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USING CLUSTER ANALYSIS TO SOLVE REAL PROBLEMS IN SCHOOLING AND
INSTRUCTION

Patricia Bachelor and Aaron Buchanan .

ABSTRACT
The basic issues of the methodology of cluster analysis as applied
to educational research are discussed. The relative merits of the
technique are far-reachlng‘and deserving of more attention on the part of
educational researchers and practltloners.' An appl[gationhéf the |

technique on school and instructional data ere presented.
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USING CLUSTER ANALYSiS TO SOLVE REAL PROBLEMS IN SCHOOLING AND.
INSTRUCTION B .

<

Patricia Bachelor and Aaron Buchanan °

Consider that you have the opportunity to redesign
coursework In mathematics for students who have
completed seven or eight years of school (not counting
preschool or kindergarten) but have not seen a lot of

" success in mathematics. Whatever else they may have
done, they have fallen seriously behind the pace of
‘instruction by the end of grades 7 or 8, and they are
not usually thought to be promising candidates at this

_point for regular instruction in a first year-long

' course in algebra. These are students who typically

~ flow into a ninth-grade course in. general mathematics
and, if they can get by requirements for graduation with
only one year of mathematics, are unlikely to take any
more mathematics--ever. - : '

Are these students basically alike? Should they all
take about the same toursé In mathematics at this point
in their instructional history? Or are there enough
differences within the group to offer two or three
different kinds of course/options that will build upon
what, if anything, students know already. In other
words, do their performances on.different kinds of
tasks, all taken from falrly straightforward things that
they should have had several opportunities to learn at -
earlier grade levels, show mostly |ikenesses that can
all be bullt upon in about the same way? Or do they
suggest basic differences that would be more adequately
addressed by two or thice course/options. '

2

Improving the delivery of instruction so thatrit better fits past
accdmplishments and present weaknesses of students who will beneflfvfrom
it is a very practical problem, but one that is also very complicated.
The reason this problem is so complicated has everything to do with
formal tests.that are regularly used as part of school instruction, with
the information that is present--but not always obvious--in gest results,
and with how this information can be organized to tell us something about

how to reshape instruction intended for whole populations of students who



cluster analysis is one of the tools they_have used to help them.

appear within the data to be more alike than different

.

are at a common point in schbol}' The main problem is how to organize

what can be huge amounts of data in ways that tell us more about the
v ’ .

structure of the population of students that the data represent.
Educational groups have not made much headway in sq]ving this problem,

but researchers and practitioners in other areas of science have, and

res designed to

Cluster analysis is a family of statistical proce
create'’ clusteré'within a set of data. It Is used exte {fvely in many -
areas of science to organize things according to their Iikenesses.and
differences within large blocks of complicated data, and .it has the
potential to be applied successfully tc some very praétical problems in
schooling and instruction. fybeaegg; there are large sets of data ' _ ' :
consisting of many observations such as test scores for individual )

students, classrooms, or schools, cluster analysis has great potential to v

assist in sorting out groups of students, classrooms o:/jf%ools that

It is especially
useful when we have several observations for each student, classroom, or
school. Consider, for example, the observation of students' performances

in mathematics. These days, the tests that schools use to observe

‘mathematics performances provide scores for individual students on

several different mathematics objectives.! However, most of the

1Sometimes,' these scores are for a variety of mathematics subskills
rather than very specific mathematics objectives, but the difference has
more to do with nomenclature than witih the substance of what is tested.
In current practice, '"'subskills'' and '‘objectives'' are both represented by
the same kinds of test items grouped within the test in about the same -
way.
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> grouping ‘that schools do for purposes of instruction Is still based on a
single, erra mathematics score. The}result is a "high," a "medium,"
and a ""low" grosr based only on the overall_scofss of individual stu-

dents; all-of the detalls represented by the high performances and low

performances of lndlvldual dents on dlffsfenx objectives Is Yaveraged"

away. Schools don t pay much attencion to dlffereﬁt scores made by dif-

ferent students on dlfferent objectives, ecause all of these;differences
are too hard td keep track of when decisions\about the grouping of stu-
dents are being mdde. Cluster analysis could help to slmpllfy this,

probled and, at the sahe time, glive

ools af gt more power to respond

to the diversity of needs and a compilshmen residing within a jarge

-

group of students, but,psople ob1s--and othe people who

advise them=--don!t know about At.

®

If cluster analysis Is s"practical tool for schéols to use, it

is 3artly-bscause ;d sfional researchers have not provided much
leadership. fster analysis is simply not a procedufe:that's used vety
Jfuch in éducstlonal research. It was not really used very widely in ghy
area of science prior to the time that the computer became well-
established as a tool for processiqg huge quantities of research-data.
Since then, cluster anélysls has become a prédtlcal tool in, sxonomlc
sciences, where, for example, there is a lot of interest in identifying
different classes of flora and fauna that are precisely alike in some.
respects and precisely different in others. It is also bsed widely in
infs;mation sciences, where researchers use a technique called

co-cltation analysis to identify new fields of scientific endeavor based

[
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on observations of the topics that are covered by articles published in
scientific journals and the references that are made in the text ef these
articles to wcrks of other authors which are published elsewhere. These
days, researchers in edccatlon coulc-be using cluster,analysls to study
not cnly large populations cf studeqts:but also‘populatlons of schools
and classroohs, based on observations of likenesses and differences that
are collected into large data bases on a falrly routine basls--but they -
don t. As a tool for making sense out of fnformatlon burled in large -
data basesy, the kind that exist in growing abundance in°local school

districts, state departments of educatloﬁ, and federal bureaus, cluster

analysis has yet to have much lmpact on education. | .

Several months ago, SWRL staff began to use.cluster analysis to shed’

more light on the structhre of large p ulatlonslcf/students‘Fepresentlng
falrly broed units ofnlpscructlbn. What we have een looking at directly:
Is the Instructional accomplishments of dlfferent students, different
classroom;, and different schools based on the proflclencles they appear
to demonstrate on formal assessments for different k}nds of school
subject matter such ae reading, mathematics, composition and science.

The instructional accomplishments which we observed were taken
directly from the raw percentages for dlfferenf skill areas within, say,
a mathematics ascessment, that are commonly reported as test results.

For an individual student, these results are the percentage cf assessment
lgems for a particular skill area that the student answers correctly; for
ciassrooms and schools, the results on a particular skill area are

averages of the results obtained by individual students within a

classroom or within a school.

e




What we wanted to find out by-using cluster analysis'was the
followings / ' "
To what extent do the accbmpllshménts of students, or classrdbms, or
schools form meaningful clusters thatysuggest that, based on their
accomplishments, we are not dealing with one large group of
- students, classrooms, or ‘schools that are all basically alike but
are faced with several smaller groups that are obviously quite
different? ' :
We were not'dolng:fesearch,on cluster analysis, as such. Rather, we were
applying procedures for dg}ng cluster'analysls--procedures that already
- exist in packaged software fHat is almost universally available to
researcheri. In fact, hore than applying brocedures for doing .cluster
anélysls, which are as easy as the software package is 'user-friendly,"
we were_grapplfng with the problem of lnterpretlng results in ways that
had direct and obvious implications for shaping instruction for students
as a population. That's the hard part, because there simply hasn't»beeﬁ
enough use of cluster analysis on questions regarding schooling Snd
instruction for us to have many precedents to follow. But that's getting
ahead of the story. To fully appreciate the problems Inherent in inter-
pretation of the results of cluster analysis , one needs to be fairly

well grounded in what cluster analysis--in this case, cluster'anélysls

software--is designed to do in the first place.

What cluster analysis does

The general objective of clﬁster analysis Iis to partition a set of
subjects into subgroups that are as homogeneous as possible. Sometimes,
the differences between these subgroups are large and obvious and we

assume they are meaningful; other times, the differences are so small

Q
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%hat {t would be impossible ﬁb make a case that one subgroup should be

thought of as being any diﬁfergnt from the other. In the latter case,

" the "mathematics' of cluster apalysis gives us subgroups that are

@ .

different in a strictly technical seqsé, but, réaltstically,lthe ways in

which they are different don't ;pﬁéaf to be wofth much concerh.

&

To the extent ‘that cluster. analyg#s generates subgroups that are

meaningful, a ;areful look at these subgroups and how they relate to one

-

another will allow the user “to:

e lIdentify natural clusters within a mixture of subjects that may
represent several different populations

e Construct a useful scheme for.putting subjects Into different
classes . _ v

e Find out whether or not classes that are believed to be ﬁresent
within a certain population arg~a;tually there

"o '"Snoop" within a population for unsuspécted clusters

Cluster analysis forms groups or clusters of rélative'y homogeneous

| subjects that are represented in large blocks of data that contain sev-.

eral different observations (e.g., ''scores') for each subject. These
gfoups are formed on the basis of how ''close' together Individual
subjects are in the data base. At the heart of cluster analysis, ''close-
ness'' is measured matheﬁétically in different ways depending on the
method for cluster analysis that is being used. In most software pack-
ages cI?seness is measured by some form of what Is known as Euclidean
distance between points in the data base of by a form of what's known as
sums of squares. Either way, these methods are designed to form clusters
so that distances between individual subjects are as small as possible

within clusters and as large as possible between clusters. The thing to

10
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keep In mind is that methods for clustering data are designed to create

7 . -
clusters whether or not any meaningful clusters actually exist. For

A N

. example, the cluster method ﬁlll, at some qun;,-partifion a data|base
contaln?gg, say, 40 subjects into ten.clusiegs evén'ghough thy d{ta bgse
may not actuall; contain-ggl cluster tha;'s mean1h§ful, mucH’Tes§ 10. In
ot%er w?rds, the different methods élr cluste. analysis are designed to
grind out clusters according to some mathematical specificétlons that ars
built lhto_the method. It is the resgarcher's Job-to decide when there :
is enough difference‘between clﬁsters"wlthln a'cgrtafn conflguration for

the clusters themsslves to be meaningful..

How Cluster Analysis Works

What really happens is this: the d?ta‘ln a:cluster analysi;)ére
‘assembled into a matrix, or”; rectangular array of humerlcal entries,
corresponding to the observations made on each vaf}able for each subject.
The rows represent N subjects while the columns represent n variables,
such as test scoires on different_sk{ll areas In mathematics. A complete
row of "'scores' for each skill area may bé'consldergd the subject's
profile. Next,.the data matrix is transformed into ; square NxN matrix

of measures of distanées that exist between each pair of subjects.?2

1 f .

2ysuyally these are Euclidean distances, sums of squares, or
correlation coefficlents. And at this point, the resgarcher using a
software package has already selected the method for determining distance
available in the package that is most appropriate for the kind of data
that will be clustered. However, there does éxist a large body of mea-
sures that can be used in cluster analysis which may be divided into four
major groups: one, distance measures which are generally used with
continuous or ordinal data but can also be spplied to binary or qualita- -
tive data; two, assoclation coefficients generally used with binary or
qualitative data; three, correlation coefficients, such as Pearson's r
for continuous data or phi for binary data; four, probabilistic
similarity coefficients based on information statistics.

11



) subjects that,are not already in a cluster; sometimes. it means’ comblnlng :

. there is only one huge cluster that contains all N subjects. Divisive

Actual clusteriﬁg begins as'soon as the ﬁatrla of distance meauures
Is complete. (This all takes the combuter.but a feu seconds to‘do.)*
There are several methods for formlng clusters, but most software pack--
ages only use. the most popular ones, and these are known as hlerarchlcal
methods., 3 ~The hierarchical methods can be/classlfled as«dlvlslve or
agglomerative. Agglomeratlve, technlques whlch are the most common, - .
start by treating all N subjects as lndlvldual clusters and then proceed
step-by-step .to form new clusters from subjects that’ are closest
togéther. oAt each step, the two entities that are closest gre comblned
to form a new cluster. Sometimes this means comblnlng two lndlvldual .

H

an lndlvldual subject with a cluster that has been formed previously; and
4 a y
sometimes it means combining two clusters that have been formed previ-

ously. The‘result Is to form bligger and bigger clusters until, finally,

techniques operate In the reverse. This process starts with all N

subjects In one cluster and then divides thls cluster Into two clusters, -

then three, and so on unti] there are N clusters that each contain one

subject.
) i~ .

<
K]

3Clusterlng techniques are broadly‘é%%%slﬁlable Into nonhierarchical
methods and hierarchical methods. The nonhierarchical--or single level--
procedures 'are of two basic types. One technique Involves iterative
partitioning of subjects into multiple clusters. Typically, some form of
optimizing criterivn is applied to relocate subjects from one cluster to
another after the initlal assignment. The method begins with a predeter-
mined number of clusters and, through varicus !terative processes, tries
to find a revlsed classification which will make the distances from sub-
ject to subject.'wlthin each cluster as.small as possible in combination
with maximizing the dlstgpces between clusters.

~



The use of cluster analysis involves almost no assumptions about the
» 'underlylng structure of the data base, which makestlt a very desirable
iﬁstrument for many different types of appliedcresearch. How;ver, there
are th !mpdrtgnt issues that néed to be ;ddressed early in the design of
the research, These are (a) how to know whén you have an optimal number
of clust:rs and (b) how to interpret these clusters once you've got thea..
Soffware packages usu?lly provide sbme'klnd of statistic Inten&:d_to /
"'measure'' differences that exist bet@?én CIugters in a partlcular config-
uration. Whatever else goes into the decision is based on practical
consliderations of how many clusters can reasonably be handled w}tﬁln the
lnterpretatton--esp?clally whén the pufpo;evof interpretation is to |
- generate practical Implications for how to improve scﬁﬁollng and
instruction. | |
- ' while recent advances and interest in cluster analygis have lead to
software packages that make the compUtatlonal drudgery that accompanies
cluster analysis more tractable, the identification of an optlmél number
of clusters and making sense out of clusters in an optfhal”solution still
rejuire a good deal of outside knowledge about the éubjects that are
being clustered and the variables (e.g., scores on different skill areas
in mathematics) on which the clustering is based. There do exist some
guidelines for selecting the number of clusters. .Unfortunately, these
guidelines are mostly tied to work in areas other than schooling and
instruction, and they don't provide much help.
Proceeding to the second phase of analysis, let's suppose that, in

looking at performances in mathematlics, we suspect that three clusters

13
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are optimal. First, we need to get some practical sense of how different
the clusters are; second, we need to provide some explanation of why
these differences occur, and, better still, what impllcations they have
for improving instruction. Until now, there has not been enough work
done on cluster analysis to provide us with muéh of any model to follrw;
but we do know that there are some areas where interpretations codld \
easily go wrong. In our hypothetlcal case here, where we suspect that
three clusters are optimal it wﬁuld;be easy to try to portray them as
'"high," Y'average,'' and ''low' clusters. The t 1é& with these labels is
that they are consistent with our intuitions that most instructional
groups Havg students at three ;lfferent levels of ability, but they are
not consistent with the regularity that we know exists in the effects of
Instruction over a long-perlod of tlmé. All students are taught ébout
the same things at about.the same point of time. Moreover, they tend to
learn abodt the same things in the same order, especially in mathematics.
For several reasons, some students learn some tii!ngs sooner than others,
and so we are likely to see basic differences in the things--especially
the number of things--that different subgroups of students can do.
Differences in abllity undoubtedly play some role in how soon different
studcnts can do what they've been taught, but it's only one of many
things that affect instruction, and it isn't a very useful consideration
in deciding what t-. teach and when to do it.

Often, in what.we call a 3-c145ter solution in cluster analysis,

there may be two clusters that both contain a series of high and low

performance on different skill areas. Skill areas that show high

14




1

performances for one clustér may show low performances for the other, and
vice versa. Sometimes, it may be hard to see any meaningful differences
between the two clusters, and in this case, it may be ne.essary to look
at a 4-cluster or 5-cluster solution to actually ‘'see' fairly clear
differences among two or three major clusters. Generallys if we try to
Intffgret a solution containing too few clusters then we run the risk
that one large cluster masks differences between.varlables.which differ- .
entiates between the clusters of suljects. If, on the other hand, there
are too many clusters, then the interpretation becomes clouded and dif-
ferences between subjects begin to overwhelm similarities that exist
between clusters of subjects. |

‘Some traditional statistical methods may at first seem helpful in
''testing' a decisiqn about an optimal numoer of clusters, but quize
frequently these are not valid for uselw!thln the cluster analysis
methodology. For example, ordinary sighificance tests, such as F-tests,
are not valid for testing dlffe}ences between clusters. Since cluctering
methods attempt to maximize the separation between clusters, the assump-
tions behind the usua! significance test are drastically violated. Also,

most valid tests for clusters either have intractable sampling distribu-

tions or involve null hypotheses for which rejection is vacuous. 4

heor clustering methods based on distance matrices, & popular null
hypothesis is that all permutations of the values in the distance matrix
are equally likely. Using this null hypothesis one can do a permutation
test or a rank test. The trouble with permutation hypotheses is that
with any real data, the null hypothesis i3 totaelly Implausible even if
the data do not provide any useful Information. '

15
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Application of cluster analysis to Real School fata: An lllustrafibn

Over the past several months, we have had several oppo:@unitles to
Vapply ciuster analysis to rea! data on school-accompllshments resulting
from adminjstration of some assessment Instruments that have been devel-
oped by SWRL staff. In one case, cluster anglyg}s was used to see what
kind of natural clusters that elementary -schools mlght'fall into baséd on.
average schoo! performances on different objéctives Inclﬁded in a sciencg'
assessment. Most recently, we have been using c!uster analysis to look
at natural subgroups that ékist among students wpo are just beginning a
'formai'remedial course in general mathematics at the secondary level,

“and, so far, this has provided us with the clearest. illustration of the
potential that exists for using cluster analysis to solve complicated,
but very practical problems, that go with interpretation of achievement
agéia so’ that there arelclear implications for designing school
coursework .,

The data for ouryfllustration came from results of what we call the
Training and Employment Prerequisites Survey (TEPS). This survey was
given to wards who are enrolled in remedial mathematics classes provided
as part of its education program by the California Youth Authoflty. In
mathematics, the TEPS series consists of two surveys, Prealgebra A and
Prealgebra B, which cover the most salient skills and concepts that are
most ¢~amon fo grade-by-grade instruction in mathematics up through about
grade 7. | |

Prealgebra A represents skills and concepts that schools ‘would cover

in regular instruction by about the middle of grade 4. This includes:

16
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use of whole numbers up to one-hundred thousand,

°
¢ e use of simple common fractions for part of a set or reglon,
e addition and subtraction of whole numbers,
e multiplication and division of 2-digit and 3-digit whole numbers
by a number that is ten or less,
o. simple measurement skills involving iength, time and money,
e recognition of simple geometric- shapes,
.¢ solution of basic types of word problems involving addition,

subtraction and multiplication.
Prealgebra B cont!nﬁes with:

use of large whole numbers,

°
e use of equivalent fractions,
e simple relationships between fractions, declmals, and percents,
e computation with wh&'le numbers up through multiplication ancs )
- division by 2-digit numbers,
- e computation with fractions, decimals, and percent,
o measurement skills that are a little more advanced than ones

covered in Prealge’ ra A, (but they still deal with length, time,
and money), |
: e basic kinds of word problems involving computation that Is a
. little more advanced than the computatton required by word
problems in Prealgebra A. ~

Altogether, we had data from almost 1500 students. About two-thirds
of them took Prealgebra B, because their instructors felt that Prealgebra |
A was too eleméntary to show a broad range of mathematical tasks that
they could or could not perform. The rest of the students toék Prealge- . r
bra A because,.}ust prior to the time of our assessment, th¢ “ad been

® working on the Qery simplest of mathematical skills and concepts.

CIugter analysis was applied onjy to data from students who had been
in instruction two months or less. This distinction is Impdftant in data
coming from education programs provided at correctional institutions.
Courses do not usually have fixed beginning and ending points, as they do
in regular high schooiﬁ because students are éoming and going on a
continuous schedule. Ounf main Interest was to see what kinds of clusters

might exist among students who are entering a course in remedial

17
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instruction, so we did not look at data from students who had been in a

L~

mathematics course for more than two months. From the data set for

,
xoe /nc\’ .

S e

students Qho had only been in remedial work for a short time, we
generated several random sampleé, each ébnsisping of data from about 25
students.. Ten sample; were generated ffom resujis on Prealgebré A and
ten from results.on Prealgebra B. Five sample; for each survey were Jsed 
to look for basic patterns in tﬁe kinds of clusters that seemed to occur
naturally and the other five were used to try to verify the patterns tﬁat
occurred in the first five samples. A‘I of the data processing for the

cluster analysis was carried out using ?LUSIER programs that are part of

P atReraL L e e s

a softwarz package from SAS.>

3

Analysis of Results ‘from Prealgebra B

- The examples we.are providing here comé\fromﬂresults'of processing
three of our ten random samples using CLUSTER.. The f!rst example from |
sample 3 is shown in Tables 1 and 2. It Includes data from 25 students
who took Prealgebra B. In the terﬁlnology of cluster analysis, the 25
students are cases &id the nine skill areas on Prealgebra B, each
involving about five to seven mathematics problems, represent the vari-

‘ . ables. The performances (percent correct) for each student on each skill
area constitute the Eata on which CLUSTER is performed. The results of

CLUSTER contain a lot of different kinds of information about

5sAS User's Guide: Statistics. 1982 Edition. SAS (Statistical
Analysis System) Inc., Box 8000, Cary, North Carolina.

18
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Table 1!

Cluster Analysis Pre-Algebra A {Sample 3)
Name of Observation or Cluster
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Table 2

Cluster Analysis Pre-Algebra B (Sample 3)

Ward's Hierarchical Cluster Analysis

Simple Statistics

SOLUTION

4 (lusters

3 clusters

2 clusters

1 ¢ luster

WHUOLEND

. 151000
« 5000
« BBO0OO
. 57143

« 35000
. 80000
«%57143

« $HO00
. 79294

« 62800

MEAN STD DEV
WHOLENO 0. 62400 0. 29620
FRACTION 0. 68667 0.27352
DECIMALS 0. 36800 0.29257
COMPWHLE 0.8285%7 0. 24046
COMPFRAC 0.54857 0.31047
COMPDECI 0.53500 0.23805
COMPFERC 0. 63200 0.31979
MEASURE 0. 60000 0.35119
PROBLEMS - 0. 75200 10.31770

Cluuter Means of Varigus Solutions by Skill Area

FRACT 10N D'.CIMALS  CUMPWHLE COMPFRAC (COMPDECI

. -81667 . 30000 . 64286 .28%714  .343750
. 37500 . 20000 57143 .214286 375000
. 90000 . 5400Q0 .97143 .857143  .712500
.71429 . 257143 87755 .448980 .482143
. 39583 .250000  .60714 . 250006 —-, 359375
. 90000 . 540000 97143 .857143 .712500
.71429 . 257143 B7755 .448980 .482143
. 39583 . 250000 L60714 .250000  .3%937%
. 82353 . 423529 93277 689076 617647
. 68667 . 368000 . 82857 .548571

« 335000

COMPPERC

« 20000
« 43000
. 82000
71429

« 32300
.82000
s « 731429

. 32500
NT77447

. 63200

MEASURE

« 10000
« 30009
. 85000
. 68571

« 20000
. 86000
. 68571

. 20000
. 768824

. 60000

PROBL.EMS
9

» 10000
» 70000
» 94000
. 88571

» 40000
« 74000
.868571

« 46C0O0
« 91765

. 5200

"

9l

[ 3o
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different cluster arrangements Qlth:n the data set, as is true with most
statistical packages that are avallable these days. The basic components
that one would be most 1ikely to use in Interpreting CLUSTER results are
shown in Tables 1 and 2.

Table 1 shows the optimaltways to separate all .25 students into
first one cluster, then two, then three clusters and so on. The key is
to look at the rows that start on the left side of the table. For
example, the best arrangement for two clusters iﬁclddes the first eight
students in one cluster, readlng across the top of the table, and the
other 17 students in the second cluster. In the 3-cluster solutlon, the
cluster wlth 17 stqdents splits in two clust'rs, one with 10 students and
the other cluster with nine, while the cluster with elght students stays
intact. Flnally, at the bottom of the table, we are left with 25 clus-
ters where each student is defined as an individual cluster. Looking
from the bettom up,- 25 students in 25 clusters doesn't.have much slénlf-
fcance if one Is thinklng:about shaping different kinds of courses to fit |
basic differences In past accomplishments--differences that are buried
within a set of performance data In mathematics. In real schooling and
instruction, It makes more sense to look at the top of the diagram in
Table 1 to see what kinds of differences exist between clusters when you
go from one cluster, that includes all students, to a maximum of four or
five clusters.

For real applications to schooling and instruction, it helps to
think of cluster analysls'ln reverse., Instead of forming clusters of

things that are most allke, it's easier to think about "'forcing'' clusters

R2
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to split. You begin with one cluster, that includes all 254students, and
then ''force' it to split into two, ostensiblv zt the weakest point in the
‘_linkages between students' performances that, altogether, constitute the
.entry-levél accomplishments that a course of iﬁstructlon might be . -
designed.to build upon. Yqu thén force the weakest of the two clusters
to split, now forming three clusters, and then force the weakest of these
to split to form four clusters, and so on. Looking at things in this .
way, one is asking a questlpn that is.very basic to design of |
fnstructiona1 coursework: |
within a population of students, are all students about the ' };;
same, or are there different subgroups of students who are :
quite different in terms of past school accomplishments as
these accomplishments are now represented by different levels
of performance on different skill areas of mathematics. S T .
Table 2 provides information about different clusterings that helps
to sort out various strengths and weaknesses within this group of 25 .
students. First, there are the-slmple.stafistics which show mean
performance levels for the entire sample of 25 students on each of the
nine skill areas. The sample as a whole had a relatively high perfor-
mance level on computation with whole numbers (COMPWHLE) where, on the
average, they answered about 83% of the items correctly. On the other
hand, the performance level on decimals was quite low. Here, students
answered, on the ave age, about 37? of the items corréctly. Mainly, the
problems in this skill area required studénts to give equivalent decimals
and percents for common fractions, such as 3/20, or mixed numbers, such

as 5§ 3/5. The béttom ofgTable 2 shows the same kind of statistic, mean

performance levels an each skill area, for each of the clusters in
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"1-cluster," ""2-cluster," "3-cluster," and "4-cluster" solutions. The
means for the 1-cluster solution are the same as the simple statistics
for the éntire sample that are shown at the ;op of the Table. For the //
other solutions, these cluster me#ng,can show us where we aée dealing
with severa] subgroups rather ‘than a single grouﬁ.

The 2-¢luster solution in Table 2 shows us that_our sample of 25
students is composed of at least two subgroups. One subgféﬁb with 17
students in It has performance levels on each skill area that are
consistently 302 to 40% higher than the remaining clustcr of eight
students. Only on’DECIHALS and COMPDEC (compytation -ith decimals) was
" the spread befweeh the tﬁo_clusters less than 30 percentgge points. In
fact, except for DECIMALS, the differences between these two clusters are
so great that it would be foollish to try to desfgn a single course in ;
mathematics that could possibly bulld on the past accomp! ishments of
these two groups of students; fhey are simply too different. On the
other hand, would two courses take care of things, or are other dif-
ferences still buried In elther of these two clusters? The answers are
no and yes--no, two courses wouldn't be sufficient because,_yes; there
are still subgroups that are quite different buried within the larger
cluster of 17 students.

Consider the 3-cluster solution, where the cluster splits into two
smaller clusters of seven and ten students respectively. Most of the
“"spreads' In cluster means that resulted from splitting the cluster of 17
students into two smaller ones are of the nature of 20 percentage points

or less-=but not all. There are huge differences between these two new
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clusters when it comes.to pesformaqces on whole numbers (WHOLENO)--88%

compared to 572,‘ggclmals (DECIMALS)g:SQZ compared to 26%, and computa-

tion with fractions (COMPFRAC)--86% compared 45%. .Were ‘it not for such

large differences on these three éklll areas, it is concerablg that a

-common course in mathematics could bulld adequately on the profile of

accompl ishments represented by these two cudsters;;even If students from
the two clusters ‘were taught in the same course. An instructor would

have to take some precautions to be sure that the cluster of seven

students received a little extra review on topics related to most of the .

skill areas, but that should not be an insurmountable difficulty. As it
is, the differences between these two clustérs on whole numbers, deci-

mals, and especially, computation with fractions, are so large that it Is

inconceivable that an instructor could, in the same course, build ade-

quately on past accomplishments of the 17 students taken as a(;Ingle
group. | | |

The 4-cluster solution shows that additional differences also exist
within the cluster of eight students who demonstrated relatively low
levels of performance in our 2-cluster solution. When this cluster
breaks into two smaller clusters, each containing four students, there
are fairly large spreads In two skill areas: whole'numberé (WHOLENO) and
problem solving (PROBLEMS). However, there are reaSons to be cautious at
this point. The spreads In performance levels for the two new cliusters
occur on whole numbers (15%), computation with percent (20%) and problem
solving (108). The tasks in each of these skill areas requires consider-

ably more reading than tasks in the other skill areas, so the new

25
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iperformance spreads'' we see in the l4-cluster sulytion ‘could ail be tied 5

. ' . ] ) . h\ . o T : v “

: ' to students who have little proficiency for féadlng,Engllsh.J 5
The 3-cluster solution.for sample 3 contains. some patterns among the f%

twanty-seven cluster means that éuggesf very'@lear]y the kinds of proff:

ciencies that the 25 students In this.sample do have for instructors to - R
3 g‘f} - 3

buil& upon. First, there lS the"c]uster"of ten “students who are already
L .

fairly well prepared.” Excébt for numeration with decimals ‘and percent . ,%

(DECIMALS) and computation with decimals (COMPDEC),-studénts in this . o
- - well=prepared cluster, on the average, wére successful more than 8ng of ﬁ%
the time on problems in each of the other skill areas. By> congrast, i
the -« ' wa'“under-preparéd" cluster of eight students wﬁp were  success- -“?3
. ful less than about 40% of the time on problems in all skiffxareqslgxcept' - .}E
computation with whole numbers (COMPWHLE). In-between, ‘there is a 'g
cluster of seven students who were relatively successful on prob[eﬁs. \\\ §
deal ing with: | B ' - o . . :%
fractions (FRACTIONS) ) - o ‘g
computation with wholg~fumbers (COMPWHLE) : N
‘computation with perdent (COMPPERC) . : PR
measurement (MEASURE : g

problem solving (PROBLEMS) o
and relatively unsuccessful on problems dealing with: ' :

& : , .

numeration with decimals and percent (DECIMALS) ‘ ’ 7E
computation with fractions (COMPFRAC) ' . S

computation with Jecimals (COMPDEC)
The difference bétween clusters in the 3-cluster solution is clearest If
one first looks at numeration for decimals and percent (DECIMALS) and
computation with whole numbers (COMPWHLE). On these two skl!l 2reas, thé

relationships that exist between clusters are fairly obvious. Keep In
' -
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mind that numeration for dgcimpls and percent comes relatively late in-

the traditional mathematics textbook series Intended for study through

grade 8, while computation with whole numbers has been around sihcé about

grade 3. In other words, the students who took Prealgebra B had undoubt-
edly had-less opportunft; to leafn.numeratlon with decimals and percents
and more opportunity to learn computatfon with whole numbers than any
other topics covered in the‘survey. |

Note that in the 3-cluster solution, fewer than. about 502 of the
students In all three clusters were sﬁccessful, on the average, on'j
-problems dealing with numérat!on for decimals and percents (DECIMALS),

while more than 50% of the students in all three clusters were success=

ful, on the average, on problems dealing with computation lnvolvlng whole -

.numbers (COMPHHLE). -Using 502 as a kind of watershed for looking at the
various cluster. means, we get a pattern of 'pluses' and "minuses" as
shown in Table 3, where ''+' represents cluster méans that are above 50%
and "'-'' represents cluster means that are 50% or lower. Obviously,

instructors who plan to teach a general mathematics course ‘that either

deals with or applles the arlthmetlc of fractlons and declmals would have
a falrly extens ve background of residual skills to build upon if the
course were taught to students in CLUSTER Y and almost no residual skills
to work with.if they were trying to offer the course to students in
CLUSTER X, |

~What is even more compelling about the pattern of pluses and minuses
in Table 3 Is that It is repeated, almost identically, for each of the

other nine samples of about 25 students selected at random from the

_7



Table 3
Prealgebra B

Cluster Means Above 50% (+) and at or Below 50% (-)
in a 3-C|uster Solution (Sample 3)

WHOLENO FRACT | ON DECIMALS COMPWHLE
Cluster X - - - +
Cluster Y + + + ' + -
Cluster Z ;4 + - +

COMPFRAC COMPDEC " COMPPERC MEASUREJ PROBLEMS
Cluster X - - - - -
Cluster Y + i + + : +
Cluster Z - - + + +

population of students taking Prealgebra B. These patterns are shown for
all ten samples in Table 4, From this table, it Is clear that the three
clusters of students we identiflied in sample 3 are different from each

other in almost exactly the same way in every one of the ten samples we

analyzed.

The pluses and mlnuses for our three clusters reprepresent different
patterns of proficiencies that students who are channeled into remedial
coursework bring with them for Instructors to work with. They are
present in our population of remedial students no matter how many times
we chose a cross section of’thls population for our analysis. Moreover,
these three cluster types were not originally part of a large subpopula~
tion of students that gxlsteq at only one institution in the California

Youth Authority. In other words, the various students who made up the
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Table 4
Prealgebra B
Cluster Means Above 50% (+) and at or Below 50% .(-) in a B-Cluster :
Solution Across all Samples )
WHOLE NO FRACT 10N DECIMALS =~ COMPWHLE COMPFRAC " COMPDEC_ MEASURE PROBLEMS
IANPLE r2345 123ks 1z3ks 1z3h5 12385 12 12345 123h5
:LUSTE.RX $ e em == eea= - ® = e = '++++ ----- - ® o o o - - e o o ----.. /?i
SLUSTER Y +++++ ++ 4+ 4t -+ ++ 4 ++++ 4 +++++ ++++ e ++++4 ++ P e d
SLUSTER 2 -ttt + 4+t e e aaw + 4+ ++ G rc e e eewa= P DOPOES
ALTERNATE '
SAMPLE 12345 12345 12345 12345 12345 12345 12345 12345 %
CLUSTERX ----- - e e o= e o & o < + 4+ = ++ - o ww 2eeee we e eea- _----gg
CLUSTER ¥ ++ 4+ ¢ +++++ -+ + -+ ++++4 ++++ 4+ +++++ ++++ 4+ ++H++ e
CLUSTER 2 +++++ ++++ 4+ a-e-- +4++++ cdome  eee=- ++++t ERE X
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""well-prepared' cluster, Cluster B, in each of our samples--there were

4

" close to 105 of them altogether--came from many different :Iassrboms

in many different ins;itutlons; They were not ''good" students who all

" came from the same school. This is important, because we need some

assurance that, when\we'¢ombln§d results for all students from dlfferent
institutions to form a populat}on and drew out'random samplés of about 25
students who had been in instruction for. two months or less, we were not
merely dividing up an intact group of ''good'' students across our various

samples.

" Analysis of Prealgebra A

Some results of ciu;ter.analysls on Prealgebra A are shown in
Table 5. These are cluster means for 2-cluster, 3-cluster, and k-cluster

solutions for the 32”students who made up sample 3. As you can see, the

| structure of this sample Is quite d1ffereht from structures we saw within

the samples of students who tobk Prealgebra B, For one thing, little Is

gained by splitting this sample into more than two clusters, which
consist of 15 students and 7 students respectively. In the 3-cluster
solution, the cluster of seven students, splits off & single student and
leaves a new cluster of only six students. The same thing happens when
we look at four cfusters; a single student is split from the cluster of
six students. 'while the performances of this individual studeﬁt would
most certainly be of concern to his Instructor, they don't tell us much .
about designing general purpose coursework. We would still need to
design coursewor; to meet the needs of two different subgroups. All that

would be gained by looking at a 3-cluster or a h-cluster solution would
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Table §

Prealgebra A °

Cluster_Means of Various Solutions by-Skill Area

7

Sample 3

SN -

W N =

N =

NUMERAT | ON

-89524
.82857
71429

89524
.80952
71429

.89524

79592 -

. 92857

ADD OPR "MULT BASIC MULT OPR
-.98889

FRACTIONS . ADD BASIC

©.92000 .96667  .90000
18000 .93333 83333
1.00000 .83333 ©  .83333
.80000 1.00000 . .66667

~.92000 .96667  .90000
.56667 .91667  .83333
.80000 1.00000  .66667
.92000 .96667  .90000
.60000 .80952

.83333

.83333

16667

.98889

.83333

. 16667

.98889

.73810.

93333

 «77143
42857 -

. 28571

93333
71429
28571

93333

MEASURE

.82667
168000

-40000

~1.00000

.82667

063333 .

1.00000

.82667
68571

" PROBLEMS

GEOMETRY
.96000 .93333
.72000 .84000
.60000 1,00000
.80000 80000
.96000 .93333
.70000 .86667
.80000 .80000
.96000 - .93333
.71429 . .85714

w
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be an opportunity to see more c}early the nature of performances in thé-'
rsmaller cluster by weeding out some results that may represent aberra-
tions in the mainstream of what Individual 'students In this cluster bring
with them to Instroctfon. |

Another thing that is clearly different about PFeelgebra A Is the
fact that the performances of students in different clusters are a, lot
more alike than toey'were In Prealgebra B. In the h-cluster’solution,
performances in the cluster with 15 students are falrly close to perfor-
‘mances In the cluster wlth five students except for two or possibly three
 skill areas. There‘ls a difference of.over L0 percentage points on
FRACTIONS and differences of a little over 20 percentage points on
GEOMETRY and about 15 points on HEASUREQENT. Still, the performances of
students in the smaller cluster are relatively high on geometry and
measurement; especfally when compared to perfOrmences Qe observed among
different clusters of students who took Prealgebra B.

Clearly, most students who took Prealgebra A were falrly proficlent
on the residual skills that Prealgebra A represents. These are all basic
concepts and basic forms of computation that elementary school textbooks
routinely cover quite thoroughly by the ﬁlddle_of grade 4. Notice that*
the well-prepared clustef~in sample 3 is by far the largest one. It is
.also the largest cluster in each of the other samples of students, except
one, that we looked at from Prealgebra A. The size of clusters in the
h-cluster solutions for all ten samples of data from Prealgebra A are
shown In Table 6. The well-prepared cluster is two to threg times as

large as the other major cluster in all samples except Sample 2 where the

two iarge clusters are the same size.
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Table6 . 7

Prealgebré A

SR
CEE SR P

_ Cluster Sizes of the 'Well-prepared" Cluster.
Under the Four Cluster Solution

Sample 1 2 3 .4 5 1A . 2A 3A LA 5A .
N 3 17 10 15 19 18 11 13 18 15 19 15.5

Total Sample _ . - _
Size 26 24 22 29 30 19 24 33 25 29  26.1

~ %'of Sample 653 42% Gﬁ 663 60% 58% 54% 55% 60% 663  59%

- Looking’ back at'Tab}é;S, we see that there is no truly |

"'under-prepared" clustér |ike the one that appeared consistently in éll - v
-gamplés of data from Préalgebra B. Only in the k-ciuster solution do we
see a clu;ter where students were successful,fon tﬁe average, less than_ ‘%
502 of tﬁe time, and, even then, it only occurred for tﬁe'skill_area-that ) &
involved recognltfon of common fractions. Using 50% as a kind of
watershed,.as we did earlier with results from Prealgebra B, we get a
pattern of pluses and minuses for the two main clusférs in sample 3 as
shown in Tablg 7. This pattern is not as consistent as the pafterns we
saw for Prealgebra B, which were all almost identical, but, as Table 7
shows, they are very similar. In almost all sampies, there was one
cluster where students were relatively unsuccessful on recognition of
simple fractions (FRACTIONS). In four out of the ten samples, there was

a cluster w#here students were not very successful with multiplication and

35 | .
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"Table 7
Prealg®kraf A

" Cluster Means Above 50% (+) Jnd at or Below 50% (-)
for the Two Main Clugters in Sample 3

NUMERATION  FRACTION ADDBASIC AﬁDOPER ‘ MULTBASIC

Cluster X T T -+ : + +
Cluster ¥ + - o+ , + : +

MULTOPER ~ MEASUREMENT GEOMETRY © PROBLEMS

Cluster X + 4 _ + +
Cluster Y + + + +

dlyis!oh beyond basic facts (MULTOPER), but all other major clusters

showed moderate to high levels of success.

implications for Course Desfgn

The combination of results of cluster analysis of data from
Prealgebra A and-Prealgébra B have enormous Iimplications for designing
coursework for students who are typically headed for remediation at the

secondary level. Each of our samples contained a substructure composed

s
3
2
r'i‘
~
A
S

of two or.ﬁQreé clusters of studehts_who bring quite different sets of .

resiﬁua] skiilg‘for instructors to build upon. More significant Is the
fact thét each éfxpur samples of students who took the same survey, |
Prealgebra A or Prealgebra B, contained clusters that represented the

same relative strengths and weaknesses. Recall that all of the students

in our population were at about the same point in Instruction--they were
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near the beginning of a course in general mathematics after having been
oﬁt of school for at Iéést several month;--but they were from seven :
.different correctional lnstltut}ons that did not. share a coﬁmon.progfam
of instruction. In fact, each'lInstitution had been designated to receive
wards who were In a cerialn age ‘range or who.rep?ééented"a different need
for suﬁervfslon and secdrity. The edﬁcation programs varled widely from
onn institutidn to another. The regularitles that we saw among clusters
of students in one sample after another répresent a hi;tory of pa;t
instruction among students whose Backgrounds are highly irregular. The
fact that'these inputs to'lnstruc;ion are so regular tells us a lot about
how common are the effgcts of past jInstruction in the elementary grades.
Students‘who have either ha& more experience or more successful
experiences Sring more resldual skills than other studentéito current
coursework, but,,more'imbortént, their rgsldua] skl1ls are all about the
same. ' ; | | o
In looking at means for different clusters on'dlfferent_skill areas,

14

- we saw patterns of pluses and minuses, based on whether méans were above
or below 50%, that were very regular across ;II of our samples from
_w-__fﬂ~-~m~nu~m9£?§lgebta B and almost all samples from Prealgebra A, What Is even more
dramatic is the fact that the combination of these means for the popula-
tion as a whole yields the same pattern of plusessand minuses as shown in
Tables 8 and 9.
What the data in these two tables show most clearly is that

differences between clusters represent real differences in the population

based on past instruction. For example, clusters that have means below
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Table 8

Prealgebra B

'Welghted Average of Cluster Means Above (+)
and at or Below (~) 50% for Three Major Clusters

FRACTIONS DECIMALS

WHOLENO ~ COMPWHLE  COMPFRAC
4 _ 2 4 P 4
Cluster X 87(+) 91(+)  57(+) 97(+) 86(+)
Cluster Y 59(+) 68(+) 21(~) 88(+) - - 35(-)
Cluster 2 47(-) (=) 19(-) 70(+) 22(-)
AVERAGE
c | | ' NUMBER IN
| COMPDEC  COMPPERC  MEASURE  PROBLEMS  CLUSTER
_ % 2 L4 2 o
Cluster X 76(+) 87(+) 86(+) 97/+) 8.5
Cluster Y 42(-) 67(+) 70(+) 83(+) 8.9
Cluster 2 35(=) 38(-) " 32(-) 37(=) 7.7
Table S
Prealgebra A e
.Helghfed_Average of Cluster Means Above (+)
and at of Below (=) 502 for Two Major Clusters
NUMERATION FRACTIONS  ADDBASIC ADDOPER MULTBASIC
4 4 ' k] 4 %
Cluster X 89(+) 87(+) 97(+) 92(+) 96(+)
Cluster Y 70(+) 49(-) 94 (+) 85(+) 75(+)
AVERAGE
NUMBER IN
MULTOPER  MEASURE  GEOMETRY  PROBLEM CLUSTER
2 2 2 4
Cluster X 89(+) 83(+) 91(+) 95(+) 17.5
Cluster Y 55(+) 74(+) 71(+) 78(+) 6.7
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50%<may vary a great deal between'bz and 502, but they vary in about the

same way for pluses and minuses that, we would be inclined to believe,
represent about the Same §luster of students on the same skill area. In
other words, we dbh't'have a'Sltuatfon.wEere minuses on, say, computation
with decimals represent levels of perfdrmanéé that, based‘oh cluster
\means, are lower for our B clusters than tﬁey_are for our C clusters In
the ten samples from Prealgebra B, |
| In order;for new coursework to take maximum advantage of the
patterns of residual ;kills-repfesented in Tables 8 and-9_lt.will be
necessary-tq_refhink some Issues.that.are basic to remedial! instruction.
As it is now, al] of the students represented by thesg,data are caﬁght In
a fairly painful cycle of reme?latlon; and there is little llkellhood.
that they will ever break loose. Certalnly,ianother course Iin general
mathematics, whatever it's called, will make little difference in what -
these studénts_wlll be able to do once the course is finished. A course
intended:tq force-march students to mastery on all possible gyhes of
mathematics problems that might reasonabiy be classifled underieach of
the skill areas in Prealgebra B will not achieve much real success, even
amohg fairly well-prepared students in the A clustér. What will be
achleved Instead are a series of increments in what-students will be able
to do, and most of these will be relatéd to coﬁputation with whole
numbers and, perhaps, computation with decimals and percent. What will
not be achieved is any kind of closure on the basic skills that lie at

the core of each skill area.




h.it would be more productive to base the design of new coursework on

two considerations:

A .
AY

~ \
1. What kind of course can build most effectively o the
residual skills that students bring with them froiqt
~ elementary school, especially given the fact that time is
Ilmited to one or two semesters (or one to four quarters)?
2. How can coursework be redesigned so as to break the cycle
of remediation for the fairly well-piepared cluster of
students that we know ' «ists?

. What these two considerations do for the redesign of mathematics
coursework prior to a first course in algebra is, more than anything-'
else, to shift first prlorlties for instruction away from mastery of
complicated skills for doing accurate and precise computation with large
whole numbers, fractions, and decimals. Such skills are-important, but
.data from national surveys of how mathematical skills develop within the
population ot schooi age children and adolescents make one fact abun-
dantly clear: 20 to 30% of the.population do not master the full set of
computation skills on whole numbers, common fractlons,'and decimals, no

matter how many times they are recycled through remedial coursework. To

make matters worse, most remedial coursework is sequenced so-that rede-

velopment of computation sklils comes first, as a prerequisite to problem . s
soiving and other, more formal kinds of appiieo.mathematics, such as
accounting and personal or business economics. The effect is to guaran-
tee two things: first,'most students will not comolete, much Iess get
past; redevelopment of computat]on skills in the remediation cycle, and_ | o
second, they stiii won't have rellable use of any of the operations on ¥
whole numbers, fractions, and decimals, except for addition and subtrac-

tion whole numbers and money values. Their success in the remediation e
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cycle will be limited to.tacking bits--and pieces onto parts of -

computation skills they already have, whiéh{gpans they will still have no .-%

real power to handle humberé with any des?ee of confidence or \

reliability. - Lo " : L ; ’ ;é
What is moré Important, given the clusterings of students and thefr_ | . %%

residual skills that we have seen here, is to redesign coursework around

options--options that require reliable use of arltﬁmetic operations, p
. : ‘ )

Iincluding such long;heglected skills as approximatlon(aneléstlmation, but 5

. i . . ’ A5

- 'd6 not depend upon highly adcurggggfk!lls for doing precise computation,

For example, our anal;sls of Prealgebra B suggests three different kinds

of course-options.for_three different clusters of students. Students in ' =
our well=-prepared cluster, Cluster X, need a course that briefly reviews - uti
the ;elailonshlp between commoh fracthns, decimals, and percents fnclud- |
ing tﬁe equivalen.e of different ways to express the same quantity. \f 3f§
Beyond this review, the codfse should focus on more advanced toplcs that '
require use and interpretation of numbers without requiring much by-hand
calculation. The beginning of a specially designed first course in
algebra should not be excluded as an option. The fact that ''advanced'
coursework in general mathematics doesn't exist now should not be taken
as evidence that it can't. More likely, it shows the lack of any real
challenge to instructors and to course developers because redevelopment
of computation skills provided not only the focus of general mathematics
but, in practice, it also defined the boundaries.

Students in CLUSTER Y need a course that covers many of the same

topics that are covered now in the middle half of a general mathematics
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textbook. They may need a brief review of computation with whole
numbers, but redevelopment of this skll! is not necessary. They do need
to redevelop computation skills with fractlons and decimals. !nstructibn
in this area should focus first on things like rounding and ‘estimation,
before extensive work on basic forms of cohputation, so that students In.
this cluster get a maximum amount of power t;'handle’appllcatlons that
.requlre computation, especially applications that involve percent.
Contrary to many of our assumptions about the inability of remedial
students to solve word problems, the indicétions frpm cluster analysis
are that.students'ln CLUSTER Y are, in fact, fairly proficient in
handl ing basic word prqblems.- What this means is that a.course in
problem solving that involves general mathematics already has at least a
modest number of residual skills to build upon-=it doesn't have to start
from scratch. |

Students in the under-prepared cluster, CLUSTER Z, show only limited
evidence of the residual skills covered in Prealgebra B. They can
obviously do some forms of computation with whole numbers, probably addi-~

-

tion and subtraction, but little else is in place. Students who have

o

scores in the different skill areas that look about like the ones in the

profile in Table 8 should take Prealgebra A for instructors to get a more

complete profile of the residual skills that they actual have to build- -—

O

upon. o+
The course options needed for students who toochféalgebra A are a
little different. About two-thirds of the students are in a well-

L

prepared cluster, CLUSTER X, and they should be given Prealgebra B to get
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a better idea of the extent of thelr Eesldual skills, Otherwise, there

would be little alternatlve_Qggfggﬂhcginjlhtensive“pkaéfibé”66“Eomputa-

.‘—tion"Wlthfﬁhélé_ﬁumbers for thg purpose.of being able to compute faster

“and with greater reliability, Instructers should look carefully at™

performahces of students in Cluster Y from Prealgebra A. They should pay
specigl-attentlon_to individual problems where individual students were
'unsucéessful. There IS a good chance that many of these students have
itmited proficiency with English, which would mein that they could not be
very successful on apy'skill areas that jncluded much besides cqméutatlon
problems.- There Is also a g~od chance that some of the students in
CLUSTER Y did nét compiete all of the sg;tlons of Prealgebra A, perhaps '
because they ran out of time. .However, what the results of the analysis
show most clearly is that student;_lg”CIuster Y need a thorough review of
taskS'that are typically part éf "racognizing'' common fractions gnd
mixed-numbers and a redevelopment of Lasic tasks involved ln.multlpll-
cation and division by .a 1-digit number. When instruction In these two
areas is_completéed, they should be prepared to‘begin about the same
coﬁrse.asz;tudents in CLUSTER Y Prealgebra B. \\a '

. ln:summary, using cluster analysis we have shan a need for two
basic course clusters in general mathematics: one that includes at ]east
one. semester or two quarters of redevelopment-work on.computation with

fractions and decimals, and a second dealing with more advanced topics In

.the applications of general mathematics or an introduction to algebra

- where the requirements for complicated forms of computation are carefully

controlled, at least at first. A lower-level course that begins §§ ‘ar
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”;;;;*'—f o ‘_back-ss_multlplICatlon and division facts doesn't -seem to have much
potential, although a small number of short well-organlzed modules
deallng with slngle toplcs may be very useful for quickly preparing )
students to do some productlve course work with. fractlons and declmals.;
'General mathematics should be one course that redeve!ops baslc concepts
and skills for handling fractions and decimals and another coqrse_;hat
uses falrly adequate proficiencies for handling fractionsfand declméls.to
learn how to do ébme;hlhg else. Based on what we've seen in our |
analfses, Jeneral mathematics shpuld not become-mfred In mastery of
pre-requisite skills that mostly Involve whole numbers=-but, that l; what
it does now In too many courses for too many students.
.
, :




