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PRINCE GEORGE'S COMMUNITY COLLEGE
Office of Institutional Research and Analysis

TRACKING STUDENT PROGRESS AT P.G.C.C.:
TOWARD A MODEL OF THE ACADEMIC PROCESS -
SUMMARIZING COHORT 1990 PROGRESS AND ACHIEVEMENT

Enroliment Analysis EA97-6
March 1997

Introduction

This is the fourth and final academic outcomes report' based on the Office of
Institutional Research and Analysis's tracking of a cohort of first-time freshmen
(N=2,643) entering in the Fall of 1990.2 While the earlier papers focused on specific
aspects of Cohort 1990's social attributes and educational achievements, in this
summary report we will attempt to move toward a general model of student academic
progress at PGCC. The adverb in the last sentence is italicized because we must stress
that the general depiction of the college’s academic process arrived at in the research
presented in this paper does not pretend to be definitive in any sense.

This tentativeness is partly the result of limitations in the analytic techniques we
employed, which will be discussed in the body of the report. But more fundamentally,
it reflects our sense of the great scope and complexity of the phenomenon being
modeled and how inadequate the currently available data are in doing justice to that
scope and complexity. To make this point clearer, we have inventoried to the best of our
understanding all of the conceptual elements which need to be considered in groping
toward any comprehensive theory of the academic process as it presently plays out in
U.S. community colleges. Figure 1, below, shows these theory elements arranged by
type within a structure very broadly suggesting a causal patterning leading up to final
academic outcome. Causal path arrows, however, have deliberately not been drawn to
emphasize the unfinished nature of the figure. It is not itself a portrayal of a
comprehensive model of the academic process but rather a concept-gathering paradigm

'See Tracking Student Progress at P.G.C.C.: Basic Findings of the 1990 Entering Cohort
Academic Outcomes Analysis (Enrollment Analysis EA95-7, June 1995), Tracking Student Progress
at P.G.C.C.:Fall 1990 Entering Cohort Four-Year Patterns of Attendance and Timing of OQutcomes
(Enroliment Analysis EA96-1, July 1995), and Tracking Student Progress at P.G.C.C.: Student Racial
Background and Cohort 1990 Four-year Academic Outcomes (Enrollment Analysis EA96-6, June
1996).

2The Cohort 1990 data set is drawn from PGCC student record databases, augmented with
material supplied by the Maryland Higher Education Commission's Transfer Student System to
enable us to identify cohort members who ceased community college attendance due to transfer to
a Maryland four-year public post-secondary institution. Attendance, study progress and related data
are all organized on a term-by-term basis so that we may assess student academic status and level
of achievement at any point in the four-year process, connect patterns of attendance with
outcomes, and summarize any part of the process in terms of time to outcome.
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for guiding research out of which a highly specified, fully determined academic
process model may ultimately emerge.

Block A in Figure 1 represents the most “exogamous,” causally-prior factors
impacting on academic outcomes: the classic socio-economic, cultural, life-style and
pre-college educational “background” variables. Student attributes regarding these
are not only chronologically prior but also in an important sense fixed. They are
biological givens or very slowly changing social environmental statuses which neither
students nor the institution can alter much or control, but which may continue, in
different ways at different stages, to influence academic progress.

Block B lists another set of “para-process” variables, those best conceptualized
either as decidedly individual or personal characteristics of students varying only
loosely with social background attributes if at all (e.g., extroversion/introversion), or
attributes relating to the college as a social system rather than educational institution
(e.g., college activities participation/non-participation). Block B variables include:
personal abilities (e.g., native intelligence, physical disability), college study-related
attitudes (e.g., motivation/commitment) and capabilities (e.g., study habits and
skills), personality and emotional factors (e.g., Myers-Briggs Type, depressive
tendencies), personal values (e.g., religious, political, educational), social relationships
(e.g., Tinto’s level of college community integration, level of familial support for
studies), consumer orientation (satisfaction with college courses, services, tuition),
and special unforeseen circumstances (e.g., loss of health, job relocation). Block B
student characteristics are similar to Block A attributes in that they represent factors
conceptually outside the formal educational process though highly relevant to it, and
in that they tend to form prior to college entry; but they differ in that B-factors can
alter, sometimes dramatically, under the impact of the college experience.

The C (light-shaded) and D (dark-shaded) variable sets enumerated in Figure
1 stand for the academic process proper. The former consist of student academic
behavioral and performance indicators (location of study, schedule type, study
objective, major curriculum of study, credit load tendency, grade point average,
participation in financial aid and academic enhancement programs, and the like).
Taken together, these factors constitute the action side of the academic process:
students making study choices, enrolling in courses, doing assignments, taking
examinations, getting grades, and thereby increasing or decreasing their chance of
educational success according to the quality of their decisions and performance. It
is important to notice, however, that none of these variables directly measures
academic progress. For example, knowing that a student has a high cumulative GPA
tells one little about how far along she has traveled toward her educational goal;
many a high-performing student has been forced to leave college for financial or
health reasons, or fails to fulfill core requirements because of difficulty with a
required course or two. Good academic performance may contribute to or predict
academic progress but is not the progress itself.
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It is the D group of factors that make up this progress measuring or effectual
side of the academic process. D1 represents the remediation sub-process, whether
a student has placed into one or more academic skills developmental course
sequences (English usage, reading comprehension and high school mathematics), the
number and scores of placement tests taken, the taking and passing of
developmental courses, and the number of required developmental programs
completed. PGCC students required to take developmental courses and who have not
yet completed their remedial programs are precluded from enrolling in many entry-
level core requirement credit courses. “Graduating” from one’s developmental
programs is tantamount to progressing into the regular credit course stream. The
remaining D factors represent progress within the regular credit stream: D2 portrays
academic progress as measured by simple summary indicators of
retention/persistence and undifferentiated credit accumulation. D3 lists stages in the
fulfillment of a curriculum program leading to an associate degree or occupational
certificate. D4 presents the graded steps toward fulfilling a degree-seeking student’s
general education requirements. Finally D5 includes the criteria set by a targeted four-
year school met by a student attempting to transfer out of PGCC.

The complexity of the D sector of the academic process as pictured in Figure
1 implies that academic progress should be understood as a multidimensional rather
than a unitary concept. Here, assessment of a student’s overall level of relative
achievement requires multiple scores on multiple progress indices, and there is no
stipulation that student progress need be even down all paths. This brings up a
second way of looking at the D sectors — as the structural or formal core of the
academic process, the mechanics of course enroliment prerequisite, standards for
satisfactory academic standing, credit accumulation procedures, and program
satisfaction requirements.

From this standpoint, the academic process is viewed as an articulation of
several interlocking sub-processes — the main ones being basic skills remediation,
academic standing maintenance, satisfaction of general education requirements, and
fulfillment of curriculum program requirements — each of which constitutes a distinct
set of challenges for students to overcome. Given the articulated complexity of the
system, many students who possess in some general sense sufficient academic
talent and motivation to succeed, may find their overall progress temporarily balked
or even permanently derailed by difficulty in negotiating some particular sub-process.
For example, some may already have satisfied their general education requirements
but may stall out in the gateway courses of their study major; some may have easily
jumped the hurdles presented by all but one required general education area — the
physical sciences perhaps; and some who might otherwise accumulate significant
credit totals may not get the chance to enroll in regular courses because they are
unable to complete their developmental requirements. We term this the Lost in the
Machinery effect, and future research may prove that it accounts for a fair amount

4



of enrollment attrition, quite apart from that explained by factors like general course
performance and average study load considered as discrete independent variables.

The final sector, the two F blocks shown at the bottom of Figure 1, represents
system output — the educational results of the academic process at PGCC. F1
(double-line border) stands for conventional overall academic success or achievement.
OIRA uses a set of standard criteria to judge whether the final outcome of a
student’s PGCC study can be classified as a conventional success: A student
classifies as a success at the time of outcome assessment if his study has resulted
in either (1) formal academic achievement — earning any award (associate degree,
occupational certificate or letter-of-recognition) and/or transferring to a four-year
higher educational institution; and/or (2) significant credit accumulation, set as
sophomore status (30 or more credit hours earned) plus academic good standing. The
main independent variable of final outcome employed in this study (achiever =1/non-
achiever=0) is based on sorting Cohort 1990 students according to the above criteria
after the fifth year of the cohort’s existence.?

F2 (dashed-line border) stands for all other ways of adjudging educational
results, and is included in Figure 1 mostly to remind us that achieving conventional
academic success is not equivalent to benefiting from a higher educational program
in many important senses. For example, conventional achievement at best is no more
than a loose and indirect indicator of actual learning even if we limit the test of
knowledge acquisition to a student’'s field of study, and even less so if it is
broadened to include knowledge constituting a classic liberal or new information age
education. Nor does conventional academic achievement any better give us a handle
on the fulfillment of important non-educational objectives for attending college: using
the knowledge and credentials acquired to get a first job, change careers, start a
business, improve performance in one’s current employment, or achieve promotion
or salary enhancement.?

3The second issue should be brought up at this point, having to do with a modification of
the cohort base for this research. Since our purpose here was to gain an understanding of the
correlates of academic achievement among regular program students, obvious special motive
students were dropped from the cohorts. These were students the pattern of whose first-registration
declarations and initial enroliment behavior strongly suggested non-program reasons for attendance.
Early analysis identified 257 students fitting this description (around 10 percent of the original
2,643 cohort members), leaving an analysis base of 2,386 students.

4 Paradoxically in fact, for one not insignificant set of students it is actually failure to
achieve in the conventional sense which may mark success: “hidden” special motive attenders who
start regular award programs and state degree-seeking study objectives to the Registrar but have no
real intention to complete their programs and drop out immediately upon satisfying their true short-
term job-related goals. Later in this report we will present evidence for the existence and extent of
hidden special motive students in Cohort 1990.



This brief review of outcomes measurement immediately suggests an important
reason why most outcomes research, including ours, relies on formal achievement
dependent variables — simple data availability. The PGCC student records system
and the Maryland Higher Education Commission’s student tracking system readily
provide individual enrollee data on credit accumulation, academic standing, award
earning and transfer to four year colleges and universities, whereas measuring
informal, more difficult to specify concepts like student “learning” and extra-
academic success would require special time- and resource-intensive data gathering
efforts, probably involving elaborate survey research.® This leads to a larger point:
incomplete identification of all of the vital model elements aside, it would be
premature to posit any general model of the academic process if only because many
of the likely elements are so difficult or impossible to operationalize by means of
standard data. And if anything, this is even more true on the independent variable
side of the equation than it is on the dependent variable side. Consider the following
partial list of serious gaps in our Cohort 1990 database: In the social background area
(A), although we have the usual bare-bones attribute indicators (student age,
race/ethnicity, gender, marriage status), we have no data on current employment
status, occupational category data, personal income,® or financial circumstances. Nor
do we have measures of current family circumstances like whether students are living
with, and are being supported by, parents nor concerning the number and age of
children students themselves maybe responsible for. Nor is there any information on
family of upbringing (e.g., parental education and values), nor on secondary school

5 Even reliable standard sources on formal academic achievement sometimes turn out to be
lacking in some methodological respect or other. In PGCC’s case, the classification accuracy of the
transfer component leaves something to be desired. The Maryland Higher Education Commission,
sole source for the data allowing us to flag PGCC student transfers, limits its tracking to community
college transferrals to state system four-year colleges and universities. The absence of data for
transfer to independent and out-of-state schools means that the probable full extent of Cohort
1990's transfer behavior goes under measured in our research. An outcomes assessment of Cohort
1984, which had the unusual feature of including exiter survey data, suggests that MHEC's tracking
approach misses perhaps a quarter of all valid four-year transfers actually achieved by PGCC first-
time students. Therefore, by some small but not unimportant degree our report will be
misrepresenting the true achievement-explanatory strength of the our independent variables.
Inevitably the real correlations will be undercut by the inadvertent missorting of some number of
genuine transfer achievers into the non-achievement category of the dependent variable.

6 Fortunately, we have been able to create a number of surrogate indicators of income and
social class by means of PGTRAK, a marketing system developed for the college’s targeted
student recruitment programs developed from U.S. Census tract data . All socio-economic attribute
variables used in the this research are based on student home tract. Estimating individual attributes
from a group central tendency is, of course, prone to result in considerable predictive error. The one
time we had data to test this (of Fall 1996 Pell Grant applicants which included both PGTRAK?
income estimates and Financial Aid Office personal income category flags), we found that the tract-
based estimate was fairly predictive of known personal income, but only at the grossest data cut —
70 percent agreement in estimate-to-actual income classification dichotomizing both indicators at
below/above $40,000 household income.
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subjects taken nor overall high school performance. The data gap is even wider when
it comes to student personal attitude and capability (Area B). The college’s student
records system has never been charged to collect data of this kind on any regular,
systematic basis, and thus we have virtually no direct knowledge of student native
intelligence, motivational levels and quality of study habits, personality and value
system types, general physical and emotional health or specific learning disabilities,
or degree of social integration into campus life.

But as serious as these data gaps are, we feel that it is important not to
postpone earnest attempts to model the academic process to that happy day when
student records reflect all of the forces which may bear significantly on the progress
of college study. First of all, realistically that day may never come, and it would be
wrong not to press the data at hand, as inadequate in coverage of the phenomenon
to be explained as they may be, for whatever useful they may be able to tell us. It
is, after all, possible that standard variables might take us quite far in rendering an
account of the correlates of academic achievement.

Secondly and more importantly, early modeling efforts will point the way to
the more refined, predictive models of the future. Such work should enable us to sort
out which standard independent variable domains seem to be truly important and
which appear to make only marginal contributions to academic progress variance, to
begin to trace the overall causal network of forces leading up to final study outcome,
to gather hints as to which variable domains not covered by standard student records
data seem most likely worth the arduous effort of special data development, and to
make progress solving important technical issues of methodology.

In the remainder of this report we will report the results of an effort to produce
a provisional model of the progress toward academic achievement of first-time credit
students entering PGCC in the fall of 1990. With a few exceptions, all of the data
employed in this research was of the standard student records type.

Research Plan and Methodological Considerations

In this study, we used three different multivariate modeling techniques. First,
for a preliminary exploration of data set we chose linear regression analysis. Here the
objective was to gain an early sense of how adequately the set of social background
and academic process variables available to us covered the phenomenon of academic
achievement at PGCC, to determine the form of causal model ultimately required
(independent effects or causal network), and to identify and deal with any technical
problems within the data.

Regression is ideal for tackling such preliminary issues. The main product of
regression is an equation predicting the case values of Y (the dependent variable) by



adding together the known case values of a series of indicators (the independent
variables) after each has been multiplied by a regression weight representing that
variable’s unique cross-case impact on Y. The overall predictive success of this
equation is indicated by the R? correlation statistic, which efficiently summarizes the
collective impact of the independent variables upon the dependent variable in terms
of the proportion of the total behavior of Y (called variance) jointly accounted for
(explained) by all predictors. In effect, R? measures the adequacy of a data set as the
basis of a statistical model.

The unique impact of each independent variable upon Y is given by a
correlation statistic associated with its regression weight. This is r,, the semi-partial
correlation, which when squared yields an estimate of how much of the total
variance of Y is traceable to the effect of that variable and only that variable. A
comparison of the sum of the squared semi-partial correlations with R? answers the
question of which model type is best to use with the data at hand. If the squared
semi-partial sum approaches the value of R? then the best choice is an independent
effects model. Since the regression equation is, in fact, simply an independent effects
model expressed in mathematical notation, modeling can stop at this point. But if the
sum is small in comparison to R?, then a causal network approach is more appropriate
and the modeling effort must shift to a new methodological base.

Finally, regression provides an opportunity for exploring various technical
problems of model conceptualization. One perennial concern of statistical modelers
is making sure that there exists a true conceptual differentiation between the
predictor and predicted variables. For example, study load is clearly a variable
conceptually separate from achiever classification, and respectively assigning them
predictor and predicted roles in a model of academic achievement is non-problematic.
But the conceptual independence of a measure like credit hour accumulation is not
so clear, for gathering sufficient college credits is a component part of our definition
of academic achievement. Since it is only one component and since there are ways
that students with relatively low credits earned records can be accorded achiever
classification (i.e., transfer to a four-year school), one might argue that credit
accumulation is sufficiently independent to be included among the predictors; or, one
might argue that its conceptual overlap with the predicted variable is cause for
immediate dismissal.

We decided to take an empirical rather than an a priori stand and let a
comparison of the R?s of regression equations including and excluding the
conceptually ambiguous independent variables settle the matter: if the inclusion R?
is very high, especially in comparison to the exclusion R?, then the ambiguous
variables should be dropped because they overlap with the dependent variable
enough to be considered statistically equivalent to it. But if the two R%s are near in
value, then the overlap is not severe and the ambiguous should remain.
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The other important conceptual concern of statistical modelers is the avoidance
of high levels of what is known as collinearity among predictor variables. Collinearity
is the tendency of conceptually related independent variables to intercorrelate highly,
suggesting the existence of a common underlying dimension. High collinearity can
cause all sorts of confounding analytical problems since each of the related variables
measures the common dimension slightly differently and at a slightly different level
of correlation. When collinearity levels exceed a certain point, it becomes prudent
to consolidate the raw data by data reduction procedures which produce a smaller
set of new scalar variables representing the underlying dimensions of the data. This
not only solves the analytic problem, but creates a smaller revised set of predictors
that more clearly conceptualize and efficiently model causality. Regression analysis
provides a battery of statistics to assess level of collinearity and to identify highly
intercorrelating groups of variables.

To summarize, our plan for the regression phase called for three research
steps: (1) Run a test regression using all 90 variables in the raw data set to assess
total achievement variance explained, hunt for possible independent-dependent
variable overlap, and to gauge the level of collinearity among predictors; (2) Drop any
independent variables discovered to be seriously compromised by overlap with the
dependent variable, and carry out a program of data reduction on the remainder, if
advisable given collinearity levels; {3) Run further regressions, using the reduced
scalar data set if created, to informally explore causal patterns and to assess the best
technique to be employed in the modeling phase of the research.

The objective of the second phase of the research was to build on the work
of the exploratory phase by creating a full, if provisional, causal model. If phase one
regression analysis found that our data could be modeled quite adequately along
independent effects lines, then this would involve only some additional elaboration
of the final phase one regression equation. But should this prove not to be the case,
as we fully expected it would not be, then we would shift our methodology to a
modeling technique known a causal path analysis. This expectation was based on our
understanding of the real-world complexity of the academic process, which we felt
was far more likely to be properly captured in a causal path model than a regression
model. Figure 2 (below) graphically contrasts these two modeling approaches.

Model A represents the regression approach which assumes a phenomenon
which can be grasped by means of simple, linear, additive mathematics. It has the
following structure: a number of independent variables (boxes), a dependent variable
(the oval), and unidirectional causal flow (arrows) connecting each independent with
the dependent variable. {The mathematical plus and minus signs here, indicating the
direction of correlation, are arbitrary, and for illustrative purposes only.} Also drawn
are double-headed arched arrows linking all possible pairs of independent variables.

9
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These are assigned zeroes, to indicate absence of correlation. Like spokes connected
to a wheel hub, a regression model, then, posits a series of entirely uncorrelated
predictors, each of which independently impacts (hence, independent variable) on a
dependent “target” variable. Put another way, the effect of each independent is a
direct effect, owing nothing to the operation of the other independent variables. From
the standpoint of modeling the academic process, the assumption that causal
variables be uncorrelated is, of course, totally unrealistic. In the real world GPA can
be expected to correlate with Academic Standing which in turn is known to influence
Term Credit Hour Load.

The academic process comes much closer to being realistically depicted by the
B Model, to which the mathematics of causal path analysis conforms. In the B
instance, model shape varies greatly. Variable connections are not forced to comply
with a rigid spoked wheel image but link up according to an a priori theory suited to
the phenomenon under study; the causal flow (arrow heads) are determined by the
conceptual structure of the theory and by common sense and chronicity (e.g., race
may effect developmental placement but not the reverse). Model B variables,
therefore, tend to interact in a variety of causal patterns and there is no intrinsic
distinction between independent and dependent variables. The researcher, for
example, might choose as the primary research focus VAR4, which in the figure
parallels Model A’s DEP and is also the only variable in its model exclusively on the
causal receiving end. (This would correspond to achiever classification in an academic
process model.) But he is also at liberty to shift attention to other interesting
variables to understand their roles in the overall matrix of causality leading to VAR4.’

Model B resembles a net rather than a spoked wheel, each cross-knot a
variable which may be looked at as the product of the effects of variables preceding
it, or as the proximate cause of the next variable down the line, or as the remote
cause, along with other variables following it, of some other variable far down the
line. To illustrate using the language of variable effects, VAR2 may impact on VAR4
in Model B three distinct ways: /ndirectly through intervening VAR3, indirectly as part
of preceding VAR1's impact on VAR4, and directly (what is left over when the one-
on-one correlation between VAR2 and VAR4 is controlled for the effects of VAR1
and VAR3). Using causal path analysis, we would be able without difficulty to
substitute for VAR1, VAR2 and VARS3 the three academic process variables from our
earlier example, and go on to disentangle all of the direct and indirect effects of GPA,
Academic Standing and Term Credit Hour Load among each other and upon
achievement (VAR4).

"Two of these actually take the “dependent” position with respect to some other variables in
the total system: VAR4 is “dependent’ with respect to VAR1, VAR2 and VAR3; VAR3 vis-a--vis
VAR1 and VAR2; and VAR2 vis-a~vis VAR1. VAR1 is the only true “independent” variable
{exogenous in the language of path analysis) in Model B.
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Our plan for phase two was first to specify a B-like model of study success
according to our best understanding of the likely causal flow among
social/educational background variables and academic process variables, and then to
test it using Cohort 1990 data as revised in phase one and AMOS, a path analysis
software package designed to draw causal path diagrams and calculate the empirical
strength of inter-variable links. The strength of any linkage is traditionally measured
in path analysis by a measure known as the path coefficient, which is analogous to
the direct effect correlation between two variables once the effects of all prior
variables leading to them in the model are controlled for.? (In Model B, for example,
the path coefficient of the VAR2 > VAR4 link would indicate the strength of impact
of VAR2 upon VAR4, controlling for the effects of VAR1 upon VAR2, VAR1 upon
VAR4, VAR2 upon VAR3, and VAR3 upon VAR4.) Lastly in this phase, we would
examine the pattern of the path coefficients in our model to identify the main
pathways to achievement and the most strategically placed variables along those
pathways.

The objective of the concluding phase of the research was a little different. Up
to that point the research centered on developing a general causal model of the
PGCC academic process leading up to study success or non-success. The variables
and pathways of the model would indicate just how achievement probabilities altered
for the hypothetical typical student located at any particular point in the causal
matrix. As important and valid as modeling the process in this theoretical way was,
it provided a view of limited practical utility. The “typical student” was after all just
a methodological device, more myth than real. Real students vary greatly and follow
any number of different paths to the final outcome of their study careers. At least
as a supplement, academic policy makers needed a more concrete take on how the
academic process worked, one centering on the pattern of variation in study career
paths . Therefore, we determined to round off our research by re-working the same
data which generated the causal path model of phase two using a radically different
analytic technique — cluster analysis. In cluster analysis, a population is broken down
into a number of sub-populations called clusters, according to how similar or
dissimilar members are to each other across a series of attributes. The set of clusters
is formed by the systematic comparison of the attribute profile of each case with all
other cases. Based on this, the procedure sorts cases according to the patterns of
attribute similarity/dissimilarity into a set of clusters, each exhibiting a maximum
internal homogeneity, while the whole set of clusters exhibits a maximum
heterogeneity.

8 Technically, a path coefficient is the direct effect standardized regression weight of the
causal variable upon the caused variable.
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The plan in phase three was to re-analyze the academic process attributes of
Cohort 1990 members by cluster analysis, thereby placing students into study career
clusters, each of which represented a different stable pattern of remediation, study
load, term attendance, course performance, etc. In effect, then, these study career
clusters would represent the set of actual pathways through the academic process
most commonly trod by our students, and could be analyzed by member
social/educational background and assessed in terms of academic achievement
likelihood.

Findings from Regression Analysis

As a set-up for our substantive regression analysis, we began phase one of our
research with a “omnibus” test achievement regression, entering all of the original
90 independent variables available to us, the results of which are easily
summarizable:

n When all 90 independent variables were force-entered, the regression equation
produced had an incredibly high associated R? of .85 (nearly nine-tenths of all
achiever placement variance explained). This strongly suggested the existence
of an independent variable/dependent variable overlap problem. We
hypothesized that independent variables conceptually close to the dependent
achiever variable (e.g., cumulative earned credits hours, number of required
general education areas completed) were responsible for R? inflation, that we
were inadvertently guilty, in effect, of partly correlating the dependent variable
with itself. Sure enough, when the 18 progress variables were dropped in a
second run entering only the remaining background and performance variables,
R? also dropped dramatically — to .63. The decision was made, therefore, to
drop these variables permanently from the analysis.

n The finding that an achievement regression involving only truly independent
variables yielded an R? of .63 gave us an estimate of the maximum power of
the data available to us to explain achievement variance: around three-fifths.
How one evaluates the adequacy of the data for supporting academic process
modeling depends on one’s point of view, however. From the comparable
research perspective, a “more than half-full” result looks quite good, for
published works on student academic achievement rarely report variance
explanations of over 30 percent. Our comprehensive approach doubled the
technical explanatory power of multivariate analysis in this area. However,
from the standpoint of achieving a complete theoretical understanding of the
phenomenon under study, our research result had an “almost half-empty”
appearance. This did not surprise us, given that so many of the components
of total academic process (as inventoried in Figure 1) were left uncovered or
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undercovered by the data available,® but it did caution us against making
untenable claims for the definitiveness of any product of our modeling efforts.

= The battery of diagnostic statistics provided in the output for the 72-variable
regression pointed to the existence of severe collinearity problems in the data.
For example, conditional index tests found that every single academic process
variable seriously intercorrelated with at least two others. Clearly, a
comprehensive program of data reduction was called for before we could
proceed to the next step.

A data reduction procedure takes highly intercorrelating sets of individual
variables and re-works them into scalar equivalents measuring the single dimensions
represented by each set. When the need for down-scaling is general, as it was here,
the technique normally employed is called factor analysis. The technique involves,
first, the systematic discernment of the patterns found in a matrix representing the
correlation of each variable with every other variable in a data set. This leads to the
generation of that small set of linear variable combinations which can stand in for all
variables with the maximum preservation of the original intercorrelation patterns.
These linear variable combinations, called factors, are in fact scales, and although
each factor includes all variables in its construction, each is always strongly
dominated by a unique group of highly inter-correlating (multicollinear) indicators
which point to its proper interpretation.

The researcher fixes the meaning of each factor by examining the correlations
of all of the original variables with the new scales, identifying the group of variables
most heavily contributing to its construction (all but a few will correlate only trivially),
and then searching for the common theme uniting the variables in the defining set.
Finally, the procedure assigns each individual case (here, cohort student) a position,
termed a factor score, on each scale generated by the procedure, expressed in
standard deviation units. The end result is the replacement of an unmanageably large
set of individual independent variables, the impacts of which are next to impossible

% The independent variables entered into the regression represented direct Sector B
psychological, attitudinal and aptitudinal influences not at all, and Sector A socio-cultural, economic
and pre-college educational influences only weakly (e.g., no direct socio-economic measures, no
data on current employment or familial circumstances and pressures, no data on parental education
or on the environment and values of the childhood home, no secondary school performance data).
Available Sector A data included a small set of simple standard background variables drawn from the
student records database (age, race/ethnicity, married/single, pre-PGCC level of educational
attainment and identity of secondary school) and a few additional data index constructions (e.g., an
inferential socio-economic index construction based on Census tract data, and a delayed entry
indicator created by comparing high school graduation year with the cohort inaugural year). Only
Sector C (measuring persistence, effort and performance) and D1 {measuring remediation need and
development program participation and progress) were comprehensively represented in the data.
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Table 1. Extracted Factor Scales and Their Interpretation

Factor Label

Interpretive Name

Representative Defining Variable Loadings

TRSSEEK

Degree-Seeking and
Future Study Intention

Specific Career Curriculum Choice (-.87)
Any Transfer Curriculum Choice {.73)
Arts & Sciences Curriculum Choice (.46)

PERSMOTV

Special Personal Motives
for Attendance

Stated Enrollment Reason: Job/Other Personal (.90)
Stated Enrollment Reason: Transfer (-.89)
Any Non-Occupational Curriculum Choice (-.24)

PREPARED

College Preparedness/
Remediation Progress

Dev. Course-Taker/Programs Completed (.84)
Developmental Math Required (-.65)

Number of Developmental Programs Required (-.63)
Developmental Math Placement Test Score {.51)
Mean Placement Test Score (.47)

LAUNCH

Early Term Survival
and Progress

“Good Start” - Enrolled Fall 1/Spring 1/Fall 2 (.69)
Any First Year Good Academic Standing (.66)
10+ Credit Hours Earned (.57)

Enrollment beyond First Fall (.53)

Any First Year Credit Hours Earned (.47)

First Year Cumulative Grade Point Average (.46)

EFFORT

Study Load Carried

Mean First Fall/Spring Course Hour Load (.94)*
Mean Major Term Course Hour Load 9+ (.92)*
Mean Major Term Course Hour Load (.91)*
First Fall Course Hour Load 15+ (.86)*

PERFORM

Course Performance and
Academic Status

First Year Cumulative Grade Point Average (.83)
Last Cumulative Grade Point Average (.82)
Earned/Attempted Credit Hour Ratio (.79)**
Always in Academic Good Standing (.63)
Proportion of Major Terms in Good Standing (.62)
Any Probationary Standing Period (-.43)

PERSIST

Attendance Persistence/
Continuity

Attendance Duration from Fall 1 to Last Term (.86)
Number of Major Terms Enrolled (.75)

Major Term Enrollment beyond First Year (.74)
Major Term Enroliment beyond First Fall {.63)

10+ Credit Hours Earned (.55)

Sequential Major Terms/No “Stopping Out” (.53)
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Table 1. {Continued)

Factor Label Interpretive Name Representative Defining Variable Loadings

PROBLEMS Patterns of Remediation Number of Course-Taking Developmental Areas (.77)
Difficulties and Stalled First Year Developmental Course-Taking (.73)
Academic Progress Number of Developmental Courses Repeated (.71)
Any Restricted Academic Status Period (.66)

Always in Good Academic Standing (-.61)

Mean Placement Test Score {.-.57)

Any Credit Course Attempts (-.43)

Passed at least 1 Attempted Credit Course (-.39)
Developmental Math Required/Incomplete (.33)

ATTITUDE Implied Study Motivation Attended Both Day/Evening - Any Major Term (.71)
& Success Commitment Attended Both Main/Extension Center Classes (.69)
Attendance Duration from Fall 1 to Last Term (.64)
Any Summer Term Enroliment (.63)

Any Change in Study Major (.61)

Sequential Attendance/No “Stopping Out (.49)
“Good Start” - Enrolled Fall 1/Spring 1/Fall 2 (.43)

SUPPORT Institutional Financial & Any Pell Grants Received (.88)

Academic Support Any First Year Pell Grants Received (.82)

Any Minority Retention Program Participation (.35)
Any Job Planning/Study Technique Courses {.21)

HISES Inferred Student Socio- Lifestyle Cluster Social Class Trichotomy (.82)***
Economic Background Home Census Tract % Upper White Collar (.76)
Level Home Census Tract Median Household Income (.74)

Home Census Tract % College Graduate Adults (.74)
Home Census Tract % Female-Head Families (-.73)
Home Census Tract % on Public Assistance {-.70)

* Includes developmental course hours  ** Regular credit hours only
*** Based on PG-TRAKS0, a P.G. County marketing and targeting system

to assess due to high collinearity among types of variables, with a small, manageable
set of independent variable scales without any multicollinearity-within-type problems
by definition.'

'° The factor analysis was performed using obligue rotation rather than the more standard
varimax rotation. The latter produces factor scales of heightened power which are mathematically
prevented from intercorrelating, a quality preferred when the phenomenon being modeled can
adequately be represented by a set of direct effect predictors. Oblique rotation, on the other hand,
heightens scalar power without sacrificing the empirical tendencies of factors to intercorrelate. This
form of rotation was preferable in our case because the phenomenon of academic achievement
under study was too complex to be captured in a simple direct effects model.
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Table 1, above, presents the array of factor scales generated by two factor
analyses: the multi-scalar rendering of the original 56 Sector C and D1 independent
variables, plus a supplementary factoring of a range of social class indicators into a
single socio-economic scale. The table shows which scales emerged from our factor
analyses, gives the standard label used to identify each in all further report tables and
discussion (e.g., TRSSEEK), indicates which of the original variables dominated and
defined each factor, along with their scale correlations (called /oadings in factor
analysis), and provides a brief description of the dimension underlying each factor,
a summary interpretation of the theme common to the top loading original variables.

As can be seen, the oblique factor analysis reduced the original 56 Sector C
and D1 independent variables to just ten factor scales. Arranged in rough causal
distance from academic final outcome, these were TRSSEEK (Degree-Seeking and
Future Study Intention), PERSMOTV (Special Personal Motives for Attendance),
PREPARED (College Preparedness and Remediation Progress), LAUNCH (Early Term
Survival and Progress), EFFORT (Study Load Carried), PERFORM (Course Performance
and Academic Status), PERSIST (Attendance Persistence and Continuity), PROBLEMS
(Patterns of Remediation Difficulties and Stalled Academic Progress), ATTITUDE
(Implied Study Motivation and Success Commitment), and SUPPORT (Participation
in College Financial Aid and Special Academic Support Programs). Half of the items
on this list were expected and fell neatly into the academic model component boxes
of Figure 1 — TRSSEEK, PERSMOTV, EFFORT, PERFORM and PERSIST; but the
remainder were a surprise, and their appearance in the factor analysis constituted the
first real findings of our research.

First, apparently two separate dimensions underlay the original set of variables
relating to college preparedness and participation in remediation programs. Rather
than a single REMED factor, our analysis automatically generated two scales: one
measuring students in terms of level of study readiness and developmental p/acement
status (PREPARED), and a second (PROBLEMS) combining variables tracking absence
of student developmental progress with several drawn from the credit course
performance side of the academic process. These latter indicators flagged various
negative credit study conditions (e.g., restricted and probationary academic standing,
failure to enroll in credit courses, and failure to convert credit enroliments into earned
credit hours), and when taken together with developmental non-progress pointed to
the existence of certain special patterns of academic frustration and stagnation. The
emergence of the PROBLEMS factor implied that when students experience
difficulties across a range of academic processes, including and especially the
strategically placed developmental process, the negative effects of these individual
difficulties tend to coalesce into a self-reinforcing progress-inhibiting syndrome with
its own independent effects.
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Second, the factor analysis discerned an important timing aspect in the
measurement of academic performance. Along side EFFORT, PERFORM, PERSIST and
PROBLEMS, which assessed a student’s progress-relevant behavior over his or her
whole study career, a separate LAUNCH factor also emerged, based on variables
exclusively concerned with gauging what happened to students during the earliest
terms. Special to the LAUNCH factor were its top loading variable, the “Good Start”
indicator (attendance in all three initial major terms), and launch period survival
(enroliment beyond the first year). But the other key variables were simply Launch
Period versions of the same sort of indicators out of which the EFFORT, PERFORM,
PERSIST and PROBLEMS scales were constructed (for example: First Year Cumulative
GPA versus All Term Cumulative GPA). This suggests that the common intuition that
there is something special and formative about a student’s first several college terms
is substantiated: The Launch Period seems to function as a shakedown time which
separates the absolutely unready and unmotivated from those more willing and able
to handle the challenge of college-level study.

Third, the factor analysis unexpectedly brought forth two scales relating to
two subsidiary dimensions of the academic process. A general measure of student
receipt of special institutional support (SUPPORT) was created by the procedure out
of variables measuring student participation in financial aid programs (Pell Grants),
in academic counseling and support programs (ALANA, a minority mentoring program
and the TRIO-funded Student Support Services), and in study skills training and
career planning courses. Prior to the factor analysis we were uncertain whether the
few variables we possessed to track the presence and use of institutional support
efforts would factor into a single independent scale, or whether they would be
absorbed in the construction of the more theoretically central factors. Factor analysis
proved that this less noticed side of the academic process has a statistical life of its
own.

Also, the procedure created a truly unexpected factor (ATTITUDE) by
combining the effects of a seemingly miscellaneous set of Sector C variables.
Contributors to the scale included flags of enroliment in both day and evening
classes, in both main campus and extension centers classes, and in summer term
classes, plus measures of attendance consistency and duration, and a flag for having
made any change in study major. All of these were indicators of student academic
choices requiring extra effort regarding class attendance, or in one instance (change
in study major) extra thoughtfulness regarding study objectives. The key word was
“extra,” suggesting that such choices /indirectly reflected a highly motivated attitude
toward college. The unexpected emergence of this arguably psychological factor, the
sole representative of Academic Process Sector B among our factor scales, was very
gratifying. Lacking direct psychological measures, we had initially feared that we
might have to leave this entire critical area unexplored in our first modeling venture.
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TABLE 2. Regression of Student Background Variables
And Academic Factor Scores upon Study Achievement
(N = 2,386)
ALL VARIABLE REGRESSION R? =.469
Yri=.11
ZERO- Semi-
r INDEPENDENT ORDER PARTIAL
RANK VARIABLES*
r r,?
1 ATTITUDE .239 .035
2 PERSIST .207 .003
3 LAUNCH .198 .018
4 PERFORM .159 .018
5 SUPPORT .118 .001
6 EFFORT .102 .009
7 PREPARED 101 .015
8 PROBLEMS** -.098 -.006
9 White* .058 .001
10 HS Quality .055 .002
11 HISES .033 .000
12 PERSMOTV** -.027 -.001
13 Young : .027 .001
14 Immed Entry .027 .000
15 TRSSEEK .014 .000
16 Single .007 .000
17 Female .002 .000
*Factor scale independent terms, described in the text, are indicated by CAPITALIZED variable
names; non-factor-based variables are as follows: White + {White/Asian/International Students=1,
African American/Hispanic Students =0); Female (Female Student=1, Male Student=0); Young
(Under 21 =1, 21 and Over =0); Single (Never Married/Separated/Divorced =1, Now Living with
Spouse =0); /mmed. entry {From High School to PGCC within 1 Year =1, More than a Year=0),
H.S. Qual (P.G. Private =4, High Rated P.G. Public =3, Other P.G. Public =2, Other H.S./G.E.D./No
Diploma =1).
** Mathematically, all squared values are positive; the minus signs shown preceding the
correlation values for PROBLEMS and PERSMOTV are meant merely to flag the fact that the
original unsquared correlation was negative.

Finally, the table shows the derivation of the only social/educational
background factor we created through factor analysis to be used in our regression
work — HISES, measuring home neighborhood socio-economic ranking. Because of
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their intrinsic interest, we decided to enter the remaining six background variables
into our regressions in their original form: Five were dichotomous attribute variables
representing race/ethnicity (White*), gender (Female), age (Young), marriage status
(Single) and duration between high school graduation and college entry (/mmediate
Entry). The last was a three-point scale of quality of high school education based on
the school ratings of locally knowledgeable college staff (HS Qual). The labels of the
dichotomous variables were selected to point to the background quality being
measured, and as customary, the presence of a quality was set to 1 and its absence
to 0. For example, for the Female indicator, those in the criterion category Female
were flagged with a 1, those Not Female (i.e., males) with a 0."’

The data reduction program completed, we were finally ready for our first
substantive regression analysis. The basic results of the forced entry regression of
the 11 new factor scales and 6 remaining original variables against achiever
classification can be seen in Table 2 above. The table displays the following
statistics: (1) the whole-equation R?, allowing us once again to assess the adequacy
of the data set to cover the phenomenon of academic achievement; (2) the whole-
equation sum of the squares of all variable semi-partial correlations (3 r,,z), a measure
of how much of the total variance is explained by individual variable direct effects
and therefore an indirect test of the appropriateness of the regression model; (3) the
square of the Pearson zero-order correlation for each independent variable (%), which
gives the proportion of the dependent variance it explains by both its direct and
indirect effects; and (4) each independent variable’s semi-partial (direct effect only)
correlation with achiever classification (rpz).

The following points can be made based on the regression results found in
Table 2:

= Our data reduction program was successful. Although there is always some
loss in explanatory power when one scales any set of related variables, the
scales emerging from the factor analysis retained most of the original
independent variable joint correlation with achievement. The regression
equation R? fell by only 16 percent of the achievement variance explained (.63
to .47, 72-variable and 17-variable R%s respectively).

" The variables defining HISES are given in the factor descriptions in Table 1. Along with
the numerically highly predominant white student contingent, the criterion category of White* also
included the small Asian American and international student minorities in the cohort, which behaved
very similar to the white students with respect to academic achievement. See methodological
Appendix B for a detailed discussion of the construction of, and methodological consideration
relating to, the five student attribute dichotomous variables. Appendix B also provides a full
description of the derivation of the High School Quality four-point scale.
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u Given the closeness of original and revised R? correlations, our earlier remarks
assessing the level of achievement variance we were able to explain with the
predictors available remain valid — basically, while we were able to obtain
better than average results compared with other studies of the correlates of
study success, we still were unable to account statistically for around half the
phenomenon in question because of important data gaps.'?

u The Y r,? result strongly implied that regression was the wrong technique for
modeling academic achievement. Less than a quarter (.11) of the joint
explanatory power of the independent variables (.47) proved traceable to their
individual direct effects upon achiever classification. This confirmed from a
mathematical point of view what we already believed to be the case from a
theoretical point of view: That the phenomenon of academic achievement is
best conceptualized as a complex web of background and process variables
working together to produce study success probabilities. With the possible
exceptions of course performance and term persistence, the two variables
most directly bearing on study success, there is no logical reason why any of
the predictors should exhibit discernable direct effects.

u Most of the independent variables exhibited negligible individual levels of
unique impact on achievement likelihood. But the direct effects of five
predictors, though of low absolute magnitude, were strong enough to be
noticeable: ATTITUDE (r,2=.035), LAUNCH (.018), PERFORM (.018),
PREPARED (.015) and EFFORT (.009)."

2 15 we shift the predictiveness standard from the theoretical to the practical, the
performance of the regression equation looks a good deal better. Practical predictiveness is simply
the ability to properly prophesy case placement on the dependent variable scale. Here we are talking
about the overall rate of success to guessing student achiever /non-achiever classifications using the
equation-based estimate of achiever probability for each case. We calculated the proper placement
rate, often called the coefficient of concordance, for the 17 variable equation, using an achiever
probability of >.5 as the criterion for predicting an achiever classification. The coefficient’s value
turned out to be .84 - that is, in 84 percent of the cases, estimated student achievement
classification was in accord with known student achievement classification. The reason for the large
gap between the theoretical and practical predictiveness of the equation is that there were relatively
few assured estimates of case achiever classification {say, probability below .3 and above .7} and a
preponderance of unsure estimates in the middle range {above .5 probability). In other words, the
attributes of the typical case tended to work at cross-purposes with respect to achievement
likelihood or provided only scanty clues {low theoretical predictiveness), but when processed
through the equation their combined slight weight toward one side or the other was sufficient to
“tip the scale” in the correct direction (high practical predictiveness).

'3 The noticeable direct effect of PERFORM was non-problematic because it fitted with the
theory, but those of the other variables were somewhat counter-theoretical. The most likely
explanation for these minor discrepant readings is that they represented the indirect effects of some
of the influences on study success gone unmeasured due to the limitations of our data.
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n The table shows independent variables in rank order according to 72 level,
which simultaneously measures, in explained variance terms, both the direct
and indirect impact of a single variable upon a dependent. When the second
variable represents the outcome of a complex causal network and the first
variable is one of the predictors of that network, then 2 can be loosely
interpreted as reflecting the overall importance of the role played by the
predictor in that network's effect upon the dependent variable. Eight predictors
registered r’s of around the .10 proportion of achievement variance explained
or better: ATTITUDE (.24), PERSIST (.21), LAUNCH (.20), PERFORM (.16),
SUPPORT (.12), EFFORT (.10), PREPARED (.10) and PROBLEMS (-.10).

n The overall causal network importance of the eight predictors just mentioned
was furthermore confirmed by a supplementary stepwise regression analysis.
When a regression is performed using the stepwise inclusion/exclusion
procedure, the only predictors entered from a larger set of independent
variables are those which a probability algorithm determined were essential to
maximizing the predictive power of the regression equation. For regression
entry the stepwise procedure selected the above eight, plus White* and HS
Quality. This yielded an equation with an R almost identical to that of the 17-
variable equation; in other words, the network could be reduced to just these
ten predictors with almost no loss to its power to determine achievement
probabilities.* '

] That the factor scales measuring course performance, attendance persistence,_
term study load, and college preparedness/developmental placement should
turn up in a list of those most central in a network of academic achievement
causality is perhaps not surprising. These are, after all, the variables
representing the core elements of the academic process, and two of them —
PERSIST and PERFORM — directly capture the essence of the two simple but
crucial activities which, if engaged in often enough, mechanically guarantee
success at college: enrolling in courses and passing courses.

L The entries on the list most central to the network of achievement predictors
which deserve real comment were ATTITUDE, LAUNCH and PROBLEMS. None
of these factors measure commonly accepted aspects of the academic
process, yet they all apparently made important contributions to setting the
probabilities of college success for Cohort 1990 students. In fact, level of
student success motivation (as implied by engaging in various “extra effort”
study behaviors) was at the top of the list (r*=.24), and survival of and quality

% The stepwise regression output also flagged five predictors from among the ten entered
as contributing the most to the step-by-step calculation of the regression equation — in order of
equation entrance, these were ATTITUDE, LAUNCH, PREPARED, EFFORT and PERFORM.
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academic performance and attendance during the “launch period” (first three
major terms) came in third (.20). The tendency of some students to fall into
a debilitating syndrome of academic difficulties was last on this list (-.10), but
the fact that it made the list at all is notable because the phenomenon
measured by the PROBLEMS factor has until now gone unreported as a
separate factor in conditioning success probabilities.

= Finally, what independent variables did not make the network-central list is
also of some interest. Absent were the two academic process factor scales
dealing with curriculum choice and study objective (TRSSEEK, measuring
student preference for transfer-related programs over career-related programs
and no program choice, and PERSMOTV, measuring the degree to which a
student has non-standard motives for attending college — e.g., personal
enrichment). Also absent were all variables measuring student social/
educational background (although our stepwise regression did include White™*
and HS Quality as the last two terms of its equation).

Table 3. R? for Regressions Of Study Achievement
with Independent Variables Selected by Process Type (N = 2,386)
PROCESS TYPE {VARIABLES INCLUDED) R?
Whole Model (All 17 Variables) .469
General Academic  (EFFORT, PERFORM, PERSIST, PROBLEMS) .355
Launch Period (PREPARED, LAUNCH) .256
Special Attributes  (ATTITUDE, SUPPORT) 249
Background (HISES, White*, Female, Young, Single, Inmed Entry, HS Quall .104
Study Orientation  (TRSSEEK, PERSMOTV) .034

Such findings made us wonder how independent variable impacts might vary
by larger predictor categories, a question we explored in a concluding supplementary
series of regressions resulting in Table 3 just above. Displayed are the R? results,
from highest to lowest, for five regressions, each of which was generated by a
different set of independent variables. Each entry group included only predictors
related by a defined academic process type — e.g., TRSSEEK and PERSMOTV are
predictors of the “Study Orientation” type. Here R? indicates how much of the total
achievement variance can be collectively explained by all variables of a given process
type working together. Broadly speaking, R? for a predictor type is analogous to r?
for an individual predictor. Table 3 findings were as follows:
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u As we expected, given the individual variable r# results of Table 2, the
regressions based on the core academic process variables (General Academic
R?=.36), on early term performance and behavior (Launch Period .26), and on
unusual considerations like success attitude and level of institutional support
(Special Attribute .25), account for the most achievement variance.

= Collectively, the two Study Orientation variables TRSSEEK and PERSMOTV
seemed to impact on achievement variance hardly at all (R?=.03). This finding
lends little credence to the belief common among educators that students in
traditional academic programs or attending for traditional academic reasons
have an important edge on those studying for job-related or personal reasons.

u Even working collectively, the seven social/educational background variables
managed to explain only a very modest proportion of the total achievement
variance (R*=.10). Considering all of the attention devoted by the education
community to the supposed influence of ethnicity, gender, poverty and the like
on learning, this calls out for comment.

u We can think of two technical factors which might have held down
Background regression R%: (1) Our set of variables did not cover important
aspects of student background, environment and personal characteristics like
familial and job pressures, high school performance and native intelligence, to
name just a few; (2) Some of the background indicators we used were
methodologically weak (e.g., HISES indirectly derives student social class from
home Census tract socio-economic data). But whatever the dampening
influence one attributes to these, the fact still remains that race/ethnicity and
gender variables were unaffected by such possibilities, and neither of these
classic background indicators proved to be prime predictors of study success
at PGCC.

Before pushing on to reporting our findings based on causal path analysis, we
need to make one additional point regarding our regression findings: It is easy to be
misled by our regression estimates of the relative “causal network-centrality” of
achievement predictors, and one must take great care in interpreting them. A good
general reason for exercising caution here is that regression is, at best, an awkward
analytic tool for getting at such matters. But the particular reason is that the idea of
“causal centrality” is not equivalent to the idea of “causal importance.” Just because
a predictor was not found to be a prime focal point around which a good deal of the
total interaction among many other elements in the network was organized, does not
necessarily mean that the predictor had no vital role to play. As will become quite
clear as we next examine the results of a proper causal path analysis of our data,
many “non-central” predictors play important /ocalized roles within the causal
network.
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Findings from Path Analysis

With what we learned from the regression phase of our research, we were able
to proceed to causal path analysis. In a nutshell, path analysis results in a tested
structural model of a causal network. Using a set of linear predictors, the researcher
constructs a model of the phenomenon of interest, based on his best theoretical
understanding of how the phenomena works. He lines up his variables to represent
causal sequences, drawing arrows of causality to link them (arrow heads point in the
direction of the causal flow). Not all possible paths among the variables will be
drawn, only those informed by the theory.

The decision on which paths and directions to be included in the model is
important because path analysis is fundamentally a theory testing procedure. its
output provides a set of path coefficients (standardized partial regression weights),
for measuring the predictive association of any pair of variables controlling for the
effects of all other variables causally linked to the pair. In a good model, most of the
coefficients should exceed p .10. In addition, it includes a variety of general
assessment statistics for judging the overall adequacy of a model (goodness-of-fit)
in terms of fitting the total reality embodied in the data. Starting with the same data
set, different models, arising from different theories, may lead to very different
statistical outcomes and adjudged levels of adequacy.

After processing the data through the model, if a review of the path
coefficients and the goodness-of-fit statistics implies a need for model improvement,
the researcher can make adjustments, such as adding, subtracting or re-formulating
variables, adding new path possibilities or “pruning” away weak original paths, or
changing the causal direction of some of the links. He can then re-test the model as
revised, and re-assess goodness-of-fit. The cycle of model-assess-revise-reassess
continues until the researcher is satisfied with the model’s performance.

Our initial model began with all seventeen original achievement predictors, but
in testing failed on the grounds of non-parsimony — a form of over-complexity
which, in path analysis, implies a condition akin to multi-collinearity in regression
analysis: Some sets of variables were so highly intercorrelated that they were
overlapping in their predictive effect. A bit of experimentation traced most of the
problem to the seven background variables, which it will be recalled were not
subjected to factor analysis during the regression data reduction step. A quick factor
analysis at this point found two factor scales which could be substituted for six of
the seven background variables with little loss of predictive power — ADVANTAGD,
a scale measuring tendency to come from a socially and/or educationally
advantageous background (highly correlating with White*, HISES and AS Qual), and
TRADSTU, a scale measuring the tendency to fit the description of the traditional
beginning college student (highly correlating with /mmed Entry, Young and Single).
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These two factor scales became the background variables for all subsequent path
model tests; Female, which did not factor with the other background variables and
showed only negligible linkages with other variables in the model was simply dropped
from further analysis. Also, the two student academic choice factors (TRSSEEK and
PERSMOTYV) proved intercorrelated enough to be consolidated into a single factor
scale — REGOBJ, standing for “regular objectives” — replacing the former in our path
analyses. Once the factor scale substitutions were made, and the decision made to
eliminate paths shown to be trivial according to the results of the test run (those with
a p of less than .05), the model as revised proved acceptable.

Figure 3, above, graphically depicts our final path analytic model. It shows the
11 predictor variables distributed in rough terms of temporal, logical and structural
distance from the achievement classifier and from one another. The causal flow
works downwards towards the bottom of the diagram, with many lateral links in-
between. For example, the two background factors (ADVANTGD and TRADSTU),
representing inherent personal qualities and pre-college circumstances, precede all
other variables (top diagram position), as they do in theory and logic; next comes a
broad band consisting of PREPARED, SUPPORT, REGOBJ, LAUNCH and ATTITUDE
scales, measuring student entry-level preparedness, volunteer accessing of various
student support programs, academic program choices, early term progress and
academic success motivation level, all of which have to do with or start during the
initial phase of a student’s study career; lastly, and placed closest to the terminal
final outcomes variable (ACHVFLG, the achievement flag), were the four general
academic process variables EFFORT, PERSIST, PERFORM and PROBLEMS,
respectively measuring mean study load, attendance persistence tendency, overall
course performance, and academic problem symptomology.

The diagram indicates the existence of causal paths linking two variables, and
the direction of path causality, by single-headed arrows. Each arrow is shown with
its associated path coefficient (p), a probability weight measuring the impact of the
first on the second variable, controlling for all causally preceding variables. Thick
arrows indicate a moderate to strong link (p .10} while fine arrows show marginal
relationships (.05 - .09). Since path coefficients are discrete probability weights, ps
for a specified sequence of paths (which we call a “trail”) can be summed
(discounting mathematical signs), and their total (P,) can be taken as a measure of
the probability weight of the entire trail.

The path analysis output for the model gave an R*=.47 for the variance
explanatory power of the total causal system with respect to the achievement
variable. This was identical to the R? reading for the earlier regression model,
suggesting that a shift to a path model, though more restrictive since it limits the
number of predictor-dependent variable linkages, nevertheless here involved no loss
of power to explain the variance of the variable representing the key phenomenon.
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Goodness-of-fit, however, is not measured in path analysis by R?> because,
technically speaking, in path analysis there is no single dependent variable. In any
case, the diagnostic statistics supplied in our model’s path analysis output indicated
a level of data fit quite reasonable for an exploratory effort.'® Below are the main
findings of our model:

u Path coefficient patterns suggest that there are three large structures in the
PGCC causal network of academic progress, formed by the chaining of mostly
moderate-to-high variable links. Two of these are trails: An “Effort Trail” seems
to run towards ACHVFLG involving TRADSTU > (REGOBJ * SUPPORT) >
EFFORT > PERSIST, connecting with the achievement measure through
REGOBJ, EFFORT and PERSIST. Also, a “Performance Trail” seems to travel
thusly — ADVANTGD > PREPARED > LAUNCH > PERFORM > PROBLEMS
— touching ACHVFLG through the latter three variables.

- The other large structure is a sort of traffic hub or rotary revolving around
ATTITUDE. Moderate-to-strong paths run from it to ACHVFLG and to virtually
all nodes along the Effort and Performance trails.

= Summed path coefficients for the two trails were almost equal: Effort Trail
(P,=1.56), Performance Trail (P,=1.58). For the “Attitude Rotary” (all direct
paths from ATTITUDE to other variables), the paths of which overlapped those
of the two trails to a certain extent, P, estimate was even higher (1.88).

] At the head of both trails are background factors. TRADSTU starts off the
Effort Trail by strongly linking to all three of the nearest trail nodes: REGOBJ
(p =.30), SUPPORT (.12) and EFFORT (.36). Additionally, a moderately wide
path {p=-.15) connects it with PERFORM. It would seem that whether a
student can be described as traditional or as an adult learner has a good deal
to do with the programs he or she will sign up for, whether the student will
seek and receive financial aid and special tutoring, what kind of course
performance can be expected, and especially how big a study load he or she
will undertake on average.

'S Goodness-of-fit measurement in path analysis is controversial. The technique is relatively
new and statisticians have yet to reach a consensus on which of a host of diagnostic measures
should be in general preferred. One of the stricter measures produced a figure placing our model just
outside the bounds of technical acceptability (CMIN/DF = 8.319, 5 or less indicating acceptability),
but a more generous measure implied an excellent level of model performance (GFl = .988, 1
meaning perfect fit). One could summarize this by say that path diagnostic measures put our model
somewhere along a range from barely “OK” to well-performing, but importantly, all of them agree
that our path model vastly outperformed our earlier regression model (e.g., perfect CMIN = 0, path
CMIN = 174.7, regression CMIN = 7368.7).
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ADVANTGD starts off the Performance Trail, linking strongly with PREPARED
(p =.30) and moderately with PERFORM (.12). In addition, it “shortcuts” to
many other variables, most notably to EFFORT (.13), LAUNCH (.11) and
PROBLEMS (-.12). Apparently, whether or not a student comes out of a
socially or educationally advantageous background has a fair impact on his or
her chances to begin study with good pre-college preparation or needing
remediation, to pass or fail courses, to carry a full- or part-time study load, do
well or poorly during the early terms, and to avoid or get trapped in various
academic pitfalls.

The P, for TRADSTU's three direct paths was .78 and for all of ADVANTGD's
direct paths 1.13. This confirms what we suggested earlier concerning the low
R? we got when regressing background variables exclusively upon achiever
classification: Although background variables might not impact directly upon
academic achievement, they may prove locally important within the total
causal network.

It is interesting to observe that the nodes along the Effort Trail prior to EFFORT
and PERSIST were variables concerned mainly with type of student (traditional
or Adult Learner) and academic process matters (program choice and
institutional support), while the nodes along the Performance Trail prior to
PERFORM and PROBLEMS were variables mostly having to do with pre-college
attributes (race, age and high school type) and initial study stage
considerations (developmental program participation and early term
experiences).

Most noteworthy regarding the latter was the major impact of LAUNCH upon
PERFORM (p =.40): It would seem that such things as the immediate taking
of credit courses, an experience of success in those course and especially the
assiduous attendance during the first three major terms (the “Good Start”
effect) are critical bases for latter successful course work.

But perhaps the most notable finding of all was one already hinted at in our
earlier identification of an Attitude Rotary as one of the three large structures
of the model: ATTITUDE, the factor scale gauging student success drive,
proved to be the most strategically important of all the model’s variables. Not
only was its cumulative presence felt more strongly than that of any other
single variable (P,=1.88), but several of its individual impacts were highly
significant in their own right: It directly linked with the course performance
measure ( p=.08), with the study load measure (-.09), with the early progress
measure (.13), and outstandingly with participation in financial aid and
academic support programs (.52) and with the attendance persistence ( .67).
Furthermore, among all variables ATTITUDE showed the greatest direct effect
upon ACHVFLG, the achievement classifier (p = .29).
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Other noteworthy findings were:

No non-trivial links could be modeled among EFFORT, PERSIST and PERFORM;
the strongest was a not very consequential p=-.06 connection between
EFFORT and PERSIST. Within the global network of achievement causality
(controlling for all causally prior variables), study load, attendance persistence
and course performance seemed to operate more or less independently of each
other.

When all controls are in effect, possessing traditional student attributes seems
to be somewhat negatively related to course performance (TRADSTU >
PERFORM, p =-.15). Perhaps this confirms a common belief among educators
— that when all is said and done, Adult Learners seem to work more earnestly
and succeed more often in the classroom than do younger students.

SUPPORT, measuring participation in various student financial aid and
academic support programs, linked with ACHVFLG at the p=.05 level and
with EFFORT at the p=.25 level. While the former fact may be taken as
somewhat confirming OIRA program assessment showing the achievement-
enhancing properties of such participation,'® the EFFORT link may be spurious
at least in part, because some student support services require full-time status
of participants and all are very difficult for part-time students to take
advantage of due to scheduling of activities.

The model portrays one clear, very strong link between a background measure
and an important process variable: ADVANTGD > PREPARED (p=.30). In
combination, race, social class and quality high school experience impact on
college preparedness in a fashion no amount of statistical controlling can
explain away or diminish.

We cannot conclude this discussion of the path analysis phase of our study

without adding the following disclaimer: All of the above findings are tentative. In
fact, the whole of our model of academic achievement must be considered highly
provisional. We must recall, first of all, that the model as thus far developed misses
many variables theory hypothesizes as critical to a proper understanding of academic
progress. Secondly, the model’s arrows, representing the flow of causality, are
simply our best, most current “educated guesses” as to how the academic processes
are structured. Small changes in linkage based on a refined understanding of
achievement causality might have dramatic impacts on the performance and
informative character of the model.

'8 See, for example, The ALANA Minority Student Retention and Transfer Program, Program

Evaluation PE97-1 (October 1996).
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Findings from Cluster Analysis

In this last report section, we will review the results of analyzing our data by
means of a radically different approach to modeling academic achievement — cluster
analysis. As we mentioned already, a path model of student achievement provides
a look at the causal forces at work only in terms of abstract central tendencies.
Given the perfect path model, in fact, it would be possible in principle to take the
absolutely typical student (he or she who had mean scores on al/l predictor variables),
and work along all of the paths, multiplying unstandardized forms of the p-values by
corresponding scale values, and sum the results into a proportion identical to the
known achiever proportion for the whole student cohort. We reasoned, however, that
many important insights might emerge from an analysis approach based on concrete
study career patterns — how student careers tend to vary and how that variation
relates to student achievement.

To accomplish this, we would have to break down our entering student cohort
according to stable varieties of study career, modeled in terms of the same process
variables used in the regression and path analyses. Cluster analysis is the statistical
technique specifically designed to sort a population into groupings (called c/usters)
which reflect the divisions inherent in how members distribute across a range of
attributes. To use it for our ends was mostly a substantive matter of specifying
which variables to enter into the analysis.

First, we decided to make the selection so that the resulting clusters
represented pure study career types. This meant dropping background variables from
the cluster processing list, but retaining them as possible post-facto correlates of
study career type. It also meant not entering ACHVFLG, the achiever classifier,
directly into the clustering process, but saving it for later correlation. Second, we
decided to employ the full 10-variable regression list of process variables rather than
the 9-variable path list which replaced TRSSEEK and PERSMOTV with a single scale
called REGOBJ. This was done to maximize the richness of the data to enable the
best cluster solution to emerge.

Thereafter, we needed only to make a few technical decisions. The first was
to settle on the K-Means form of cluster analysis, allowing us to reduce the set of
clusters produced to a manageable number. Second, we chose criteria to judge the
acceptability of a cluster solution: (1) That the resulting set of study career clusters
be readily interpretable by academic process theory and common sense; (2) That the
set include no small “odd ball” clusters, the result of trivial data differences; (3) That
the study types identified by a cluster run be well-correlated with academic
outcomes, providing a prima facie case for the substantive validity of the results, and
a set of results meaningful in the context of a study of academic achievement.

31



The cluster model we settled on presented ten different student career
clusters, each made up of cohort members experiencing the same unique journey
through the PGCC academic process. The student career types were easy to
interpret, through an examination of the pattern of each cluster’s mean factor scores,
and to produce a summary characterizations in the form of a cluster "nicknames.”
Furthermore, the Fta? correlation'’ between student career type and achiever
classification, with the former as the predictor, came in at .381; considering that
cluster analysis always results in some loss of the information contained in the variables
it summarizes as a group typology, this represents a remarkable level of variance
explanation — fully 80 percent of the achievement variance explained by the regression
and path models was preserved in the cluster model. Table 4, below, embodies the
model.

The table displays the ten student career clusters, labeled by nickname and in
Percent Achiever order, as data columns containing cluster means (in indexed format)
for the variables used in the cluster sort and interpretation. Indexing is a technique
for reformulating multi-variable group averages to make comparison easier. Group
averages are expressed as proportions of total population means, multiplied by 100.
For example, if a cluster’s Achievement Classification mean were 75.5 percent and
the whole cohort mean were 31.2 percent, as is the case with a student career
cluster we labeled “Dean’s List,” than that cluster’s achievement index score would
be 100 X (75.5 + 31.2), or 242 with rounding. This index score would indicate a
cluster mean was nearly two and a half times the size of that for the population as
a whole (always set to 100 in indexing format); index scores for group means less
than the population mean would fall below 100.

The table’s rows show indexed values across the ten clusters for each
particular factor scale or attribute variable, plus the raw mean value for the entire
cohort (always a mathematically set 50 in factor cases -- see table note - but a
found percentage in non-factor cases); 11 factors are listed (the ten on which the
clusterization was based, and REGOBJ for additional reference), seven achievement
indicators (including the overall Achiever Classifier ACHVFLG), and nine background
variables (the seven original regression indicators plus the two path analysis factor
scales). In our discussion of the ten student career clusters we will also make use of
supplementary data not shown in Table 3 but appearing in Appendix Tables A1-A4.

We will review the student career clusters by broad academic achievement
groupings:

V7 Fta? is the appropriate statistic for gauging how much of the variance of a two-category
variable can be explained by placement within a typology; it is highly analogous to the R? statistic
used in linear models like regression and causal path analysis.
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A solid majority of the students in each of the first three clusters classified as
achievers by the end of their fifth year of study, most of them the traditional way —
either by earning PGCC awards, transferring to four-year colleges and universities,
or both. The student bodies of these clusters, together comprising around a third of
the cohort, were all characterized by disproportionate tendencies to give standard
academic reasons for attending college and to choose transfer rather than
occupational study majors; to arrive at college with good basic skills and to attend
regularly and perform well during the critical early semesters; to undertake full-time
study loads each term, to pass most courses taken while at PGCC with high grades,
and to avoid problem patterns threatening their academic good standing. There were,
however some interesting differences among them:

Dean'’s List (10 percent). Over three out of four (76 percent) cohort members
making up the Dean’s List cluster classified as achievers, the best record of any
group; they were also more successful at earning awards than students in any other
study career cluster. They tended to be very motivated (highest ATTITUDE score
mean) and to persevere {(highest PERSIST score mean). Their most unusual feature,
compared with the two other top performing clusters, was their tendency to take
evening session classes — only 24 percent were exclusively day students; among the
top clusters, Dean’s List was also the only one with an important percentage of part-
time students (30 percent). Another top group distinction was the somewhat greater
proclivity of Dean’s List students to choose business, allied health and paralegal
study majors. Demographically, Dean’s List members were predominantly white
students from the socio-economically highest ranked neighborhoods who came to
PGCC from the County’s most outstanding secondary schools (highest HS Qua/ index
value of any cluster). Also, they were mostly “traditional students” — young,
unmarried and straight from high school.

Good Scholars (7 percent). Nearly seven in ten (68 percent) Good Scholar
students made it into the academic success category. Academically, they differed
from Dean’s List students by being more likely to attend PGCC full-time, to take
mainly day classes and to receive some form of institutional support. However, their
collective attendance persistence record, while still good, fell considerably short of
first cluster’'s. Good Scholars were also somewhat more likely to major in non-
occupational fields. The main contrast, however, was demographic: Good Scholars
were the least likely of students in any of the top clusters to enter college from
advantageous social and educational backgrounds. Fully a third came from the
County’s poorest Census tracts, almost two-thirds were non-white, and only 26
percent were alumna of top-ranked secondary schools. Also, a discernable minority
of them failed to fit the "traditional student” label. '

Collegiates (14 percent). While nearly matching (66 percent) the achievement

records of Dean’s List and Good Scholar students, the Collegiates contrasted with
them by their strong transfer tendencies (44 percent — highest of any cluster and
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half again as much as the rate for the other two top clusters), a finding consistent
with their fairly low mean PERSIST score. Compared with those in the other top
scholastic groups, students here showed the most or second most pronounced
tendency toward full-time study, day class enrollment, placing out of remedial
programs, and majoring in transfer programs generally, and Arts and Science
programs in particular. No surprise then that in the aggregate, those in the Collegiate
camp also best fit the description of “traditional student.” Collegiate students,
collectively, had the second most socio-educationally advantaged backgrounds.

The second study career set (14 percent of the cohort) included two clusters
exhibiting mid-level rates of academic success. Besides their modest achievement
records, the main things they seemed to have in common were that both groups
contained far fewer full-time students than did the top performing clusters (around
60 percent part-time to 40 full-time in both instances), and that both included
disproportions of students taking courses at extension centers and above-cohort
average proportions of adult learners. Otherwise, their profiles diverged:

True Grit (10 percent). Somewhat over two-fifths of the True Grit students
won their way through to Achiever status (more often to awards rather than
transfers), but not before overcoming a host of difficulties. Although True Grit whole-
career course performance was about average for the cohort and college preparation
level even a bit above the mean, the students in this cluster typically began their
academic careers at PGCC on the wrong foot (fourth poorest LAUNCH index value
of any group) and in the later semesters often stumbled badly (third highest
PROBLEMS index value). What brought them a measure of success was tenacity
(second highest PERSIST index value) bolstered by strong motivation (second highest
ATTITUDE score). In fact, over a quarter are still striving to meet their PGCC
objectives {26 percent continuing students, by far highest proportion of any cluster).

Solid majorities of True Grit students tended to be African Americans, from the
moderate middle class areas of the county, with average high school educations.
The also were significantly more likely to be delayed entry students (second highest
percentage of any group) and showed a stong inclination to take evening classes.

Pragmatists (4 percent). The success rate of the Pragmatist cluster (30
percent) fell just one point below that of the cohort as a whole. Aimost the opposite
of True Grit students in study career patterns, the Pragmatists arrived at PGCC with
poor basic skills and needing a great deal of remedial work (second lowest PREPARED
index value of any cluster), but began well {(LAUNCH index above average) and
continued well (tied with the Good Scholars for highest PERFORM score; lowest
PROBLEMS score). In fact, the academic record of the Pragmatist is so good as to
be paradoxical, considering the achievement results. The following are key to
understanding the Pragmatists: an only average PERSIST mean score, the highest
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mean score on PERSMOTYV and the most consistent majoring in occupational fields
of any cluster. This pattern suggests, as does the label, that the Pragmatist cluster
is disproportionally made up of “positive” dropouts, students who worked hard at
strictly personal, usually job-related objectives, who withdrew from college once
these were met. Demographically, Pragmatists were predominantly older, middle
class people. Unlike True Grit, a plurality were white and a disproportion had
attended the more prestigious secondary schools in the county.

The third student career set (16 percent of the whole cohort) contained two
under-achieving clusters. These consisted mostly of students starting college with"
sub-standard basic skills, who after getting through the Launch Period in average
fashion (almost all survived as students into the second year), tended to find the
remaining terms an uneven struggle:

Full-Time Strugglers (6 percent). Only a quarter of this predominantly full-time
group (78 percent undertook at least 9 credit hours on average during a major term)
managed to make it to the Achiever category after five years, and two-thirds of
those qualified only in the weaker sophomore in good standing-sense. Full-Time
Strugglers were fighters (above average ATTITUDE score). Ninety-two percent of
them required some sort of remediation when they began their studies, but they
worked hard as a group to overcome this deficit and 23 percent of them completed
all their developmental work (second highest of any cluster), while the remainder kept
plugging at it term after term (above average PERSIST score; 18 percent are still
continuing students), helped by the school, both financially and tutorially (second
highest SUPPORT score). Most, however, fell behind (highest PROBLEMS score) due
to course difficulties (third lowest PERFORM score). Demographically, Full-Time
Strugglers tended strongly to be African American students straight from high school,
living in working class parts of the county (over half from the poorest Census tracts),
most having graduated from lower-ranked secondary institutions.

Part-Time Strugglers (11 percent). Fewer than one in five (17 percent) of the
Part-Time Strugglers reached Achiever status, and most of these were sophomores
in good standing. Like the Full-Time Strugglers, students in this group exhibited
below-par college preparation but demonstrated above-average motivation and
attendance (fourth highest PERSIST score). But unlike the former, Part-Time
Strugglers, when they were admitted to credit courses, tended to do well as a group
(above average PERFORM score). Besides their tendency to get stalled in their
remedial work, the academic difficulties the students fell into (fourth highest
PROBLEMS score) had more to do with scattered effort; not only were they mostly
part-timers, but also “stopping out” rates tended to be high here. Low participation
in student services programs (low SUPPORT score) may also have been part of the
problem. Demographically, Part-Time Struggle’s students were the oldest of any
cluster, from modest middle class neighborhoods, and unlikely to have attended a
high-ranked secondary school. Their academic program orientation was clearly
occupational and personal motives were strong.
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The final study career set (39 percent of the cohort) featured a miscellany of
three extremely low-performing clusters:

Vanishers (7 percent). The emergence of the Vanishers as a separate study
career cluster was unexpected. It had a distinctly odd pattern: Its members exhibited
study career patterns that ought to have spelled academic success, at least for a fair
proportion of them (average or above average cluster scores on factor scales
measuring regular academic orientation, college preparedness, study load, and course
performance and very low mean score on PROBLEMS); yet only about one in ten
ended up classifying as an Achiever. Other measures showed very low group levels
of Launch Period progress and attendance persistence. It was as if the bulk of these
students, on the very brink of successful academic careers, just disappeared for no
apparent reason. On further reflection, however, we concluded that nothing could be
more natural in this chancy world — educational analysts ought to make room in their
theories for such outcomes; every term some students will be forced to withdraw
from college for a variety of non-academic reasons, from unexpected pregnancy to
ill health to job lay-off. The impression that this is the key to understanding the
Vanisher group is reinforced by the fact that demographic attributes seem to
distribute more or less randomly here, with the exception of an overrepresentation
of international students.

Unprepareds (16 percent). In stark contrast to the Vanishers, nothing could be
more unambiguous than the study career pattern of students in the Unprepared
cluster, or less paradoxical than its connection to the cluster’'s negligible level of
academic accomplishment (Achiever Classification under 1 percent). By every
standard predictor of success except study load, the Unprepareds ranked lowest or
among the lowest of the clusters. Especially evident was the pattern among
developmental variables that gave the cluster its name: lowest PREPARED score,
lowest mean placement test score, 100 percent placement into at least one
developmental program, 76 percent placement into all three developmental areas, O
percent completion of remedial requirements. Not only were the Unprepareds non-
achievers, they hardly got past the starting gate: 44 percent not returning for a
second term, 67 percent not returning for a second year, 57 percent no regular
credits earned, 37 percent no regular credit courses taken. Unprepared students
were typically racial/ethnic minorities from working class areas, with diplomas mostly
from lower ranking secondary institutions. A majority were immediate entry
students.

Casuals (16 percent). The last student career cluster that emerged was another
apparent oddity — cohort members who, as a group, were seemingly capable of
successful academic careers (second highest PREPARED score) but who collectively
turned in an academic achievement rate of under 1 percent. In fact, only 30 percent
of them enrolled beyond the first term, and over 60 percent quit after taking only one
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credit course. What is going on here? One possible explanation is that our filter for
excluding non-degree-seeking students from our analyses of academic outcomes
proved to be too conservative. The original size of the cohort, it will be recalled, was
2,643 students of whom 9 percent were dropped as non-degree-seeking on strict
grounds; these were students who attended no term beyond the first year and either
stated job- or personal enrichment reasons for attending PGCC or had not picked a
major by their last term or both. The study pattern of this last group of students
seems to imply a non-degree-seeking stance as well, only more loosely. We believe
that this cluster represented, if not non-degree-students in the strict sense (never any
intention of earning a degree or transfer), then at least enrollees with a very “casual”
attitude toward their studies at PGCC. Casuals had the lowest ATTITUDE score,
lowest SUPPORT score, and tied Unprepareds for lowest PERFORM score. If we
combine this group with the earlier excluded non-degree-seeking group, we come up
with something like a maximum estimate for the proportion of students effectively
unintegrated with the normative academic process at PGCC — around 24 percent.
Demographically, students in the Casual cluster do not seem distinctive, except in
one way: a high disproportion were adult learners.

Summary and Conclusions

OIRA has been tracking the academic progress of a cohort of first-time
students entering PGCC in the Fall 1990 semester, and now has five full years of
background, behavioral and outcome data for this group. For the first time we
possessed a longitudinal data set on our students complete and comprehensive
enough to begin development of a model of the total academic process at Prince
George’s Community College. Preliminary to this, we thought through the theoretical
issues involved in creating any such model, creating an ideal “paper” model which
included all of the component elements which researchers in recent years have
identified as critical to capturing the complex reality of higher educational institutions.

This theoretical construct broke down the academic process into three major
divisions — input (exogenous or environmental variables, measuring pre-college
student attributes and college-external personal circumstances), through-put
(endogamous or process variables, measuring student academic behavior and
progress) and output (criteria or outcome variables, measuring the fulfiiment of
formal and informal educational objectives). A comparison of the available data
connected with Cohort 1990 and the inventory of elements in the theoretical model
made it clear that at this early point we lacked the means for measuring many
important aspects of the academic process — particularly those having to do with
environmental factors (e.g., social class, financial circumstances, family and job
pressures, high school performance, home values). We decided to proceed
nevertheless with an exploratory modeling effort, to see just how much of the
phenomenon of the PGCC academic process we could capture in a structured way
with the data in hand. This paper reports the results of that effort.
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The research first used regression analysis to gauge how much general power
to explain student outcomes rested in our data set, and to work out certain
methodological problems, especially collinearity among independent variables (the
tendency of a set of variables to intercorrelate highly, a situation which indicates
unnecessary duplication of measurements and tends to badly muddie the statistical
analysis). The student outcome measure was OIRA’s standard summary variable
—the Achievement Classifier — which divided students into an Achievers (those who
earned either academic awards or transfers to four-year schools or reached
sophomore in good standing status by their last term of attendance) and Non-
Achievers (all others).

Early regression runs of all 90 original independent variables against the
Achievement Classifier detected serious collinearity problems. This meant that data
reduction (the elimination of measurement redundancy) was needed, and we
managed to use factor analysis (an automatic scaling technique) to consolidate our
set of achievement predictors down to just 10 scales representing the various
underlying dimensions of the academic process, without sacrificing too much
achievement explanatory power. The 10 new scales represented the following
process dimensions uncovered by factor analysis: transfer vs. occupational program
orientation, personal (non-academic) motives for attendance, college skills
preparedness and remediation need, early term survival and progress, typical study
load carried, course performance and academic status, attendance persistence and
continuity, the presence of structured patterns of remediation difficulties and stalled
academic progress, level of study motivation and commitment, and participation in
college financial aid and special academic support programs.

These 10 academic process factor scales, plus 7 student background indicators
(race, age, gender, marriage status, home Census tract socio-economic status,
recency of high school graduation, and scale measuring quality of secondary school
experience) were run against Achiever Classification in a last regression. The resulting
R? statistic, measuring the amount of statistical variance of the achievement variable
explained by all the predictor variables, was .47 (forty-seven percent of the variance
explained). This level of statistical explanation is more than respectable compared
with past similar research in the field, but in an absolute sense indicated that our data
could not account for over half of the total phenomenon of student outcomes,
doubtlessly because so many theoretic aspects (particularly those dealing with
environment factors) were left unmeasured. Nevertheless, we concluded that it was
worthwhile proceeding in the development of a model if we kept firmly in mind that
any such emerging from this research was to be considered the highly provisional
first effort.
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The second phase of the research involved actually creating an academic
process model explaining student outcomes through the application of causal path
analysis. Unlike regression analysis, the utility of which lies mainly in its efficiency
as a tool for preliminary data exploration, path analysis was designed specifically for
the construction and testing of complex models. Its use allows the modeler to arrive
at a construct which best reflects the underlying causal structure of phenomenon for
a given set of data; concretely, it results in a model diagram which explicates the
causal links (paths) among predictor variables (represented graphically by labeled
boxes with connecting arrows), marked with probability weights (path coefficients)
indicating the associative power of each link. The path analysis output also provides
diagnostic statistics for gauging the quality of the performance of the entire model.

Our causal path model resulted in the following findings:

= The total path model explained almost exactly the same amount of
achievement variance as the regression equation (47 percent), a good sign
since path models are more strictly defined and usually account for less
variance compared with parallel regression equations; furthermore, advanced
assessment statistics rated our model’s ability to fit the data representing the
student achievement phenomenon as fair or better.

= A central feature of the path diagram turned out to be the existence of two
semi-independent “trails” (sequences of paths) of approximately equal
probability weight leading to Achiever Classification.

u The first was the “Effort Trail” which linked the following in rough causal
sequence: “traditional student” attributes (young, single, immediate from high
school), transfer program orientation, level of institutional support, typical term
study load, and attendance persistence.

u The second large feature was a “Performance Trail” of student socio-
educational attributes (race, social class, quality of high school experience),
college preparation level and remedial need, early term survival and progress,
course performance, and academic problem syndromes.

u Another prominent feature of the path model was a sort of traffic hub or
rotary revolving around study motivation level. Moderate-to-strong paths ran
from it to Achiever Classification and to virtually all nodes along the Effort and
Performance trails. The centrality of study motivation in student achievement,
as represented by its strategic positioning in the model and its very high total
probability weight, was perhaps the single most important finding of this
study.
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L] Other key findings were the importance of the Launch Period (early term
survival and progress), a prime node of the Performance Trail, and the
significant role /institutional support was shown playing in conditioning both
Launch Period outcomes and typical study load. These two findings have major
implications for academic policy.

= Finally, in this brief review, we should mention how the model depicted the
specific way student background variables operated in the overall causal
network conditioning student outcomes. Past research on the correlates of
academic achievement often found student background factors like race and
socio-economic status as having little impact on college success. The path
analysis model, however, suggests that this lack of discovered correlation may
have been due more to poor methodology than to the truth of the matter. Past
studies typically looked only at the direct effects of student background,
controlling for all other predictors, which naturally wiped out their apparent
power because background variables, almost by definition, impact mostly
indirectly on achievement. This is just what the path model revealed: variables
measuring various forms of socio-educational advantage were strongly
predictive /ocally in the model, especially affecting level of college preparation,
while “traditional student” attributes proved to have a good deal to do with
program orientation, level of institutional support, and study load.

The last phase of the research was the attempt to produce a second,
alternative model of the academic process, complementary to the path model but less
abstract. To the academic policy maker, a drawback of the path analytic approach
is that everything is based on radical averaging and underlying any path model is
something like the notion that reality can best be grasped by studying the behavior
of a hypothetical single super-case, here the absolutely “typical student.” But we all
know that the typical student is a myth. Much can be gained, we reasoned, by
modeling student achievement concretely, in terms of the actual set of varying study
careers experienced by PGCC attenders.

Cluster analysis is a statistical procedure which automatically sorts cases into
discrete groups (called clusters), according to their similarities and dissimilarities
across a set of attributes and behaviors. We reasoned that in applying cluster
analysis to the cohort data measuring academic attributes and behaviors (the 10
factor scores), we would in effect be generating a model of the student body based
on stable study career patterns, which could then be correlated with the Achiever
Classifier and with student background attributes to produce a very rich picture of
how things work academically at PGCC. The clusterization of the data resulted in a
10 cluster model of study career, which explained 37 percent of the achievement
variance, a very strong performance for a cluster model. The nicknamed study career
clusters, in academic success order, can be described briefly as follows:
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Dean’s List. Mostly strongly motivated white attenders from advantaged social
and educational backgrounds with sterling academic careers; predominantly
“traditional students,” nevertheless many typically took evening classes.
Nearly four-fifths ended up in the Achiever column.

Good Scholars. With study careers almost as exemplary as those of Dean’s
List, these were mostly strongly motivated African American “traditional
students” from the middle socio-educational ranks, disproportionately
participating in institutional support programs. Over two-thirds finished in the
Achiever category.

Collegiates. Highest ranked socio-educationally, these mostly white very
“traditional students” (the youngest and most straight-from-high-school group)
strongly favored transfer programs, especially in the Arts & Sciences, and also
had superior study careers. Around two-thirds were Achievers by their last
term, showing the greatest tendency to transfer early rather than to finish
degree work.

True Grit. Many in this essentially African American middle class cluster of
older students, often taking evening classes, experienced significant problems
with remedial programs and credit courses, but over two-fifths eventually
became achievers through drive and persistence.

Pragmatists. Like True Grit students, the Pragmatists tended to be middle class
adult learners, but unlike them were more likely to be white, part-time,
oriented to occupational courses, and were very likely to give job-related
reasons for attendance. Most arrived at PGCC poorly prepared, but did fairly
well as a group in course performance. However, only around three in ten
became Achievers, because of stalled academic progress and difficulties
completing all required remediation. It seems probable that many dropped out
early, having satisfied personal agendas.

Full-Time Strugglers. Mostly working class African American full-time students
straight from lower prestige high schools, who entered PGCC somewhat
unprepared. Full-Time Strugglers, however, showed good attitude and
persistence, and participated in support programs at far above the average
rates. Nevertheless, only around a quarter became Achievers by their last
term.

Part-Time Strugglers. This older, more job-oriented group compounded the
problems caused by high remediation needs and low study loads by attending

“only irregularly. Their persistence and decent course pass rates did not make
up for this, and fewer than one in five ended classifying as Achievers.
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Vanishers. The study career of the Vanishers was peculiar — an excellent
initial course performance record followed shortly by withdrawal — as if study
had been cut short by some personal emergency like ill-health or financial
collapse. Hardly more than one in ten made it into the Achiever category.

Unprepareds. Arriving at PGCC needing the most intensive academic
remediation, most of the students in this working class African American
group did not survive the first year of study, and less than 1 percent became
Achievers.

Casuals. Mostly well-prepared, part-time students from middle and upper-
middle class neighborhoods, many explicitly giving job and personal enrichment
reasons for attending, who took very few courses and exerted little effort to
get good grades in those they did take. Again, less than 1 percent became
Achievers.

We found several aspects of this roster interesting:

First, it taught us that top performing students are not necessarily “traditional
students” from the better neighborhoods and high schools who leave for four-
year institutions at the first opportunity (the equivalent of the Collegiate
cluster). Of the three most academically successful clusters, one consisted
mainly of evening students and a second of lower-middle class African
Americans, and both had high award earned rates.

Second, a goodly proportion of our students actually fell outside the regular
parameters of college study: Around 7 percent of the cohort’s members
“yanished” in the midst of successful study careers, probably due to personal
emergencies (the first time we have ever been able to pin a number to this
phenomenon), and fully 16 percent proved to be “casual” course-takers, not
serious about pursuing a degree or transfer.

Third, the cluster model identified another 16 percent of the cohort as so
unready for college work that they were beyond the best efforts of our
developmental teachers and counselors to help in any real way; this one-sixth
may represent something like an estimate of the proportion of students
entering PGCC each major term who are almost destined to fail because of an
effective inability to deal with college-level material.

Fourth, and perhaps most important, is the observation that among clusters
which exhibited high concentrations of less socio-educationally advantaged,
adult, part-time and job-oriented students, those which accomplished the most
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academically had in their study career profiles high scores on either level of
personal motivation or level of financial/academic support receipt or both.
Sheer attendance persistence, often present, did not seem to be enough.

Although our path and cluster models were highly tentative and not complete,
nevertheless their construction and examination was well worthwhile for the
important insights they offered. From path analysis we learned about the critical
importance of personal motivation and the Launch Period in conditioning achievement
probabilities. And from the cluster model we discovered the importance of taking
student career differences seriously. These core findings suggest that the college’s
recent efforts to establish academic support programs which reach students early in
their careers at PGCC, are designed to build confidence and esprit as well as develop
academic skills, and which can be customized to individual educational needs and
objectives, are right on target.

Karl Boughan
Supervisor of Institutional Research

45

22



A*P*P*E*N*D*|*X

Appendix A. Supplementary Study Career Cluster Data Tables ............. pp. 47-50

Appendix B. Methodology of Social Background Variable Construction .. pp. 51-52

46

23



&g

118V IIVAY Ad0J 1534

LY

bg

9'98 z'es Las 8ZL Las CYT) 8'zY gze voe ez L'e9 X3 pausidxoun %
8z 09 oe 68 e 6l ovL gl el L v'a AO BunuRu) %
o g vz 9L z8 Uy CXT 8 8c 86 oy “Wod/Bulpurls Poon/ydog %
o o 9'e 1'e gL 9’9 '8 ol v'ez g8l 9L PoX3/BuIpURIS POOD/YdoS %
o o 9 8'e oe a9 il Uy £el g8l 99 Ao preMY %
o o 9 Y r 6l v'e 89 9'6 86 ot prMY % 19jsuBIL %
g £ A2 oz z9 9'9 a8 ree v'aL T voL Ao siojsuBIL %
g 9 £l £l 9'vZ zoe zer 199 v'89 g9t Tie 819A0IYOY %
I val e i v'az v'e i 89 goL ' 901 gl-eur) A %
€9 18 z9 vz ve €9 1'e e 9°ZL %4 va P L-XI ouReT %
gLl vl z9 oLl 8'cz €9 &Ll ve g0l 1 voL €1-10(109 onig o4y %
Y4 4 g9 vz 9z 1'e ze e €9 ez v Z1-Awnod pio %
'8 v'9 89 £e Y z9 gv ve 88 ez va | L-s13wo) Alpouty %
Y & o o e ol o vz v vl e OL-UMOD 1§ UMOL %
o'z 8 i'v | 24 L z'9 gl 0’9 8z T -4 9-sueljodowso] %
9 o v o e o o & o o & £-901099 L0J %
el 9'ZL 89 86 g9 re Lol T oL £9l zzL g-iuswdopasq |iny %
9L Lal 8ol '8t L'zl ol el Zol 86 ol et g8y PPIN o008 %
ol o8 £zL ozl 19 gLl volL e rol oL it volgon Alpremdn %
9T gt 9'9 v gz z'9 69 06 g€ gL ag £-SUsABH ABMIPE %
89 v'e zolL g9 L £9 e 06 99 69 ) Z-esudiaw] o819 %
eal oL el 8al v v'ol z'8 v'zZz €9 86l g'el 06 ¥VYL-Od) L-oMT usqinx3 %
¥ 14 vz vz 1ol &Ll 9°0Z ez 898 e'zz g'ov vaz *woidig SH 21and Od 9oL %
ev oL 1L 0z Tz £l t'a ol ec o'yl &9 swoldiQ SH 219G %
i ez9 a'ze 8'zz L'99 9'8¢ L'v9 199 129 e'eL 1’89 SH wo Anu3 sieipou) %
£08 Las 698 o 98 VL 0’98 v'es 869 €98 88 “AIQ/POI818dOG/PaLLIBNITAON %
8'za e'l9 oLy av oea z'eo Lze a'19 gL 83 89 opwey %
9ol Lo 9'e 9'ov a'v 96l zolL [y e '8 Fany dn og 9By %
98 1's zL 8€l z9 8Ll L8 gl 1oL €l oL 62-9Z 90V %
€€ g8t - N:1% > ¥4 6l Lz F4:11 ot 8oL Tt Tt ¥Z-0Z °0v %
008 9'69 99t vz 6oL 90t ele 908 L veL ) 8L-LL 90V %
oL vl el 1'9 gL vl ve oL vl £L el {euonsuIBIY) %
8" o o o o 8 8" 9’ 9’ 8 -} uesusy SAIIRN %
Y 1L oe vz e 6l o €9 ze £v ve syeeg/uBIsY %
£l 1L e 1'e gL o [/ Ve 9z £l 'z ouite %
9L LreL 1'ag 88y 6'6L 9o 709 vz vze 9z g6 ¥o81g %
8o e'ol ez oo 9L a'zy 88z g'89 L'9€ 108 g8c SIMM %
ey &ty v o8t g'ee z09 T 819 1ot oL 009 s3s

SIVNSVD aauvd SHIHSINVA | 3199nuLs J190NULS S18IL LYo SILVID SHVIOHOS isn 14OHOJ

-34dNN INIL-LYVd INL-TING VWO VY anyy -aT02 $.NV30 seInquuy
uepmis

a)sRElS MeY Apog-qng Juepmis

IqeUEA o

peoy pue punciByoeg 81905 Aq 891POG-QNS 110YOD LY 9lqeL

Aruitoxt provided by Eic:

E\.



U

8v

i [3:] 8'av 9've >4 LS 0’89 8't8 8'cL (2] [: 14 104 ysiydu3 Buissed %
844 8'99 0’0 > Lre 0’0 Ly 0’0 0’0 00 il paule3 siNOH 3PID ON %
f 4} 9'8g 0’0 e (4] 00 0’0 0’0 0’0 00 €8 poIdweny 595100 IPIID ON %
(MY 0'08 0’82 €Ll 8'vvy [4 4" -0°TT €L '8 €L Lree 9L’ > ey 5584 984N0D %
Tl r tAX4 Lre - | &4 ¥4 - X4 - X4 Lre o'z vd9 eAngnwIng
-“Q'L 414 1'e 9'6¢ o'Ls - ¥-14 vLE (o8 4] (o 4-] 9'€s 'R 44 (+swiay g) INQ Buddars oN %
9'e L'vE sl t'vs LreL 9°'vs 8'av q'TL g'8L 8'8L 089 sung) Aye3 g (Iv- usIS PooH %
Tl 9z 414 '8 €18 8'ed £'88 (73 €£(8 £'88 e'Ls | Buudg puodeq pajor3 %
8'8Z 8’99 8'av 9°L8 9'98 g’'ile 0001 0°00¢ 0001 0001 Vel L lied puodeq pajiosu %
vl o'c [ o't - 4 e ‘s o't Ly L9 v'e PoOpuUINY SULRL 10BN JO #
-2 o o'e : ¥4 (14 8’z 9Lz 8'LL Lzl v'et ®uswdoaasg bunay J %
gl €T -l Y | 4 e [ 1’z i 8'l oL o'z XUIPNIS “AR(Q/PRdR|d SEOLY &
T'EE 0001 [-3-1 8'09 o’'le 8'€9 969 08¢ (-1 TZE 9'99 pasnbay [suawdojeaeg %
v'09 8'ec v'Z9 I:14 a8 4 24 %14 1'€9 g'L9 9'€9 14 9I09S 159 [PASQ 9DRIIAY
8'l zT o o'z gL 8 o o 9 v o'l SOpes} [RUORIPRI L “ISIN %
Ly v's (4 4 9'9 Lre gL o't 'y €9 o'ct e saibojouyoa | aNsNr/ieboRIed %
8 o'l 'l 8 o -} v € el o 8 saibofouyss | Y0 %
8 e o't > o 8'L 8 -2 9’ € o'l Juawebeus /aI8D PIND %
'z Lre o'e o'z |- o x4 gl - X4 L'v -4 saibojoutde] YIBH PAlY %
€T 'S [ 4 8L 8L el zoL L 4 9L 89 -] BuisINN %
0’9 oL |2 1’9 o€ 8T v'e gl e 8T -4 SpeIL [B21LYIDL %
9'¢ 0’8 [ 4 (32 z'9 9'8 o't 8l 9'¢ (- 2> vy 83|bojouys9 Jandwo) %
£8 [+ 13 0’8 el [ 4% oL il ol ‘s e'el 8ot Jofeyy 106489-891pMS SSBUIENE %
e'ze ta %4 (A% 4 8Tt £le 8'6¢ ez 8’y iy - -14 -1 SIApMG (BISUD %
-8 (3 Tl v Tz 8’l 34 ] 'S v'9 -4 uonesnp3 %
et et 1% L'v 8Ll 8'c v'e o4} -0t 89 9L UoRRNSIUILIPY SSAUISNE %
o'l vl 8l Tt fAr4 8L x4 'y L 4 et X4 Oussulbul %
€1l o'l e o'z o€ 8z (a4 €T vy -4 e §20UBIPRS JNdWOD %
€T [ o't v o€ 8l -4 'y (a3 1'z €T Uy/IenN %
£l 8’ -2 o 8’ 8'T gc vy £l 1'z el Jofepy sofsuRL[-8AOURIDS B SUY %
[ >4 14 8 o't - 41 o 8'T (84 o'z (g >} Lre QUON/IolRN %
L A4 '8 8'y €0l vy -] 8'¢ 'y 8'c > 4 8's po/iofey %
Lrez 8'8e 9'82 >3 4 - 954 Lr'se iy 80z [N :14 oLy 8'te weiboudisaied/ 10N %
o'y [ 4] L'e9 8'te L'es - 4] v'09 L'EL 9’99 : 24 o'va weiboud soysuit/IoRy %
€l g’ o 9°zL e [>13 8 9’ 1'e o'e 1'e uumydU] [PUOBIEJ/UOSERY %
€T v'e 9 o'l T Uy 8'g Tl 8'c 8T o't sIMS qor epeabdnjuosesy %
(g ¥4 i 8'l [ 84 ol -1 4 Lre -2 '8 o9 Lol 100lqng euojdx3z/uosesy %
e'si zze vl 601 8Ll (A% 4 Ll €L it o'viL [:28-19 19918 18413/U0SB9Y %
-] [ 4:} €£'€8 [:1% [3-1:] ezl T 1"o08 v'EL 8'€L (o> :] 19)suel| IBRAH/UOSEIY %
%14 Lot 9'8L (%4 139 08 8'8¢ T Lrey 9°€T v'ES sa8sv|) ABQ AN %
o'vL £'88 98 9°09 £'68 88l (-T2 9'88 9'08 8'6L e've 838580 sndwed ob.e] AUBIN %
e'Le (414 [ 4] 8'EY 8'08 0'Ls 963 1°89 8'co €89 008 S1WHND3Y
- 5:14 -4 8'Le LriLe 8'ov (84 1'zs 8'a9 L9989 €0L 008 S$11034D
8’6z v'oe o'Le 9'v9 1°Ls [ ] 8’68 9'Es L'eL 08 008 SS3UOOHd
SIVNSYD Q3yvd SH3IHSINVA J100NYLS 3199NYLS SiSlL 4o SaLVIO SYVYIOHIS dsn LHOHOD
-34dNN INLL-LYVYd IWLL-TINS ~YWOVYd nyL -3100 S.NV3Q soInNquUIly
uepms

301818 MeY Apog-qng Juepmg

sajqeuRA Jlwapedy Aq 801pog-qng UoYED TV elqeL

w
0

Q

Aruitoxt provided by Eic:

E



6v

oy
i)

3718V 1IVAY Ad0J 1S538

86

zst [:14) agl vii €0t L0t L9 19 8y [:15 r'es X3 pauteidxeun %
1] 198 89 zel 081 Le vz [:14 az €€ %] Ao Buinunuod %
[] L 19 08l viL 001 £az 18 L8 1z vy *05/0uIpUBIS Po0S/"ydos %
(] (] 134 84 86 448 L0t v8l 80¢ vaz 9L palIx3/Bulpusis pooo/ ydos %
(] (] 4% oL +9 zel €02 ve 8£2 ave :X] AuO piemy %
(] (] oz 14 X4 €9 eLl €6l LLE oge o'e plemy % 1ajsueil %
9 [5 ot 8L 09 €9 z8 98¢ 8Ll asL 0L AjuQ si9suei) %
z € [:15 99 8L 1] 8el 4% 4 81z k474 e SIOAIIY %
901 Lyt ee 90t zve 08 601 L9 00l 13 oL gl-eun AuD %
[-1] €Ll 148 124 €9 L ve 08 £€2 v8 [&:] PL-XIN oulie %
biL [4 4% 8L €Ll [§>74 18 gLl 13 zol oy ol €1-i8]10D ong o4V %
99 99 8Ll oL 18 001 $0l ozt £0Z 88 % Z1-Aned pIo %
vil 8Ll %18 19 ;140 -1} v8 €9 {18 19 ' | L-819W0D AjioUIN %
wLl or (] (] 86 124} (] 1:T4 €8 tLL 8 0L-UMmo9 B uMmo) %
8L €€ eal 08 99 00z oL zel g0l a8 [-¥4 g-suelljodowsod %
esl (] [<1:14 [ a9z (] [ 90% (] (] € £-901009 L04 %
vil €oL €L 08 oL avt oLl 18 L9 el zzL g-uswdojeaeq [Ny %
z9 8z1 08 esl B a8 1448 v8 t8 g8 (%4} Q-#21sWY S|PPIN X019 %
24 6L 801 901 av 10t z8 a8 .14} ezl L P-olIqoW Alpsemdn %
[:14 +9 00t €8 ay -] 80% vel +9 iz g'9 €-8uvARy Aemieg %
88 86 eat z8 14 v6 oEL ol v8 88 e Z-9sudioiul »oe1g %
8il zs 141 Lt 1e L 89 991 L el '€l {06XVYL-Dd) 1-93i3 ueqinx3 %
e8 a8 96 v9 17 z8 ] [-1% 08 194 v'az swoidig SH 2119nd Od oL %
[¥3 124 0l (14 zZe vol v LET Qg 1% 4 :X:] ewodIg SH 938Ald %
93 eolL 8oL 13 17 89 ve [:148 148 [14% 1'89 SH Woup Anju3 oletpawus] %
18 80l 8ol oL 801 88 LT {43 zZol 8ol 8'L8 *AIQ/PRIRIEDIS/PINIBINIRAON %
18 08 z8 144} zolL 80l 801 88 vZiL €0l 8'L9 sjewey %
[§13 L 1€ £9€ ee zLL 88 8 19 €9 8'ttL dn % 0t 9By %
LelL €L L 118 vL 99z .11} ¥4 ol 8l oL 82-9Z 90y %
8€lL €Ll 41 vZi 448 [:141 901 82 €9 98 141} +2-0Z 90V %
8L eolL 81t 8e otl €9 96 871 (498 ZL 99 8L-L1 o0V %
LT 8l oz oL €01 ELT 88 LT 00z 0ol €L |BuoHeUIN) %
o8t (] (] (] (] osl o8t 4} ozL o8l g ue3LRWY SANBN %
[:]89 13 L8 L 8Ll 19 a9 1Ll €01 ecl Ve Jyvd/ueIsY %
89 09 161 [§13 89 (] 1] o8l yLl 89 144 ouney %
v0L 194 [¥3 -1} 18t z8 zz1 09 o8 €9 9'8p ¥9918 %
98 av i 801 24 el L oal [:1] €1z 9'6¢ SUUM %
L8 v8 80l 88 9 ool ve 124" 08 144} 0'09 $3s
SIVNSYD a3yvd SHIHSINVA 37199nY1S 3799NYLS S1SIL 1149 SILVIO SHVYIOHOS isn 1HOHOD

-34dNN IWIL-LHYd IWIL-TING “YWOVYd anyL -aM02 S.NV3aa % seInNquIly

uepnis

(Imey 1oyog/mey dnos9], 00L) XOPU| seipog-qng Uopms

$9|qRURA SWODINQO SJWePEdY Pus punciByoeg (1905 Aq 801p0ogq-QnS MOYOD "EY 0|qe]

Aruitoxt provided by Eic:

E\.



r9

318V TIVAY Ad0J 1539 0s
(%4 13 ool - 72 98 74} (24 8l 09l 1:2% 8'sy 101 YysiBu3 buissed %
99z Lze [ oz 99 0 (4 [ [ o vL PaUJB3 SINOH IIPRID ON %
wi (%44 (o] [-14 €9 (o] (o] (o] (o] 4] £'8 paidwany £95.n09 3IPRID ON %
18l LET €8 3] €el t44 99 t44 144 t44 L'EE gL > 918y 858d 98N %
09 11 oLl sel L ozl atl azli ogl -1 ex 4 VdD dAnenwNg
-13 L9 ¥4 08 oEL otLiL (72 =14 Lyl t44% o'ty {+suue) £) IO Bulddoig ON %
L1 3] (%4 11 ogl 88 8 [-74% orl el 0’99 suual Ape3 g |Iv- LIS pooD %
X4 €9 Le 8cl et 4% 8al :74 % (343 8al 8’'Le | Buudg puoAeq pafjoIul %
et L 89 (11} vel 8Ll oel ogl oL oglL (72 | lle4 puoAeq pajjosul %
37 89 09 8Ll sel 801 oal 8Ll [:11} 89l ve POPUSIY SWiR ) J0lB N JO #
a9 (o] :14 oLl 174 9z 114 991 oLt 801 a’tL [euswdojaasg Bunejdwiod %
9L -19% %] 801 (¥4} 28 20l Y2 1] 18 (S WIPMG “AQ/pIde|d SeRIY ¢
09 o8t -] 74} p-1-7% L8 ocl 99 L 89 8°'99 pasinboy [Biuswidolareg %
ol z8 6ol 11 o8 01 o8 oLl Lol L £'8y 91038 1891 |9A9Q 908IOAY
18l [41%4 4] [1-1% (-1 4% ve (o] 4] €9 £V o'l $9peJ) [BUORIPEIL “IBIN %
oL I8 8 8 0oL €Ll p4e24 3] ve [-74% L'9 soibojouyse) @ansnr/iedseied %
11 €0z :14% 86 4] 8Ll €9 (44 LET (o] 8’ sabojouya9 | S3PYO %
:34 zal o8t [¥44 4] 8l €9 99 oY (o] o1 WowoebeueN/IBD PIND %
o8 201 141 oL 8z o 86 99 L8 z8l 9z §2100[0ULYIR L WIRSH PAUIY %
8¢g 88 89 [-74% t4 43 o8l [2:1% TL azli eLL '9 BuisinN %
cel 8ol 8al 1413 1] €9 aL (4> oL £9 - 4 Sape. ) [BIIUYID] %
8 val 96 323 8Ll 11 L9 ov o8 88 i a4 89)0ojouyo9] Jandwo) %
- 72 8 99 [3:-73 oEL 98 901 11 :14 (143 8’01 Jofeyy JoesR)-SRIPMIS BSAUIENG %
v8 L (:19% a9 88 4% 98 (13} L 8 8- 14 SRIPMIS [BJOUDD %
09 14 14 al 98 eL 18 18t 961 8vZ 9z uoneanpy %
€9 101 ol 19 esl 8y 18 val oL 88 8L UORENSIUILIPY SSAUIENG %
€L 9 L 134 08 aL ol 411 L j=3-18 9T Buueouibul %
9 88 -] 8 k44 :19% Ll L8 -1:18 Lot L &4 8IIUIPSG JANAWOD %
1oL Ly 9g1 L oelL z8 Lt 8L €8 €8 %4 uy/AsNN %
89 ey a8l o 8e 8rl vel (854 L9 €Ll 8l Jofeyy Jo5URLL-8IIURRS B BUY %
8ve t4 Y 14 81T (o] k44 oL o] (o] (:13 Lre suoN/ioleN %
8L avi o8 v8L 8L ool 89 eL 89 L 9'a o/ioleN %
8L [-{]} 98 -4 1743 1418 T 4] 88 £ 8'€e weiboidiovsed/ioleN %
va 001 8Ll 89 68 88 €8 =148 143 86 o'v9 weiboig Jojsussi/ioleW %
[44 ol (o] oov 8Ll X474 :14 8l 001 11 \'e WowysLug (BUCSIRY/UOSRIY %
9 L9 Ll 20¢ %] Let (113 €€ 201 TL 9't S|iDS qor epeuddn/uoseay %
Evt o8 (43 (3:74 L Lze -] 9 29 (%4 rel wolqng 9sopdxjuoseeY %
(¥4} k4 4} 8 801 =19 [:14 8 eL Ly eL v8 9'al 193,87 18114/U0sEOY %
08 0ol el ;14 ol oz €Ll £vi L Lt (o -] Jasuel] 1B, p/UOSERY %
v8 zel iyl 89 14 il 89 art 8 144 v'eg s9839|D) AeQ AMBIN %
88 oLl zil ¥4 Lil ve 88 8Ll Lol 1] (-4} soss8|) sndwe) 08187 AURIN %
9 29 80l 88 o1 1493 (113 8cl -4} Lel 009 S1WHND3Y
8 €8 9 aL z8 z8 0oL (443 (313 (343 009 $11434d
09 8] vL [-{]} il oLl ori Lz 34 [3:1% 0’08 S$S3HOO0Hd
STVYNSYD a3yvd SHIHSINVA 3199NYLS 379904Y1S SisiL 1149 S3ivio SHYTOHIS isn 1HOHOD

-34dNN IWIL-1YYd IWIL-TINd “YWOWVHd Inygy -31100 S.NviQ % sanqully

Juepnig

{[mey Mooy mey dnoin],001) Xepuj se1pog-qng uepms

80[qELIBA OlWepedY Aq 881POG-qNS MOYOD bV 9jqeL

O

Aruitoxt provided by Eic:

E



Appendix B. Methodology of Social Background Variable Construction

The five social background dichotomies are examples of what are called in
statistics dummy variables, in the sense that they are specifically constructed to stand
in for other variables the full formats of which are methodologically problematic with
respect to regression. The most common problem solved by dichotomization is that
posed by nominal scales (e.g., White/African American/Hispanic/Asian-Pacific
Islander/Native American/International Student), where variable categories have no
non-arbitrary quantitative value or even any intrinsic ordering. These are not true
numerical scales, but can be forced into a kind of numerality, one acceptable in
repression analysis. This is done by singling out one category as key, lumping the
remaining categories together, and assuming that the result is a two-fold variable
measuring the presence (1) or absence (0) of the quality reflected in the key variable;
since [0,1] counts in mathematics as a complete number scale, albeit the shortest
possible one, variables in this form may be used in quantitative linear analysis.

Traditionally, dummy versions of variables are re-named to reflect the key
quality presence being measured; our White™ indicator is a good example of a dummy
solution for the nominal scale problem presented by the original six-category
Race/Ethnicity variable, named to highlight the white/non-white distinction. Two
others are Female, originally Gender: Female/Male, and Single, originally Marital
Status: Now Married and Living with Spouse/Other, except that these, as natural
dichotomies, required no category collapsing, only assignment of 1 and O values.
(The plus in the White™ label is an acknowledgment that in this particular case the
whiteness of the key category is not quite pure; two underpopulated minority
categories Asian/U.S. Resident and International Student actually were assigned
to the large white category, on the grounds that prior cross-tabulation proved student
achiever classification rates in these groups nearly identical to that of students in the
white category, while the rates of the large African American and Hispanic groups
were distinctively lower. It seemed to us better to load the dice somewhat towards
a higher race-to-achievement correlation than to effectively mask the genuine
achievement bias of two small racial groups.)

Two other common problems solved by dummy variables are population skew
and curvilinear correlation. In the population skew instance, a variable in good
numerical scale format (e.g., years between high school and college) may have so
many cases crowded at one extreme end of the scale that the true impact of an
independent variable on a dependent variable may be under-represented by
association statistics simply because the real effects of the other parts of the scale
are obscured due to their underpopulation. The student distribution over our original
Years to College Enrollment scale was so slight beyond the within one year range,
that we thought it best to create the /mmediate Entry dummy variable, dichotomizing
at the one-year-or-more point.
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In the curvilinear correlation instance, it is the shape of an independent
variable’s causal relationship with the dependent variable which causes difficulties
e.g., its impact is not steady over the length of its scale but systematically varies. We
discovered an example of this when we ran a pre-regression scattergram of our
original student age at admission indicator with percent classifying as achievers. What
we found was a trend-line of relatively high achievement rates at the 17-20 years old
beginning of the age scale, then a sharp drop-off over the 21-24 age interval, and
then a leveling off to a gradual decline over the 25-89 range. Clearly, the age
variable’s association with achievement classification was mostly a phenomenon of
youngest students versus all others, and the use of the full-range age interval would
obscure its strength by including a long range of relatively uncorrelating values (25-89
year). Therefore, we decided to create a dummy version (Young) as a more fairly
indicative replacement, by cutting the age variable at 21 years old and collapsing the
resulting two halves of the scale into two categories.

The High School Quality variable, on the other hand, was a derived scale
based on an entirely different sort of construction methodology, created for reasons
having nothing to do with the regression-fittedness of the original data. Its creation
was theory-driven, an attempt by indirect means to fill an important gap in our direct
measurement coverage of the background phenomena relevant to college
achievement: the quality of a student’s pre-collegiate educational opportunities and
experiences. The possibility struck us of using data available on name of high school
attended by each student to infer level of prior educational advantage level by
assuming a rough but good link between advantage level and quality of specific high
school environment, provided that we found some defensible technique for ranking
high school educational environments.

We decided on the expert panel approach to accomplish the latter, asking a
small group of county resident staff known to be knowledgeable about secondary
education in the county to rate the educational reputations of each high school as
either excellent, good or less than good. We then rank-ordered county secondary
schools according to the mean panel ratings of each, chose reasonable cutting-points,
and created a four-category ordinal scale: 4=County Private High Schools
(consistently rated the highest)/3=High Reputation County Public High
Schools/2 =0ther County Public High Schools/1 =Non-County High School, G.E.D.
or No Diploma. The last category, of course, was strictly speaking off the scale, since
the panel was not ask to rate non-county high schools nor the G.E.D. program, and
the No Diploma category by definition precluded assessment. Our justification for the
inclusion of this low-end category was basically a pragmatic one: As an empirical
matter, the group of students who came out of the three non-rated educational
circumstances {a small minority in the first place) exhibited an achievement rate
significantly lower than any of the rated groups, and when we put these with the
rated groups as the bottom category of a now four-step educational quality scale, the
achievement rates formed a neat lowest to highest trend-line.
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