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Abstract. This study applied an unsupervised neural network modeling process to test data of
the National Board of Medical Examiners (NBME) Computer-based Clinical Scenarios (CCS) to
identify new performance categories and validate this process as a scoring technique. The classifications resulting from this neural network modeling were consistent with the NBME model in that
highly rated NMBE performances (ratings of 7 or 8) were clustered together on the neural network
output grid. Very low performance ratings appeared to share few common features and were accordingly classified at isolated nodes. This clustering was reproducible across three separately trained
networks with greater than 80% agreement in two of the three networks trained. However, the neural
network also contained performance clusters where disparate NBME-based ratings ranged from 1
(worst) to 8 (best). Here, agreement between networks was less than 60%. Through visualization of
the search strategies (search path mapping), this neural network clustering was found to be sensitive
to quantitative and qualitative test selections such as excessive usage of irrelevant tests reflecting
broader behavioral classification in some instances. A disparity between NBME ratings and an independent human rating system was detected by the neural network model since disagreement among
raters was also reflected by a lack of neural network performance clustering. Agreement between
rating systems, however, was correlated with neural network clustering for 92% of the highly rated
performances.
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Introduction
Medical diagnosis and management result from the integration of complex behaviors; these behaviors can be decomposed and studied as issues of cost, risk, the
quality of life, etc. (Elstein, 1993; Elstein et al., 1982; Fehrsen and Henbest, 1993;
Lantz and Chaves, 1997). Currently no stimulus other than the clinical encounter
itself adequately captures the information needed to simultaneously address all
the aspects of these different patient care models. Some artificial stimuli do exist,
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however, which are attempting to capture, codify and evaluate the quality of subcomponents of patient care; such stimuli are planned for use in the United States
Medical Licensing Examination (USMLE).
For decades, the need for complex performance assessment has been recognized
in tests designed for licensure and certification. Early attempts to gain a sense of
clinical competence took the form of bedside and oral examinations, which failed
primarily due to task and examiner variability (Krome et al., 1983; Norcini et al.,
1993). Current testing alternatives have taken the form of “standardized patients”
and computer-simulated patient management cases, the latter of which is optimally
situated to take advantage of information technology (Clauser et al., 1996). More
recently, the National Board of Medical Examiners (NBME) has introduced the
computer-based case simulations (CCS) to provide a simulated experience of a
patient encounter over time requiring examinees to continually monitor the patient
and make appropriate management decisions (Clauser et al., 1991, 1993, 1995,
1996). Over 2300 tests, medications, consultations and procedures are available
for the student to choose from in an uncued manner, and each of the actions taken
is recorded in a transaction list. These actions are classified based on degrees of
appropriateness, inappropriateness and potential risk on a case by case basis. This
comprehensive list of actions provides very rich data about student performance,
to which appropriate measurement models can be applied to to generate a score.
Scores are generated based on a regression model emulating clinicians’ ratings of
sampled examinee performances on cases (Clauser et al., 1993). Since the main
goal of these types of examinations is for licensure, there is a “cutoff” that is
ultimately generated in order to derive a minimally acceptable score as a measure
of competence.
All forms of scoring are inherently data compression techniques where actions
are matched with criteria and compared with broader performance standards. The
assignment of a final score may give the impression that overall proficiency or
competence can be based on a single criterion derived from the student’s model
of comprehension. The score is actually derived from multiple variables to ensure
optimization of the analytical scoring model for the purposes of the examination
(Mislevy and Gitomer, 1996). It must be recognized however, that many aspects
of learning, knowledge, and behavior affect performance and not all of these can
be addressed in any particular examination format. It is also not always clear what
features of problem-solving strategies go unrecognized in this data compression
process. Medical licensure assessment is likely to be sensitive to egregious acts of
omission or commission, but less significant test usage may be overlooked.
Most performance assessments or “intelligent tutoring” systems begin with an
assumed set of knowledge skills and an analysis of cognitive tasks required in order
to create suitable testing and scoring criteria (Mislevy and Gitomer, 1996). While
the NBME’s CCS has been developed and refined for licensure assessment, other
more subtle aspects of physician performance may exist within the data that have
not been fully explored. These may relate to the more metacognitive aspects of
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medical problem-solving which deal with task recognition, reflection, uncertainty
and deciding when sufficient data to close the case has been gathered (De Bliek et
al., 1984). This suggests the possibility for more exploratory analytical techniques
that can be readily applied to uncover alternative performance classifications within
complex clinical performance data.
The very broad scope of CCS problems allows for alternative classification and
assessment models based on performance. The approach we have taken, which
we call constructive data modeling, utilizes the pattern-recognition capabilities
of artificial neural networks to build performance models from existing complex
data sets. Artificial neural networks are a non-parametric method of building rich
models of complex phenomena through a training and pattern-recognition process
and are capable of categorizing behavior based on actual performance sequences.
Neural networks have practical utility in solving classification problems with illdefined categories, where the patterns are often deeply hidden within the data or
where there are poorly defined models of behavior (Rumelhart and McClelland,
1986).
Using ANNs, we have previously been able to discern differential aspects
of student and clinician diagnostic strategies on infectious disease simulations
(Stevens and Lopo, 1994; Stevens et al., 1996). This approach also effectively
redefines the generation of performance and scoring models from a model of
expert-assigned ratings for ideal performances to one based on actual performances. This approach can be extended to criterion-based (i.e. novice-expert)
comparisons as well (Stevens et al., 1996; Stevens and Najafi, 1993).
The purpose of this study was two-fold: first to determine the utility of using
artificial neural network analysis to generate performance classifications from
complex clinical performance data sets independently of defined scoring criteria,
and second, to use neural network analysis to explore the current NBME CCS
scoring model.
Methods
T HE

NBME CCS DATA SET

The NBME developed CCS for assessing physician-patient management skills at
the completion of the licensure process (Clauser, 1995, 1996). In these simulations,
examinees manage a computer-simulated patient in a realistic fashion by requesting
various diagnostic tests, therapeutic options, and other clinically relevant items.
The series of requested actions is recorded in simulated time, and the resulting
transaction list defines the strategy for each particular student. These sequential
actions served as the input to train our neural networks as previously described
(Stevens and Lopo, 1994; Stevens et al., 1996).
The transaction data underwent minimal preprocessing to avoid restricting the
training data set, which might result in the neural network learning an overgeneralization (Elman, 1993). For example, we chose to include all steps of a
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student’s performance whether they were ordered as a package of tests or as
individual components to avoid making assumptions about the ordering of data.

U NSUPERVISED

NEURAL NETWORK ANALYSIS OF PERFORMANCE DATA

We took advantage of the ability of neural networks to cluster performance
data based upon common features of the examinees’ performances. Furthermore,
our networks were trained with the data of the performance itself, meaning the
sequence of choices taken and not classifications generated as a result of the
performance. For example, rating criteria such as pass/fail, number of benefits,
or number of risks taken by an examinee were deliberately not presented to the
network as input that would influence the organization of the performances. These
network training conditions are referred to as unsupervised or self-organizing
(Kohonen, 1989; Lawrence, 1993) since no “outcome” features of the performance
other than the actual steps taken in the process of generating a strategy were part
of the input. This is opposed to supervised training where known outcomes (i.e.
pass/fail, right/wrong) are associated with the performance in order to classify
types of performances with specific outcomes.
The distinct inputs that make up a performance can be simplified to basic units
or steps which indicate the transition from one test chosen to the next. This “fromto” pair becomes one element of the total strategy so that the performance becomes
a series of “from-to” inputs. The number of inputs is finite: n2 − n, where n is
the total number of test items that can be taken and where n is subtracted in the
expression to reflect the fact that steps taken in a performance are not between
the same choices (i.e. from Test A to Test A). By representing the performance
as a series of steps we were able to generate unbiased clusters of performances
based on the similarities of the inputs used to generate them. These clusters are
identified on an artificial grid or matrix and are given a unique location referred to
as a node. These nodes are initially random mathematical representations (vectors),
but through the training process, the vectors generated from the input steps in a
performance reinforces some of these representations while diminishing others.
Eventually, each node represents a general category of performance. A trained
neural network presented with a new performance will most closely match the
vector generated from that sequence of performance steps with the trained nodes
of the network. The output of this analysis is at a node referred to by number.
The number of outputs is a user-specified number and is empirically derived,
which for our purposes was 100 outputs arranged in a 10 × 10 matrix. The
self-organizing neural network was constructed with software libraries from Ward
Systems Group (Rockville, MD).
The neural network training process is iterative. Each iteration, referred to
as an epoch, consists of presenting the entire training data (all the inputs for
all the performances) through the network. During each epoch of training, the
magnitude and direction of each output is adjusted, and these iterations are continu-
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ally presented to the network until training is completed and results in consistent
output. The total number of epochs or data iterations required to adequately train
the network is also empirically derived. Based on our experience, 1000 to 10,000
epochs was sufficient for achieving consistency in performance clustering. This
process results in the grouping of performances into clusters, which represent
similar performances according to the neural network. (N.B. The number of data
iterations (epochs) used in training is not related to the number of outputs or nodes
that the data will be clustered into although both values are defined by the user
prior to training.)
Following the training process, the same data used to train the network (training
set) or novel data (testing set) was presented to the network for classification. The
neural network associates each input pattern with a representative output pattern,
and the summary of the entire set of performance data produces the topographic
representations as shown in Figures 2, 5, and 6.
S EARCH

PATH MAP ANALYSIS

To understand the clustering of performances resulting from the ANN classification, we electronically reconstructed the students’ problem-solving strategies by
generating visualizable strategies or “search path maps”. A search path map is
generated as a sequential display of the test items chosen by the student while
working through a case (Stevens, 1991; Stevens et al., 1989). The tests were
grouped to display the use of certain related tests or to show details of the sequence
of student selections in a particular test group. In the template used for this study
(Figure 1A), the different laboratory tests available were arranged into separate
areas representing common tests (i.e. blood tests, antibiotics, etc.). This process is
done to simplify the viewing of a strategy as a search path map. The test items,
represented as numbered rectangles, can be “selected and dragged” to any location
on the computer monitor to facilitate viewing. Individual student performances
were overlaid on this template as a series of lines connecting the chosen items in
sequence with the lines going from the upper left-hand corner of a test selection
to the lower center of the subsequent test (Figure 1B). Where multiple student
performances were displayed, the thickness of the lines between test item pairs
was proportional to the number of students who made that test selection (Stevens
et al., 1996; Stevens et al., 1991)
Results
A RTIFICIAL

NEURAL NETWORK CLASSIFICATION OF CASE PERFORMANCE

DATA

To determine how simulated clinical performance classifications related to NBME
ratings, a training set of 100 randomly selected performances of an emergency
infectious disease case was used to train an unsupervised 10 × 10 output node
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Figure 1. The problem space. A representative template (A) of the test item selections was
produced with IMMEX::Analysis as a way to segregate the different types of tests in an area
referred to as the problem space. The numbered boxes represent test items that can be logically
grouped (i.e. boxes representing tests are selected, dragged, and placed in close proximity to
create the various domains shown) by the user of the analysis software according to the type
of test or procedure. The labels and arrows have been added to indicate what types of tests
the displayed groups represent. Performance strategies for the emergency, infectious disease
case can be visualized (B) as a sequence of test items in the order selected by the student (the
complexity of this case does, however, make this group of sequences extremely difficult to
follow). The thickness of the lines is proportional to the number of times the path between the
items was selected (i.e. more students using the path between test selections creates a thicker
line).
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network for 10,000 epochs. The training data was then analyzed by the same
network to identify where the performances clustered on the neural network
(Figure 2A). We observed major clusters of student performances at nodes 10 (n =
11), 25 (n = 8), 29 (n = 9), 43 (n = 5), and 44 (n = 7). Since the NBME had
previously rated these performances from 1 (worst) to 8 (best), it was possible to
determine if any nodes represented clusters with specific ratings. Nodes 43 and 44
were composed exclusively of highly rated performances (rating ≥ 7) (Figure 2B),
while low ratings (i.e. <4) showed limited clustering (Figure 2C), of a few performances per node. In fact, lack of clustering by the ANN was associated with poorly
rated performances.
Certain features inherent to a neural network’s assignment of clusters, as well
as the properties of the data itself can generate variability in classifications across
a series of trained neural networks. This variability may lead to differences in
classification outputs between networks even though trained with the same data
due to the fact that the training process is non-parametric. We were interested to
know how well the network-assigned classifications were retained when multiple
neural networks were trained with the same data. Two additional neural networks
were trained with the same architecture (i.e. 10,000 epochs with a 10 × 10 output).
We selected major nodes from the ANN output of our original network (Network
#1) in order to compare these performance clusters on two independently trained
neural networks (Networks #2 and #3). The results are summarized in Table I.
We anticipated that performances that clustered on one neural network would be
represented in a topologically ordered manner (i.e. physically close) on different
neural networks, provided the data represent similar patterns (Kohonen, 1989;
Lawrence, 1989). We compared six major output nodes generated by Network
#1 (nodes 10, 21, 25, 29, 43/44, and 89) to the corresponding outputs generated
for the second and third networks. Ninety-one percent of the performances from
node 10 of Network 1 clustered similarly on Network #2, while eighty-two percent
clustered on Network #3. Between Networks #2 and #3, there was seventy-three
percent preservation of clustering for the same performances (node 10, Network
#1). Node 21 of Network #1 showed only fifty-percent similarity in clustering
with either clustering of the two independent networks; however, Networks #2 and
#3 showed identical classification for these performances, since all performance
clustering occurred within two nodes. At node 25, there was a 63% similarity
between Network #1 and either Networks #2 or #3, but again, Networks #2 and
#3 showed identical clustering patterns. The analysis of node 43/44, on Network
#1, corresponding to the highest NBME ratings, revealed that sixty-seven percent
of these performances also clustered on Network #2, and between Networks #1 and
#3, eighty-three percent of the performances clustered at nearby nodes (number 25
and 45) within Network #3. Furthermore, between Networks #2 and #3 there was
eighty-three percent clustering similarity of the node 43/44 performances. At node
89, the node representative of the poorest NBME ratings, there was an exact match
with the clusters generated by Networks #2 and #3.
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Figure 2. ANN-assigned performance clusters. The 10 × 10 output grid (A) contains a
number of clusters of performances which were assigned by the ANN at various nodes for
all (n = 100) performances used to train the network. As the ANN analyses the performance,
it will assign it to a node. Similar performances will be assigned to the same node or an
adjacent one. The more dissimilar a performance is to those assigned to a cluster, the further
away it will tend to be assigned. By separating the performances by their NBME-assigned
ratings (high ratings in Figure 2B and low ratings in Figure 2C) the nodes that cluster high
versus low ratings can be seen. The major nodes are shown with lines pointing to their location
on the grid with the number of performances indicated at each node. The grid lines have been
removed in 2A and 2B.
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Table I. Comparison of performance clustering between specific nodes
of Network #1 with two independently trained networks (#2 and #3). All
clustering of performances was referenced to the Network #1 population
at each node
Network #1
nodes

n

Network #1:
Network #2

Network #1:
Network #3

Network #2:
Network #3

10
21
25
29
43/44
89

11
6
8
9
12
2

91%
50%
63%
56%
67%
100%

82%
50%
63%
56%
83%
100%

73%
100%
100%
33%
83%
100%

Although the comparison of performance clusters across a series of networks
provided evidence for a structured, non-random grouping of performances, there
were instances (such as at node 29) where the similarity in clustering with either of
the two independent networks was only fifty-six percent. The node 29 performance clusters on Network #1 were not retained between Networks #2 and #3,
since only thirty-three of the performances clustered among these two additional
networks. Combined, these data indicated that the reliability of performance clustering was variable across different neural networks for certain performances. This
variability suggested that the performance clusters at some nodes represented more
complexity than at other nodes.
U NDERSTANDING

THE PERFORMANCE - BASED STRATEGIES OF THE ANN

CLASSIFICATIONS

To better explore the complexity of clustering we observed and to further understand the student strategies assigned to these clusters, representative performances
were reconstructed as search path maps on the problem template as described in
Methods. Analysis of test usage alone revealed that the degree to which a student
searched within a limited set of clinical studies that were closely related to the site
of infection was associated with the overall rating (Figure 3). Performance ratings
of 7 and 8 (i.e. at nodes 43 and 44) were uniformly associated with the selection of a
series of many diagnostic studies associated with the site of infection (Figure 3A)
while performance scores below 3 (i.e. node 89) were associated with minimal
or no test ordering in that domain (Figure 3B). As expected, the lowest ratings
showed no usage in the critical test domain suggesting a failure to recognize the
exact source and cause of the infection.
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Figure 3. Limited search path maps for performances at node 43/44 and node 89. Search
path maps showing a specific group of tests crucial to solving the case are indicated as “tests
closely related to the site of infection.” Performances were selected based on where they were
clustered by the ANN: those at node 43/44 (A) also had high NBME-assigned ratings (7 or
8) and those at node 89 were rated as failures (B). Note the lack of specific usage of “tests
closely related to the site of infection” in (B).

While the neural network consistently clustered some performances in agreement with the NBME-assigned ratings, there were other nodes that contained a
range of performance ratings. This finding was characteristic of the cluster at node
29, which incidentally showed the most variability of clustering across networks
(Table I). The search path map analysis for this node (Figure 4) indicated the use of
excessive test item selections throughout several domains. The consistent feature
of these performances was the overuse of tests including serum lipid profiles,
urine tests, culture and sensitivity, and additional blood chemistries whether the
rating was high (Figure 4A) or low (Figure 4B). By comparison, the highly rated
performances at node 43/44 (see Figure 3A) were characterized by a more efficient
strategy with a minimal set of test selections by the examinees compared to those
at node 29. This data begins to show differences in performance behavior that can
be identified for two highly rated yet distinct groups of performances.
S ECONDARY NODAL OUTPUT FURTHER DEFINES THE QUALITY OF
PERFORMANCES
The disparate ratings seen at node 29 in this case prompted us to investigate the
possibility that there may be additional information within the network output
useful for characterizing the quality of these performances. Up to this stage, the
network output we had focused on for clustering performances was the node with
the highest output or “winning” node (the node at which a performance is ultimately clustered). There are, however, output values assigned to each node within
the 10 × 10 output grid for each performance which, if viewed, represent a full
topology of the output space. In the next series of experiments, instead of viewing
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Figure 4. Limited search path maps for performances at node 29. The performances at node 29
are presented by two groups of search path maps: those that were assigned high ratings by the
NBME (A) and those with poor ratings (B). A common feature of both types of performances
is the excessive ordering of tests by these students. The specific test items are shown for
comparison to performances at node 43/44 (Figure 3A) that were solved without the use of
the additional tests that characterize these performances.

the outcome of a performance only by its ANN-assigned winning node, all of the
outputs generated at the final step of the performance were visualized (Figure 5).
An analysis of the low- and high-rated performances at node 29 was undertaken
by visualization of the entire output generated at the last step of the problem solving
performance. A representative low-rated performance is shown in Figure 5A. The
output generated at the wining node (node 29) was approximately 2400 relative
units, and the next highest output area is characterized by a poorly-defined area
of output approximating nodes 22/23 and 32/33 (Figure 5A). In contrast, a highly
ranked performance (Figure 5B) at the same node (node 29) revealed a clearly
defined secondary peak with an output value at node 43/44 only slightly lower than
the primary peak. Through the visualization of the entire final output, it is apparent
that the high output at node 29 grouped the two performances by associating them
with excessive test usage, as was shown previously (Figure 4). However, the development of a significant secondary peak in a defined area associated with an area of
high ranking (i.e. node 43/44) served to differentiate the superior strategies from
the weaker strategies even at the same node.
D ISPARITY

IN ANN CLASSIFICATION CORRELATES TO HUMAN RATER
CLASSIFICATIONS

As described previously, the NBME develops scores for CCS with regressionbased modeling of clinician ratings. There are instances, however, where these two
ratings do not agree. We were interested in analyzing the ANN-derived classification of those performances where the NBME score for the case and the clinician
ratings of performance for the same case differed by two points on the 1–9 rating
scale. In general, we noted that there was agreement between the ratings when
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Figure 5. ANN output map of all nodes. All ANN outputs for two representative performances
that clustered at node 29 are shown: one with a low NBME rating in (A) and the other with a
high rating in (B). The “peaks and valleys” relate to the relative output at each of the 100 nodes;
the highest peak value is at node 29 (the winning node) where the performances are clustered.
Although the clustering is the same for both peroformances (they have the same primary
peak), note the difference in the development of a secondary peak in (B). This secondary peak
occurs at node 43 and indicates that this performance contained elements of a typical node 43
performance. This is verified by the fact that this performance was given a high rating. Note
the lack of secondary nodal output in (A) compared to the significant secondary peak at node
43 in (B).
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Table II. Comparison of NBME and independent rating systems where
disparity results in an absolute difference greater than two rating points
Student ID

NBME rating

Independent rating

Difference

Node

6243
4259
3265
2199
3341
9992
3350
6665

6
6
6
7
7
7
8
8

3.6
3.2
2.8
4.6
4.2
4.2
5.8
5.6

2.4
2.8
3.2
2.4
2.8
2.8
2.2
2.4

25
21
40
29
6
10
44
41

Table III. Comparison of NBME and independent rating systems for node
43/44 (ratings are 7 and 8)
Student ID

NBME rating

Independent rating

Difference

Node

1252
1549
2995
3350
3459
3639
4438
4535
6351
8861
9555

7
7
8
8
8
7
8
7
8
8
8

6.0
7.2
6.4
5.8
6.2
6.8
7.2
5.0
7.0
6.8
7.4

1.0
0.2
1.6
2.2
1.8
0.2
0.8
2.0
1.0
1.2
0.6

44
44
43
44
43
44
43
44
43
44
43

the overall rating was low (i.e. <5). Among the seventy-one performances with
ratings above 5, eight differed by 2 to 3.2 points (Table II); all others differed
by less. The individual nodes representing these performances also indicated this
disparity through a lack of clustering. Where the NBME ratings were high, there
was also agreement in the ratings. For example, where the two rating systems are
least disparate there is a great deal of clustering of performances such as at node
43/44 (Table III). Here, 92% (n = 12) of the performances had NBME ratings of 7
and 8 and independent ratings ranging from 5.0 to 7.4 (Table III).
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Figure 6. Novel test data output for the infectious disease case. The trained neural network
classified novel performances on 100 additional student perfomances. The node and number
of performances is indicated.

T ESTING

THE NETWORK WITH NOVEL PERFORMANCES

One advantage of unsupervised neural network topologies is that the training data
can also serve as testing data, a feature important for initial studies given the
limited size of the training set (100 performances). We wanted to ascertain how
the unsupervised neural network would be able to generalize from the training
data to novel performances. We used 100 additional third- and fourth-year medical
student performances on the same clinical case. The performances were analyzed
by the same method used previously. We observed that significant numbers of novel
performances were clustered at the same nodes as we had seen with the training
data (Figure 6). This indicated generalizability from the training data to the test
data.
The test performances had also been previously rated by the NBME using the
same criteria. To determine if the novel performance classifications also agreed
with the ratings predicted by the training set, we queried the test data for performances of low and high ratings. Performances from the test data set mainly clustered
at nodes 8 (n = 10), 10 (n = 9), 25 (n = 8), 29 (n = 22), 43 (n = 5), 44 (n = 4), and
89 (n = 5) (Figure 6). Performances clustered at Nodes 43 and 44 were associated
with high ratings as the training data analysis would predict, but also contained 7
ratings less than 6. Upon analysis of the low ranking performances (i.e. ratings <
4), lack of clustering (i.e. nodes with single performances) was observed in addition
to some clustering noted at nodes 29 (n = 22) and 89 (n = 5).
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Discussion
The idea of representing models of a cognitive process can be useful when
discussing procedures occurring through the acquisition and use of knowledge,
and it is this “mental modeling” process that we have addressed in our study. The
recurrent performance patterns or strategies that relate external events to what is
already known represent these models. Mental models are dynamic, continually
being updated and modified with experience in relation to a specific problem.
Such models may be rich and lead to an almost automatic retrieval of information when familiar cues are present, as exemplified by medical expertise. They can
also be sparse or contain invalid information, leading to uncertainties and perhaps
misconceptions. What makes a problem difficult for an individual is often related
to how closely a person’s mental model of a situation matches the demands of a
task or problem. For medical education and assessment, a major challenge is the
identification of features of the models that students use as they solve problems and
acquire knowledge.
Our approach to generating a neural network-based model of patient management knowledge was deliberately retrospective in approach. The nature of the case
and its rating by the NBME were unknown during the neural network training and
clustering of student performance. We felt this was important to generate a truly
performance-based model that reflected the strategic information and behavioral
aspects of problem solving. By utilizing unsupervised neural networks we were
able to detect performance patterns that showed consistency between the NBME
and neural network which reflected between these two systems. Strong agreement
between the neural network and CCS expert raters was observed at node 43/44
(Figure 2B), a high rating by expert raters could be predicted when the output
was assigned by the ANN to node 43/44. We have also observed this finding
across 3 additional CCS cases (data not shown) where clustering of highly rated
performances is a common feature.
We observed that performances with low ratings failed to show clustering
(Figure 2C) indicating high variability associated with poor strategies. The
poorly rated, divergent strategies reflect elements of inefficiency or error and are
expectedly difficult to classify. Compared to traditional testing approaches, it is
likely that the CCS format will lead to more random approaches when a mental
model is inadequate. This finding is consistent between the CCS expert raters and
the ANN models since low ratings reflect poorly cohesive and non-productive
strategies indicated by little if any clustering by the ANN (Table II). Moreover,
where there is concordance among CCS raters, there is a high degree of ANN
performance clustering (Table III).
Further consistency of the NBME model and the neural network model was
shown through the training of multiple networks where we noted retention of
performance clustering across two additional networks (Table I). These had been
trained under the same conditions as the first network, and we found that in four
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of the five major nodal outputs analyzed, greater than 80% similarity was found in
the performances (Table I). This finding could be verified with at least two of the
three networks analyzed.
Interestingly, there was low agreement in clustering across the three different
networks (less than 60%) for the performances at node 29 on Network #1
(Table I). When the search path maps for these performances were generated,
we observed that the network classification was based on an excessive number
of tests used (Figure 4). This suggested that among performances characterized by
many nonessential tests, there may be strategies, which simply reflect exhaustive
searches, as well as those that show the development of a productive approach
within, perhaps, a less focused strategy. In either case the element of uncertainty
is present, but the model allows for the distinction between these two different
outcomes.
Within these strategies clustered at node 29, there was a transition in performance behavior from totally unsuccessful to successful yet diverse approaches.
These transitions could be detected in the neural network’s output when the total
output was viewed for each type of performance (Figure 5). The significance
of the development of a distinct secondary output peak at node 43/44 indicated
that certain performances contained similarities to excellent performances (as in
Figure 3A). This is important when considering the true dynamic nature of learning
and comprehension where transitions in performance behavior indicate a learning
process.
We made two important observations upon testing novel performances of the
case with the trained network. First, the output nodes where novel performances
were clustered were similar to the performances from the training data. This proved
the utility of the ANN to cluster similar types of performances based on the training
data. Second, the testing data reaffirmed the consistencies between the CCS expertrater model and the neural network model since highly rated performances were
again associated with specific nodes (i.e. 43/44) and there was a lack of clustering
seen for poorly rated performances (Figure 6). The relevant clusters for the highly
rated performances were not as precise, however, as the training data would predict
since some performances with overall ratings less than 6 were classified to node
43/44. It is likely that a larger training data set or different ANN architecture will
allow for more precise discrimination and less variability in the generalization of
novel performances.
Many attempts have been made over the last several decades to capture the
cognitive structures utilized by students (McGaghie et al., 1996; Patel et al., 1995).
Several forms of assessment have emerged including qualitative cognitive mapping
(Stevens, 1991; Stevens et al., 1991) declared strategies through “thinking aloud”
protocols (Arocha et al., 1993), multidimensional scaling (de Bliek et al., 1984),
and the assessment of semantic structures (Bordage and Lemieux, 1991). Attempts
to reconstruct strategies have been most effective in dissecting the knowledge structures used by medical experts versus novices (McGaghie et al., 1996; Stevens and
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Lopo, 1994; Stevens et al., 1996) and between groups of medical specialists in
order to show transition through the learning process (McGaghie et al., 1994).
The attempts to create models of medical comprehension have attempted to
create a standardized clinical assessment environment, which had been difficult
to adopt universally for testing purposes (Livingston and Zeiky, 1982; Swanson
and Norcini, 1989; Van der Vleuten and Swanson, 1990). With the NBME’s CCS
project, a scoring algorithm using linear regression techniques to model clinician
ratings has provided a more practical means for scoring large-scale performance
assessment. Inherent to this method, however, is a mechanistic approach to assessment that may overlook certain unique patterns of behavior that do not fit within
an algorithm (Clauser et al., 1995).
ANN-aided assessment may serve to complement more parametric methods
where performance behaviors may guide the problem-solving approach. These
behaviors reflect the process of objective monitoring of tasks and comparing the
newly experienced cues with the knowledge base already formed through similar
learned experiences (Brown et al., 1983; Flavell, 1979; Mandin et al., 1997; Patel
et al., 1995; Ripley, 1996; Sugrue, 1994). Artificial neural networks could provide
a “snapshot” of the performance of a population of examinees, perhaps a particular
class at a certain point in time. Learning, as a continuous process, could be viewed
as a series of such snapshots revealing individual and group process. We are in the
process of pursuing longitudinal studies of problem-solving progress with groups
ranging from pre-medical students to highly-trained clinical specialists. As the
dynamic nature of learning is modeled, the realistic measures of performance can
be tracked for the benefit of students and educators.
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