence models (graph fragments linking competency
variables to observable outcomes) relate to assessment tasks that can be used to assess that
proﬁciency. The traditional approach to knowledge engineering in this situation would be
to maintain a library of fragments, where the graphical structure is speciﬁed using a graphical editor and then the probabilities are entered using a separate spreadsheet for each
node. If many evidence model fragments employ the same design pattern, a lot of repetitive data entry is required. As the parameter values that determine the strength of the evidence can be buried on interior screens of an interface, it can be difﬁcult for a design team
to get an impression of the total evidence provided by a collection of evidence models for
the system variables, and to identify holes in the data collection scheme. A Q-matrix – an
incidence matrix whose rows represent observable outcomes from assessment tasks and
whose columns represent competency variables – provides the graphical structure of the
evidence models. The Q-matrix can be augmented to provide details of relationship
strengths and provide a high level overview of the kind of evidence available. The relationships among the status variables can be represented with an inverse covariance matrix;
this is particularly useful in models from the social sciences as often the domain experts’
knowledge about the system states comes from factor analyses and similar procedures that
naturally produce covariance matrixes. The representation of the model using matrixes
means that the bulk of the speciﬁcation work can be done using a desktop spreadsheet program and does not require specialized software, facilitating collaboration with external
experts. The design idea is illustrated with some examples from prior assessment design
projects.
Ó 2009 Elsevier Inc. All rights reserved.
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1. Problem
One important application of Bayesian networks is to infer the state of an unknown system from a collection of observable evidence. In educational testing, the target of inference is the state of one or more proﬁciency variables, and the observable evidence is the outcomes from multiple tasks designed to require the targeted proﬁciencies. In a more classical
diagnosis setting, the unknowns might be the state of health of a patient or piece of equipment and the observables come
from the outcomes from various tests performed by a doctor or technician. To avoid the use of the word ‘‘test” which has
different connotations in these different applications, I will call an activity designed to produce observable evidence about
the system state a task, and a collection of tasks used for the purposes of inferring the state of the system an assessment.
As the number of tasks grows large, so does the size of the Bayesian network model for the assessment. In the educational
testing setting, the form of an assessment is often chosen from among a large pool of potential tasks. In this case, knowledge
engineering techniques are required to manage the volume of information. Several authors [16,14,13,19] have proposed
dividing such large networks up into a library of graph fragments, which are then assembled to create the a Bayes net to
answer a speciﬁc query. These methods try to take advantage of natural design patterns in network construction to produce
prototype networks that are applicable to a wide collection of data gathering tasks. Networks based on these design patterns
typically share the same structure and differ only in parameters relating to the strength of the relationships among the variables. Almond and Mislevy [3] note that when the goal of the Bayesian network is to infer the state of an unknown system,
the library of fragments has a special form. A core system model, or student proﬁciency model, captures the relationship
among the status variables for the subject as a complete Bayesian network. A library of evidence model fragments relate
the observable outcomes from a particular assessment task to the core status variables. As many tasks are close variants,
the system can rely on design patterns to produce evidence models that differ only in the value of the parameters.
In psychological measurement applications, the proﬁciency (status) variables are typically latent, and therefore expert
knowledge is required to label the variables and their states, even if the model parameters are later reﬁned through data.
Evidence-centered assessment design (ECD; [18]) is a knowledge engineering method applicable to building Bayesian network models for educational assessment. It stores the complete network for an assessment pool as a central core student
proﬁciency model and a library of evidence models corresponding to the tasks. Section 2 describes our ﬁrst ECD design repository and its limitations.
Although the library of fragments representation is a complete description of the problem space, it is not necessarily the
most convenient representation for every purpose. In particular, asking how much potential evidence is available in an
assessment pool for a particular hypothesis about student proﬁciency requires scanning all of the fragments in the library.
A more compact view is convenient for answering these kinds of queries. Note that the graphical structure of the network
may also be expressed through an incidence matrix, a matrix whose rows and columns correspond to nodes in the graph and
where a positive value indicates an edge between the corresponding nodes. This paper proposes using two matrixes as views
of the assessment: the Q-Matrix (Section 3) describes the relationship between proﬁciency variables and observable outcome variables, and a correlation matrix (Section 4) expresses the relationship among the latent proﬁciency variables. These
two matrixes not only provide a good overview of the model, but they also can be speciﬁed using the spreadsheet programs
commonly available on personal computers, and hence do not require specialized software. This suggests a lighter weight,
more nimble procedure for knowledge engineering (Section 5) useful for models for tracking the unknown state of a system.

2. The evidence-centered design data repository
In ECD, a complete design for an educational assessment consists of a number of design objects called models [18]. The
four central models for the assessment lay out the basic evidentiary basis for the assessment as follows:
(1) Student proﬁciency model: Identiﬁes the aspects of student knowledge, skill and ability about which the assessment
will make claims. (This corresponds to the system status model in other applications.)
(2) Evidence model: Identiﬁes observable evidence for the student having (or not having) the targeted competencies.
(3) Task model: Designs situations which provide the student with opportunities to provide that evidence. (These do not
correspond to Bayes net fragments, but rather describe data gathering procedures for which particular evidence model
fragments are appropriate.)
(4) Assembly model. Describes rules for how many of what kinds of tasks will constitute a valid form of the assessment.
Consider a reading assessment. The reading experts have identiﬁed four aspects of reading proﬁciency (e.g., recognizing
word meanings, synthesizing information) that they want to report on. These are labeled S1 ; . . . ; S4 . The proﬁciency model is
the joint distribution over these variables in the population of test takers. The reading proﬁciencies cannot be observed directly; instead, the assessment designers write a series of reading tasks (consisting of a reading assignment followed by a
short question or questions about what was read) to assess the examinee’s reading proﬁciency level. Many reading tasks follow a common design shell; the design shells are the task models. Tasks from a given task model usually require a subset of
the proﬁciencies to solve. We can represent this by drawing a graph fragment linking the appropriate proﬁciency variables to
the observable outcome variables (that represent scored responses to the tasks). Note that the psychometric properties (such

