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Using Cluster Analysis to Facilitate the Standard Setting Process
Abstract

The most popular methods for setting passing scores and other standards on educational
tests rely hegvily on subjective judgment. This paper presents and evaluates a new procedure for
setting and evaluating standards on tests based on cluster analysis of test data. The clustering
procedure was applied to a statewide mathematics proficiency test administered to seventh grade
students in a small urban/suburban school district. Content area subscores were derived from the
test spéciﬁcations to serve as clustering variables. Subsequent course grades in mathematics were
used to validate the cluster solutions and the stability of the solutions was evaluated using two
random samples. The three-cluster (K-means) solution provided relatively homogeneous
groupings of students that were consistent across the two samples and were congruent with
school mathematics grades. Standards for "intervention," "proficient" and "excellence" levels of
student performance were derived from these results. These standards were similar to those
established by the local school district. The results suggest that cluster analytic techniques may be
useful for helping set standards 6n educational tests, as well as for evaluating standards set by

other methods. Suggestions for future research are provided.
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Introduction

Standard setting, also known as setting "cutscores” on tests, is an important and enigmatic
problem in psychometrics. The past several decades have witnessed several technological
developments in testing, such as new theories and methods for developing, scaling, scoring, and
administering educational and psychological tests. Unfortunately, there have been few widely
embraced innovations in standard setting. The lack of acceptable methods for setting standards is
troubling because many tests involve standards, and important consequences are tied to them.

For example, in employment or licensure testing, scoring at or above a standard may make the
difference in earning a job, promotion, or license. When cutscores are used on tests, standard
setting becomes a critical validity issue. It directly impacts the validity of inferences derived from
test scores, and is related to all issues of test fairness and utility.

This paper presents a new methodology, based on cluster analysis, that can be used to help
set standards on educational tests. Like all standard setting procedures, the standards suggested
by the cluster analytic method are not absolute. Therefore, this method does not "solve" the
standard setting problem, but it does help inform the process.

Part of the problem in setting standards on educational and psychological tests is that the
test development and scaling processes typically order test takers along a continuous scale. Test
developers have become quite proficient at constructing scales with a pre-specified mean and
standard deviation, and at estimating the distances among test takers along this scale. The most
common scaling practice is to use the standard deviation of observed scores as the unit of

measurement for expressing the distance of test takers from the mean of the score scale.
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Assuming a normal distribution of the characteristic measured, test scores may be scaled by
computing a standard normal deviate of the form

z.%F (1)
where z is the standard normal deviate corresponding to score x, and u and o are the mean and
standard deviation of a norm group, respectively. Typically, these standard normal deviates are
transformed to a scale with a pre-specified mean and standard deviation. These processes result
in a continuous score scale. However, the standard setting problem is discrete. When cutscores
are used to classify test takers into one or more groups (e.g., distinguish between "passers" and
"failers"), score differences among examinees within each group are typically inconsequential.
When standards are set on tests, the fundamental scaling problem is not how to best order
examinees along a continuous scale; it is how to best partition test takers into the desired number
of (discrete) groups motivated by the purpose of testing.

Many test specialists have pointed out the problem of forcing discrete decisions on a
continuous score scale (e.g., Dwyer, 1996). Unfortunately, the use of a discrete scaling process
to classify test takers has not been widely investigated. One method for ordering examinees along
a discrete scale is to use cluster analysis. Cluster analysis could be used to group test takers into
homogeneous clusters with respect to the proficiency measured. Each cluster would comprise
examinees highly similar in proficiency. These clusters could then be ordered in a manner
congruent with the a priori groupings defined by the standard setting problem. The logic

underlying this method is explained further in the next section. Subsequently, the results of an

application of this method are presented and critiqued.
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lin rs Usi 1

Cluster analysis could be used in several ways to classify test takers into meaningful and
qualitatively different proficiency groupings. Using a partitioning method such as K-means
clustering, distances among homogenous groups of examinees (clusters) could be computed by
determining the distance of each test taker to the center of each cluster, The center of each
cluster is represented by a vector of means (called the cluster centroid) corresponding to the
variables used to cluster the test takers. Each test taker is assigned to a cluster by computing the
distance between the test taker and each cluster, and assigning her/him to the “closest” cluster.
This type of scaling has two obvious differences from traditional psychometric scaling. First, the
distances among test takers is not determined from a single mean, but rather from a vector of
means. Second, rather than placing test takers on a continuous scale, test takers are placed into
one of a discrete number of clusters. The standard setting problem then becomes identifying
which clusters correspond to the proficiency groupings invoked by the standard setting and test
development processes.

A meaningful cluster analysis solution could inform the standard setting process in several
ways. For example, the investigator could examine the cluster solution in searcﬁ of a cluster of
"borderline" examinees. If such a cluster is found, the scores of these borderline test takers could
be used to derive a cutscore (e.g., the median test score of these borderline examinees becomes
the cutscore). Inspecting such clusters may also prove helpful for envisioning or determining
borderline examinees as they are conceptualized in Angoff-type standard setting studies.
Alternatively, the cluster solution could be inspected to determine whether specific clusters of

examinees emerge such as "passers," "failers," "masters," etcetera.
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The logic underlying the use of cluster analysis for setting standards is clear and intuitively
appealing. However, the procedure has two conspicuous limitations. First, because it focuses on
analysis of test response data, no standards can be set higher or lower than the test takers actually
performed. The procedure will suggest standards based on what test takers can do, rather than
according to what they should do. Although this limitation is serious theoretically, it is unlikely
that a test would be constructed so far above or below examinee performance levels that 7o test
takers exhibit expected standards of performance. The second obvious limitation stems from the
fact that clustering procedures will cluster the data regardless of whether truly different groups of
examinees are present. For this reason, an external criterion (i.e., a variable not used to cluster
objects, but related to true cluster structure) is always needed to validate the cluster solution, and
help justify that the resulting clusters are qualitatively different from one another.

It should also be noted that unlike traditional applications of cluster analysis, when cluster
analysis is used to inform the standard setting process, the goal is not to uncover the “true”
cluster structure of the data. . Rather, the goal is to identify the optimal partitioning of the
examinee population that best corresponds to desired a priori proficiency groupings.

Method
Instrument

The Connecticut Mastery Tests

The test data analyzed come from a non-mandated component of the Connecticut Mastery
Testing Program, which is a statewide basic skills testing program in reading, writing, and
mathematics. The primary purposes of the Connecticut Mastery Tests (CMT) are to identify

students in need of remedial instruction and to monitor students' attainment of expected standards
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of achievement. All public school studénts in Connecticut entering fourth, sixth, and eighth
grades are required to take these tests by the Connecticut State Department of Education
(CSDE). The CMT is designed to assess how well each student is performing with respect to
skills identified as important for them to have mastered. Three standards of performance are
established in grades four, six, and eight to identify "intervention," "proficient," and "excellence"
levels of performance. These standards were established by the CSDE using a modified Angoff*
standard setting procedure (CSDE, 1994). Voluntary editions of the CMT were also developed
by the CSDE for students in third, fifth, and seventh grades. However, State standards are not
available at these grade levels. Thus, if they choose to use these non-mandated tests, local school
districts are encouraged to develop their own standards for intervention, proficient, and excellence
levels of performance.

This study analyzed test data from the grade seven matﬁematics section of the CMT
administered to students in a local urban/suburban school district. This mathematics test
comprised 134 items; 110 of the items were multiple-choice, 8 required examinees to "bubble in"
a numerical answer, and 16 were open-ended requiring completion of a problem. Nine of the
open-ended problems were scored on a three-point scale; all other test items were scored
dichotomously (right/wrong). Thus, the total scores on the test could range from zero to 143.
The test measured 34 mathematics objectives comprising four global content areas: concepts (24

items), computation and estimation (36 items), problem solving/applications (54 items), and

*The modified Angoff standard setting procedure involves the use of subject matter experts to
inspect all test items and provide judgments regarding the probability of success (or expected score) of
"borderline" test takers on each item. Standards are derived by averaging these ratings over judges. See
Cizek (1996) or Livingston and Zieky (1982) for more complete details.

8
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measurement/geometry (20 items).

To establish the intérvention, proficient, and excellence standards on this test, the local
board of education used interpolated percent correct scores (percentage of items answered
correctly) that best matched the CSDE cutscores on the mandated sixth and eighth grade
mathematics examinations (established using the modified Angoff procedure). For example, if the
percent correct score for the excellence standard was 88% for the eighth grade test and 90% for
the sixth grade test, the locally-established standard for excellence was the score that represented
a percent correct score of 89%. Using this process, the cutscores of 71 and 112 were used to
distinguish between intervention/proficient and proficient/excellence levels of performance,
respectively. Using this process, the percentages of students classified in each of the three
performance levels was similar across the three grade levels.

Subjects

The data for all seventh grade students tested in the school district were analyzed (n=818).
Eight students who earned a raw score below 27 (which is the score expected by guessing alone)
were eliminated from the analysis because these scores may signify non-serious test taking
behavior and could adversely affect the cluster solutions. The final sample comprised 810
examinees. The internal consistency reliability of the scores for these students was high («=.97),
which was expected given the large number of test items. The mean raw test score was 93.3 and
the standard deviation was 29.3. Using the standards described above, 27.2% of students in the
data set scored in the intervention category, 40.2% scored in the proficient category, and 32.6%
scored in the excellence category.

To evaluate the stability of cluster solutions across different samples of examinees, two
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random samples (without replacement) were created from the original data file. Each sample
contained 405 examinees, and are referred to as sample A and B, respectively.
Procedure

Clu riabl

There are at least three options for selecting the variables to be used to cluster test takers:
1) use all individual items comprising the test, 2) use orthogonal factor scores obtained from item-
level factor analysis, or 3) use subscores derived from items comprising the major content areas of
the test. Given the large number of items comprising the test, the high inter-correlation among
the content areas, and suggestions based on previous research (Milligan, 1995; Sireci & Robin,
1996; Sneath, 1980), the third method based on content area subscores was used. Subscores for
each of the four content areas measured by the test (concepts, computation and estimation,
problem solving/applications, and measurement/geometry) were used as the input variables for all
cluster analyses. These subscores were computed for all students by summing their item scores
within each content area. This strategy modeled the test content specifications, which reflected
the content areas deemed important by the curriculum specialists who designed the test. The four
subscores were highly correlated ranging from .75 (correlation between co’ncepts and
measurement/geometry) to .88 (correlation between concepts and problem solving). The content
area subscores were standardized (u=0, 0=1) prior to clustering to account for differences in the
raw score scales due to the different number of items in each content area (20 to 54 items).

Tile distribution of test scores was inspected visually to determine if modes or gaps existed

in the data that correspond to proficiency groupings of examinees. A histogram of test scores is

10
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presented in Figure 1. As is typical of the standard setting problem, no clear gaps appear in the
data. Scatterplots indicating the relationship among the subscores were also evaluated to
determine the most appropriate type of clustering method to use. No well-separated clusters were
observed, although there were some regions of the multidimensional space that contained
relatively tight groupings of examinees.
[Insert Figure 1 About Here]

Clustering procedures

Both hierarchial and K-means cluster analysis procedures were used in this study. The
hierarchical procedures were conducted as a preliminary step in determining the number of
clusters to fit to the data in the subsequent K-means analyses. In all cluster analyses, the distances
among students, or among students and clusters were computed using the Euclidean distance

formula:

d, \J :l(xia' X,,) 2 2

where d; is the distance between two entities / and j (such as between examinees i and j, or
between examinee i and cluster ), x;, is the score of examinee i on measure a, and r is the total
number of measures used to form the clusters.

Because K-means cluster analysis requires specification of the number of clusters in
advance, hierarchical cluster analyses (HCA) were initially performed on each sample to help
determine the approximate number of clusters in the data. Euclidean distances were computed

between cases (based on the four content area subscores), and Ward's (1963) method was used to

cluster examinees. Ward's method was chosen because it tends to produce relatively dense

11
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clusters, which were expected due to the relatively tight groupings of examinees observed in the
multivariate content area scatterplots. HCA begins by treating each student as a separate cluster
and sequentially merges students into clusters until all students comprise a single cluster. The task
for the investigator is to determine the stage at which clusters that are different are merged. The
C-index (Dalrymple-Alford, 1970; Hubert & Levin, 1976) was used to help determine the
appropriate number of clusters in the HCA and K-means solutions. This descriptive index reflects
the internal cohesion of the cluster solution and has performed well under simulation conditions
when the true number of clusters was known (Milligan, 1980, 1981; Milligan & Cooper, 1985).

The equation for the c-index is

. _ % - mind) 3)

max(d,) - min(d,)

where d,, is the sum of within-cluster distances across all clusters comprising a given solution (i.e.,
sum of all distances of each student from the cluster centroid to which s/he belongs), max(d,) is
the sum of distances for the cluster whose within-cluster distances are largest (i.e., the most
heterogeneous cluster of a solution), and min(d,)) is the sum of distances for the cluster whose
within-cluster distances are the smallest (i.e., the most homogeneous cluster of a solution). The
minimum value of the C-index calculated for competitive cluster solutions indicates the “best”
solution in terms of minimizing within-cluster distances and maximizing between cluster distances.
However, this index is a descriptive statistic, and does not always reveal the true cluster
structure.

A disadvantage of HCA is that early inefficient cluster assignments cannot be corrected
later in the algorithm. For this reason, the HCA analyses were considered preliminary and a K-

means procedure was used to partition the students. The K-means algorithm is iterative and so

12
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students can be shifted from one cluster to another unfil a "min/max" convergence criterion is
reached (minimizing within cluster distances and maximizing between cluster distances). K-means
cluster analysis requires a priori specification of the number of clusters fit to the data. The Q-
cluster solution (where Q represents the number of clusters) that resulted in the minimum value of
the C-index for the HCA provided an estimate of the number of homogeneous clusters in the data.
Subsequently, Q-2 to Q+2 K-means cluster solutions were obtained.

The "K" in K-means clustering corresponds to the number of variables used to cluster the
test takers, so in this study K=4. The centroid of each cluster is defined by a vector of the four
means, and distances of the students to the cluster centroid were determined using equation 2.
The hierarchical and K-means cluster analyses were conducted using SPSS for Windows, version
6.0 (SPSS, 1993). The K-means algorithm within SPSS uses Anderberg's (1973) nearest centroid
sorting method. The convergence criterion used was a maximum distance change of less than
.001 by any cluster center between two sequential iterations.

idatin | luti

The final grades obtained by the students in their mathematics courses were used as
external criteria to validate the cluster solutions. Complete grade data were available for 774 of .
the 810 students (96%). The final grades were reported on a five-point scale ranging from "F" to
"A;" however, there were three educational tracks within three of the schools. To account for the
different educational tracks, two points were added to the grades of the students in the
accelerated ("high") track and one point was added to the grades of the "typical" track students.
Thus, the recoded grades ranged from one to seven. The fourth school in the sample was a

magnet school that did not use separate educational tracks. The grades for these students were

13
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adjusted by one point to fall in the "typical" educational track range. Although this recoding
scheme is not perfect, it provided improved information regarding the mathematics achievement
of the students in comparison to the unadjusted grades. An illustration of how the grades were
recoded is presented in Table 1. The correlation between total scores on the test and the recoded
mathematics grades was .72. Although recoded or unadjusted school grades are not a perfect
achievement criterion, they do represent an independent mechanism for describing differences in
mathematic achievement among the students that is useful for evaluating the cluster solutions.
[Insert Table 1 Here}

To evaluate the cluster solutions, one-way ANOVAs were conducted on the K-means
solutions using cluster membership as the independent variable and school mathematics grade as
the dependent variable. This analysis represented an external evaluation of the solutions because
grades were not used as a variable to cluster examinees. In addition, cross-tabulations were
computed between cluster membership from the cluster solution and final grade. The relationship
between cluster solution membership and reched mathematics grades was used to help determine
the most appropriate cluster solution. Cluster solutions that partitioned the students in a manner
congruent with their final grades were considered to be valid. Contrariwise, cluster solutions that
partitioned students with similar final grades were considered to reflect an “over-clustered”
solution. A further criterion for evaluating the solutions was stability across the two samples in
terms of cluster profiles.

Descriptive test score statistics were computed separately for each cluster within a

solution. The median, minimum, and maximum test scores within each cluster were used along

14
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with the cluster centroids to determine whether an observed cluster of students could be classified
as intervention, proficient, excellence, or borderline. It was hypothesized that establishing the
passing standard would be dependent upon the type of clus-ter solution observed. If the solution
clearly separated two groups, such as intervention students and proficient students, the passing
score would be set somewhere between the maximum and minimum test scores of these two
groups, respectively. If a cluster of "borderline" students was observed, it was hypothesized that
the median value of the total test score for these students could be used as the passing standard.
To evaluate the appropriateness of where the standards were placed, the correlation between
classifications based on the cluster analysis and average course grade were computed. These
correlations served as an index of the congruence between classification decisions made on the
basis of the cluster analyses and those made by the teachers (i.e., teachers' grades).
Results

Hi hical CI \nal

The C-indexes computed for the two- through six-cluster HCA solutions for both samples
of students are presented in Table 2. The results were equivocal across the two samples. The
two- and four-cluster solutions exhibited the smallest C-indexes for sample A, and the three-
- cluster solution provided the smallest C-index for sample B. Based on these results, sﬁbsequent
2- through 6-cluster K-means solutions were computed for both samples.

[Insert Table 2 About Here]

K-means Cluster Analyses

C-indexes were also calculated to compare the K-means cluster solutions. These results

are presented in Table 3. The C-index was not consistent across the two samples. It was lowest

15
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for the 6-cluster K-means solution for sample A, and the 4-cluster K-means solution for sample B.
Thus, the criterion of internal cohesiveness was not particularly helpful for determining the best
cluster solution.

[Insert Table 3 About Here]

Descriptive statistics for the K-means cluster solutions are presented in Table 4. The
second column in Table 4 lists the clusters in each solution and indicates whether it is from sample
A or B. The third column gives the proportion of the 405 students in the cluster. The next three
columns give the median, minimum, and maximum test scores for the students in each cluster.
The last four columns report the cluster centroids, which are the means on each of the
standardized content area subscores for all students within the cluster. In evaluating the stability
of the cluster solutions across the two samples (in terms of cluster centroids and descriptive test
score statistics), consistency is most evident for the two- and three-cluster solutions. The
similarity across samples tended to decrease as the number of clusters in the solution increased.
The median test scores for the different groups within a cluster solution are very similar across
samples A and B for the two- and three-cluster solutions, as are the minimum and maximum
scores.

[Insert Table 4 ABout Here]

The results of the one-way ANOV As, which tested for vsigniﬁcant differences in school
math grades among all clusters within a solution, are presented in Table 5. The last column in
Table 5 indicates whether all pairwise comparisons between clusters within a solution were
statistically significant using the Scheffé post-hoc comparison procedure, with a within-cluster

(familywise) alpha equal to .05. The conservative Scheffé procedure was chosen due to the

16
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relatively large sample sizes. Although the power of detecting a statistically significant difference
decreases as the number of clusters within a solution increased, the sample sizes for clusters
within the higher-cluster solutions were considered sufficient for detecting a statistically
significant difference. [The smallest cluster (sample) sizes for the four-, five-, and six-cluster post
hoc analyses were 79, 64, and 38, respectively.] For both samples A and B, the clusters arising
from the two-, three-, and four-cluster solutions were statistically significantly different from one
another in terms of recoded math grades. All pairwise comparisons were not statistically
significant for the five- and six-cluster solutions. These results suggest that additional clusterings
beyond the four-cluster solution are segregating students that may not be very different from one
another in terms of school math grades.

[Insert Table 5 About Here]

Given the variability of the C-indexes across samples, evaluation of the cluster stability
across samples, and the ANOVA results, the two-, three-, and four-cluster solutions appear
appropriate for these data. Comparisons of the maximum and minimum scores between the lower
and higher proficiency groupings indicated that the three- and four-cluster solutions would
provide intervention/proficient classifications in a manner more consistent with cluster
membership than would the two-cluster solption. In comparing the three- and four-cluster
solutions, it appears that four-cluster solution adds a "borderline" cluster between what may be
considered the intervention cluster and the proficient cluster. Although either the three- or four-
cluster solution could be used to determine the cutscores, the three-cluster solution was chosen
because the number of clusters in the solution matched the number of proficiency groupings for

which the test was designed to identify. Thus, focusing on the overlap among these three clusters

17
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paralleled the potential overlap among the proficiency groupings used by the school district. In
addition, the three-cluster solution exhibited greater similarity across samples A and B, in
comparison to the four-cluster solution.

To evaluate how well the three-cluster solution grouped students according to their
rescored mathematics grades, cluster membership Qas cross-tabulated with rescored grade, and
the correlation between the three ordered proficiency clusters and rescored grade was calculated.
Table 6 presents the cross-tabulation separately for sample A and B. Across both samples, no
students with rescored grades of "7" (the highest possible grade) were grouped into the
"intervention" cluster, and no students with grades less than "3," were grouped into the
"excellence" cluster. The Spearman rank-order correlation between the ordered clusters and
rescored grades was .69 for both Samples A and B. Given the different educational tracks noted |
across the schools, it appears that the three-cluster solution grouped the students well in terms of
their in-school mathematics achievement.

[Insert Table 6 About Here]
Setting the cutscores

Using the three-cluster solution; the minimum score for the "middle" proficiency cluster
(cluster 2) was 73 for sample A and 72 for sample B, while the maximum values for the lowest
proficiency cluster (cluster 1) were 75 and 78, respectively. Thus, the score interval 72-to-78
appears to be the best place to establish the intervention/proficient cutscore. The maximum score
values for the middle proficiency cluster were 112 and 111 for samples A and B, respectively.
Looking at the highest proficiency cluster (cluster 3), the minimum scores achieved by these

students were 107 and 104 for the two samples. Thus, it appears the best location for the

18
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proficient/excellence cutscore is somewhere within the 104-to-112 score interval.

To derive sensible cutscores within these two intervals, samples A and B were combined
and the median total test score for examinees within these two intervals were calculated. The
median test scores of students scoring in th¢ lower interval was 75. Thus, a test score of 75 was
used as the intervention/proficient cutscore. The median test score of students scoring in the
upper interval was 107, which was used as the proficient/excellence cutscore. These two
cutscores are close to those established by the local school district for this test (71 and 112,
respectively). In comparing the two sets of cutscores, the cutscores derived via cluster analysis
classified 3.8% more students as intervention, 9% fewer students as proficient, and 5.2% more
students as excellence than did the cutscores established by the local board of education. Thus,
using the cluster-analytic derived cutscores, fewer students meet the proficient standard, and more
students meet the excellence standard.

To evaluate these standards empirically, the standards derived from the cluster-analytic
solution were compared to those established at the local level. First, the students were
categorized into one of the three proficiency groups according to the cutscores derived by the
local school district. The Spearman rank-order correlation between these locally-derived
groupings and those derived using the clustering procedure was .95. Next, Spearman correlations
between the classifications made based on the different standard setting procedures and course
grades were computed. The standards derived using cluster analysis correlated .69 with the
rescored grades; the correlation observed for the standards established at the local level was .68.
In addition, the classifications resulting from these two different methods (i.e., using the two

different sets of cutscores) exhibited similar correlations with the total test score (.94 for the

13
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cluster-analytic standards and .93 for the locally-established standards). In general, the standards
set using the two different methods exhibited similar relationships with the rescored grades and
total test scores.

Using the graphing procedures suggested by Friedman and Rubin (1967), the cluster
memberships for the sample A students are presented visually in Figure 2. This figure plots the
students in the two-dimensional space determined by their coordinates on two discriminant
functions. The functions were calculated by performing a discriminant analysis using the content
area subscores to predict cluster membership. The Friedman-Rubin procedure circumvents the
difficulty of plotting students in the original four-dimensional content area subscore space. As is
evident in Figure 3, there is essentially no overlap across clusters. However, students alongside
the "borders" of adjacent clusters are very close to one another. Only sample A students are
plotted to make the plot easier to decipher. The scatterplot for sample B (not shown) tells
essentially the same story. The Friedman-Rubin plot indicates that there is little or no overlap
among the clusters with respect to test performance, but that the maximum and minimum students
in adjacent clusters are very similar to one another. These students who are close to one another,
but belong to different clusters (located primarily above the -2 and +2 points on the x-axis in
Figure 2) represent those "borderline" students whose median test scores were used to derive the
cutscores.

[Insert Figure 2 About Here]
Discussion
This 5tudy represents the second evaluation of the utility of cluster analysis for helping set

standards on educational tests. Sireci (1995) found that cluster analysis was useful for evaluating
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the passing standard established on a high-stakes writing skills test used to award high school
equivalency degrees to adults taking the Tests of General Educational Development. This study
extended the previous work by evaluating a test involving two cutscores, and evaluated the
cluster solutions using a more defendable external criterion (actual course grades rather than self—
reported grades). Taken together, the results of these two studies indicate that cluster analysis
appears useful for both evaluating currently established standards and for helping determine where
standards should be set on educational tests. However, research in this area is just beginning and
it is clear further study is warranted.

The results of this study suggest that cluster analysis may be a useful tool for helping
decide where cutscores should be set. However, like all standard setting methodplogies, cluster
analysis does not provide “absolute” information regarding the “best” cutscore. As the results of
this study illustrate, standard setters have at least three difficult tasks when using cluster analysis
to help establish cutscores. First, they must identify meaningful cluster solutions; second, they
must compare solutions and select the one that appears most appropriate for setting standards;
and third, they must determine how to best use the accepted solution for establishing cutscores.
In this study, a three-cluster solution was chosen, and the median scores of students from different
clusters who were adjacent to one another were used to set the two cutscores. These decisions
seemed sensible given the purpose of the testing and the criteria of replicability and external
validation. However, other decisions were possible and defensible (e.g., using the median scores
of students comprising cluster number 2 from the four-cluster solution as the
intervention/excellence cutscore). Although a three-cluster solution was used in this study to

partition the students into the three desired groups, the number of clusters in a solution does not
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necessarily need to equal the number of groups invoked by the standard setting process. For
example, Sireci (1995) used a four-cluster solution for the purpose of evaluating pass/fail
decisions.

Setting standards by clustering examinees offers some advantages over methods
dependent solely on ratings from subject matter experts (SMEs). Two major criticisms of the
SME-based procedures are lack of stability of the standards across different groups of SMEs, and
questions regarding whether SMEs are actually able to make comprehensive judgments regarding
the probable performance of "borderline" examinees (Angoff, 1988; Cizek, 1993, Plake, 1996;
USGAO, 1993). Although methods relying on SMEs are currently the most popular standard
setting methods, they have not been able to address these criticisms. The cluster analytic
procedure does not suffer from these limitations because the stability of the cluster solution can be
evaluated directly by replicating the analyses over two or more samples, complex ratings of test
items are not required, and subjective opinions regarding hypothetical borderline examinees are
not required. Instead, the cluster solutions are useful for actually discovering who the borderline
examinees are. For example, the three-cluster solution accepted in this study revealed three
distinct groups of studerits: one group relatively low across all four content areas, one group
relatively high across all four content areas, and one group in between these two extremes (see
the last four columns of Table 4). Future applications of this procedure could employ SMEs to
assist in evaluating the cluster solutions and help determine the clusters that correspond to
meaningful proficiency groupings.

o ng V. Strict Criterion-ref .

The cluster analytic approach also holds several advantages over approaches that rely
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entirely on criterion data from a subset of the examinee population (Livingston & Zieky, 1982, p.
51). For example, a strict external criterion approach could be applied to the mathematics test
analyzed here by retrospectively using the median test score of students in the remedial track for
the intervention/proficient classification, and the median test score for the high track students as
the cutscore for the proficient/excellence classification. Applying this method to the present data
uses only 31.1% of the original sample (5.7% for the intervention/proficient classification and
25.4% for the proficient/excellence classification).

The strict criterion-referenced method described above wa; compared with the cluster
analytic method. The median test score for the remedial students was 53.5, and the median test
score for the high track students was 127. Using these medians as cutscores, the resulting
classification decisions exhibited a Spearman correlation of .57 with the rescored grades, which
was much lower than those observed for the cluster-analytic and locally-derived methods (.69 and
.68, respectively). The classification decisions based on using these medians as cutscores
classified only 10.1% of the students as intervention and only 17.4% of the students as excellence.
A comparison of the percentage of students that would be placed in each category by the three
different standard setting methods is presented in Table 7. This comparison illustrates that the
cluster analytic procedure identified more students as intervention and excellence than did the
other two procedures. The strict criterion-referenced approach classified the fewest examinees in
these two categories. If the CMT is used t6 refer students for consideration of placement into
remedial or advanced instruction, then the cost of referring a student who may not need the
instruction is far less than the cost of not referring a student who may benefit from special

instruction (assuming students are further evaluated after referral). Thus, the classification
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decisions based on the cluster analysis seem best, given the primary purpose of the assessment.
[Insert Table 7 About Here]

Aside from the difference in the students who are classified into the three proficiency
groupings, there are at least two other factors supporting use of the cluster analysis procedure
over an entirely criterion-referenced procedure. First, is the difference in the number of
examinees who are used to establish the passing standard. The clustering procedure utilized the
entire sample, whereas the strict-criterion method ignored 69% of the examinees. Second, and
more importantly, the criterion method places complete faith in the external criterion. This
conviction would not be a problem if perfect criterion data were available. Unfortunately, such
criteria rarely exist in practice. In fact, if teachers' course grades could be used to make reliable
classification decisions, tests like the CMT would not be needed in the first place. In contrast, the
cluster analysis procedure models the content specifications of the test, which represent the
mathematics content areas deemed important by the curriculum specialists involved in developing
the test. The cluster analysis method does not use criterion data in establishing the standard,
rather, it uses criterion data to help identify the most appropriate cluster solution. In so doing, the
procedure provides validity information for both the test and criterion.

Correlation of Cluster Variables

The results suggest that subscores derived from the test based on global content areas (the
same method used by Sireci, 1995) are appropriate and useful for clustering examinees. It does
not appear that the high intercorrelation among the subscores led to a misleading cluster solution.
However, to evaluate whether uncorrelated cluster variables would provide better results,

principal components were extracted from the inter-item correlation matrix and factor scores on
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these components were computed for the students. The K-means cluster analyses using these
uncorrelated factor scores provided results that were very different, and much less useful, than
those derived using the content area subscores. The clusters derived using factor scores exhibited
substantial overlap across clusters and were not strongly related to meaningful proficiency
groupings of students. Therefore, for these data, using uncorrelated subscores did not improve
clustering results. However, future applications of cluster analysis should consider factor scores
as an option to content area scores for clustering examinees, especially when the assessment may
measure several disparate knowledge and skill areas.
Performance of the C-index

The grade data used as external criteria were given more weight in evaluating the cluster
solutions than were the C-indexes. The C-index was useful for providing a range of potential
cluster solutions. However, its efficiency in determining the true cluster structure of simulated
data (e.g., Milligan, 1981; Milligan & Cooper, 1985) was not observed for the present data. The
differences between the nature of the current and simulated data probably explains this finding.
The current study involved partitioning a large, continuously distributed sample of objects,
whereas the simulation studies have used much smaller sample sizes and data sets involving non-
overlapping clusters. For these reasons, the external criterion data were deemed more
appropriate for selecting the best cluster solution.

This study took a different perspective on standard setting from that currently found in the
psychometric literature. When standards are set on educational tests, classification decisions are
made, regardless of whether true, homogeneous clusters exist in the examinee population. The

results of this study reveal that cluster analysis of the examinee population provides new
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information regarding where the passing score should be set. The cluster analysis approach does
not completely remove subjectivity from the standard setting process, but rather provides SMEs
and test developers with a quantitative method for determining qualitatively different groups of
test takers.

An attractive feature of the approach used in this study is that intervals were first identified
for the cutscores, rather than specific score points. The median score of students within these
intervals were chosen as the cutscores. This practice is similar to the idea that "borderline"
examinees should be considered in making standard setting decisions. However, other strategies
for determining the cutscore within a score interval are possible. In any event, provision of a
cutscore interval, rather than a single point, provides flexibility to standard setters who must
consider political, resource, and other factors when deciding where to set the standards.

Future research should explore other methods for deriving cutscores from cluster analysis
solutions. For example, given a score interval that seems to best separate clusters differing in
proficiency, the score within this interval that is associated with the greatest test information (i.e.,
lowest conditional standard error of measurement) may be chosen as the cutscore. Thus,
clustering approaches should be combined with emerging abproaches for scaling and setting
standards on educational tests to produce optimal results. In addition, the generalizability of the
clustering approach needs to be further investigated with different types of tests and score
distributions.

Another attractive feature of the clustering approach is the absence of a unidimensionality
requirement, which has proved problematic in other standard setting procedures. Thus, the
cluster-analytic approach appears promising for emerging performance assessments, which often

depart from unidimensionality. An interesting side observation noted by Sireci (1995) is that by
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cluster analyzing examinees, groups of test takers with relative strengths and weaknesses across
the different content areas may be observed, even when factor analysis of the test data indicate the
test is measuring a unidimensional construct. Thus, cluster or factor analysis of examinees, rather
than items, may provide new insights regarding test dimensionality. For all the clusters derived in
Vthis study, the cluster centroids revealed simi]ar patterns across the four content areas comprising
the test. This finding supports the conclusion that the test is unidimensional. However, in the
Sireci (1995) study, different centroid patterns emerged revealing qualitatively different types of
student-by-content area interactions. These types of interactions suggested multidimensionality,
even thougﬁ linear and non-linear factor analyses of the item response data indicated the test was
essentially unidimensional.

Two features of the present study are critical for future applications of the procedure. The
first is evaluating the stability of the cluster solution across samples; the second is external
validation of the solutions. These two evaluations are necessary to ensure that the cluster
solutions are stable and meaningful, rather than artifactual. Future applications with larger sample
sizes should consider replicating the analyses over several samples.

The increasing consequences and stakes associated with educational and psychological
tests demand increased rigor and accountability in the standard setting process. The results of this
study indicate cluster analysis is a useful technique for psychometricians to add to their arsenal of
standard setting procedures. Future research should evaluate the utility of these procedures with
respect to other emerging procedures such as the dominant profile method (Putnam, Pence, &
Jaeger, 1995). Cluster analysis is an under-utilized technique in educational measurement. Its

application to the standard setting problem appears to be an area of great promise.
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Table 1
Recoding of Final Grades to Account for Educational Tracks
riginal
Recoded Grade F D C B A
High Track Student 3 4 5 6 7
Typical Track” Student 2 3 4 5 6
Remedial Track Student 1 2 3 4 5

Note: Includes all students from the magnet school.
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Table 2

C-indexes for Hierarchical Cluster Analyses

lution Sample A Sample B
2-Clusters ' 3.8! 38.0
3-Clusters 4.5 1.9
4-Clusters 3.8! 2.9
5-Clusters 4.6 32
6-Clusters 11.0 4.0

Note: The smallest C-index indicates the best cluster solution.
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Table 3

C-indexes for K-means Cluster Analyses

Solution Sample A Sample B

2-Clusters 61.1 48.0
3-Clusters 18.6 75
4-Clusters 9.0 5.6
5-Clusters 13.8 8.6
6-Clusters 7.8 9.4

Note: The smallest C-index indicates the best cluster solution.
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Table 4: Summary of K-means Cluster Analyses Using Content Subscores

Cluster Cluster/ Prop.in Median Min. Test Max. Test Comp./ Probl Meas./
Solution Sample Cluster Tst. Scr. _ Score Score Concepts [Estimt. Solving _Geom.
2 1A 47 68 33 95 -9 -8 -9 -8
2A .53 122 87 142 .9 .9 .9 .8

1B .49 68 31 93 -8 -8 -8 -9

2B Sl 117 87 143 ) ) 8 N

3 1A 31 59 33 75 -1.1 -1.1 -1.2 -1.0

2A 33 94 73 112 0 .0 .0 .

3A .36 128 107 142 1.1 1.1 1.1 1.1

1B 33 60 31 78 -1.1 -1.1 -1.1 -1.0

2B .34 91 72 111 .0 .0 0 1

3B 33 123 104 143 1.0 1.0 1.0 1.0

4 1A .20 52 33 64 -1.4 -1.3 -1.4 -1.2
2A 25 76 63 93 -5 -5 -5 -6

3A .26 104 81 122 4 3 4 3

4A .29 130 116 142 1.2 1.2 1.2 1.2

1B 28 59 - 31 72 -1.1 -1.2 -1.2 -1.1

2B 25 82 68 99 -3 -3 -3 -4

3B .27 108 95 122 S S 6 . 4

4B 21 131 117 143 1.2 1.2 1.1 1.2

5 1A .16 49 33 60 -1.5 -14 -1.5 -1.2
2A .19 70 56 79 -7 -8 -8 -7

3A 17 87 78 98 -2 -2 -1 -3

4A 21 107 926 122 S S S 4
SA .28 131 116 142 1.2 1.3 1.2 1.2

1B .16 52 31 62 -14 -1.4 -14 -1.1

2B 22 69 58 84 -7 -7 -6 -9

3B .19 90 72 102 -1 -1 -1 .0

4B .24 111 100 124 T . .6 v 4

SB 19 132 117 143 1.2 1.2 1.2 1.3

6 1A - .11 46 33 55 -1.5 -1.5 -1.6 -1.4
2A 17 63 51 75 -1.1 -1.0 -1.0 -7

3A .09 80 62 95 -4 -2 .0 4

4A 15 90 73 105 -3 -4 -4 -8

SA 21 108 91 123 .6 S 5 3

6A 27 131 116 142 1.2 - 1.2 1.2 1.2

1B 11 52 31 64 -1.3 -14 -1.4 -1.3
2B .19 68 54 85 -8 -9 -7 -6

3B 17 83 69 99 -2 -1 -3 -8

4B 11 98 85 116 .0 .0 2 .6

5B .18 111 97 124 v .6 v 2

6B 20 131 115 143 1.2 11 1.1 13
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Table 5: Within-Cluster Math Grade Mean Comparisons

Cluster Mean All Pairwise
Solution Cluster Number Sample Grade Significant?
2 1 4.1
2 58 yes

> >

41
5.6 yes
3.9
49
6.1 yes

VS
w[\)v—tmv—t
b g gl -~

3.8
49
59 yes
3.8
44
51
6.3 yes

S
W N = N
oo w

3.7
4.6
54
6.2 yes
3.8
4.1
47
52
6.3 no

w
.u-.s;um.—_gwm.—
PP rotow

3.6
4.1
48
55
62 no
3.6
4.0
44
4.6
53
6.3 no

O\MAWN'—‘LAQ)N.—
oo w

3.6
4.0
4.7
4.9
55
62 no

oW w
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(n=391, Spearman r=.69)

Cluster
Grade Intervention | Proficient | Excellence
1 1
2 10
3 29 7 2
4 50 36 6
5 25 56 20
6 6 29 59
7 2 53
Sample B
(n=383, Spearman r=.69)
Cluster
Grade Intervention | Proficient | Excellence
1 1
2 13
3 32 8 2
4 46 37 7
5 23 55 30
6 7 23 54
7 7 38
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Cluster Analysis 36

Cutscores and Classification Percentages Resulting From Different Standard Setting Methods

Method Intervention/ | Proficient/ | Percentage Percentage Percentage
Proficient Excellence | Classified as Classified as Classified as
Cutscore Cutscore Intervention Proficient Excellence
Cluster- ‘
analytic 75 107 31.0 31.2 378
Locally-
derived 71 112 272 40.2 32.6
Criterion-
referenced 54 127 10.1 72.5 17.4
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Figure 2:

Sample A Cluster Membership Plotted Using Discriminant Functions
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