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Statistical interaction Model

A Statistical interaction Model for Examining

Compensatory Effects on Academic Performance

Abstract
..,

2

A two-year study of 206 college students examined personal,

environmental, academic, and nonacademic predictors of (a) course

grade performance and (b) academic retention. Of particular

Interest were "high-risk" or "disadvantaged" students and how they

compensated for their marginal educational preparedness.

Automatic interaction Detection (Sonquist, Baker, & Morgan, 1973)

was used to search for Interaction effects and revealed that the

relationship between course performance and predictor variables

differed for advantaged and disadvantaged students. Consistent

with previous research, personal academic factors accounted for a

significant increase In grade performance, and environmental

factors tended to affect disadvantaged students more than others.

Analysis of retention rates revealed reading comprehension ability

to be the best predictor. The implications of the findings are

discussed with reference to institutional interventions.

3
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A Statistical interaction Model for Examining

Compensatory Effects on Academic Performance

The quality of education In the United States has become a

major Issue In the 1980s with an abundance of national studies

revealing the elementary and secondary education systems to have

inadequately prepared our youth for college (c.f., National

Commission on Excellence In Education, 1983; Boyer, 1984). Many

students enter college today ill-prepared and this Is reflected In

low student retention rates. Long-term resolution of this problem

will require complex social and political, as well as educational,

solutions. In the interim, many colleges and universities must

settle for flexible admission policies. Under these conditions,

the challenge of maintaining the quality of instruction while

serving an increasing number of academically underprepared

s'ndents becomes significant. This challenge Is compounded on

urban, commuter campuses with high percentages of "nontraditional"

students--students who do not live on campus, who work full- or

part-time, or who attend college only intermittently. In general,

nontraditional students become only marginally involved In both

the academic and social environments of the campus, and their

academic performance and persistence are affected by factors other

4
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than those directly related to their academic competencies.

Among studies of high-risk, disadvantaged, and nontraditional

students the focus has been on the correlates of retention/

Persistence as well as grade point average (Nisbet, Ruble, &

Schurr, 1982; Kulik, Kulik, & Shwalb, 1983; Carney & Gels, 1981;

Peng & Fetters, 1978; Eagle, 1982; Rovezzl-Carroll & Thompson,

1980; Fox, 1986; Getziaf, Sedlacek, Kearney, & Ulackwell, 1984).

Variables hypothesized to predict these outcomes have tended to

distinguish between (1) academic and nonacademic factors, and (2)

between personal (internal) and environmental (external) factors.

Figure 1 classifies four types of predictor variables along these

Figure 1 about here

two dimensions. Personal academic variables may be conceived of

as raw materials--intellectual and behavioral skills--a student

brings to the college environment and how these are used to the

student's advantage or disadvantage. Personal nonacademic

variables are the background, personality, economic, and

situational factors that may enhance or impede the student's

ability to succeed. Academic environment variables have to do

with general educational environment, type of campus, and the
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quality and availability of remedial, guidance, and support

services. Nonacademic environment variables are those affecting

students' social integration with peers.
1

A number of studies have explored multivariate causes of

student performance outcomes, and many have focused on high-risk

groups. These studies explain student performance In terms of

what Bean and Metzner (1985) call compensatory interactions:

various factors mediate the effect of, or compensate for, less

positive factors. These models suggest that environmental factors

(type of campus, student subculture) and personal attributes (life

situatlors, role conflicts, and life crises) may affect

performance In different writs for students of various levels C?

academic competence, and that empirical relationships might be

multiplicative and interactive, not merely additive. For example,

Bean and Metzner (1985) examined olftr, part -time students who

were less likely to have environmental supports and found them to

have Intermittent and less intense interaction with both faculty

and veers. They found also that or nontraditional students,

environmental supports compensated for weak academic supports, but

not vice versa. They noted that their findings were similar to

those of Stamen (1980) who found grade average to be positivelY

related to persIstence for students under age 22, but unrelated

6
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for those over 22. Erickson, Kimmel, Murphy, and Newcomer (1976)

and Greer (1980) found older students more likely to drop out of

college than traditional students In spite of having earned

equivalent or better grades. Pascarella and Terenztni (1983)

tested Tinto's (1975) hypothesis of interaction effects between

social and academic integration, and institutional and goal

commitment. Academic integration influenced retention of students

with low levels of social Integration out had less influence for

those highly socially integrated.

In sum, a review of the literature as well as casual

observation) indicates that there Is no cImple profile of "the

successful student"; there are many ways to succeed and successful

students have assorted personal characteristics. The patterns may

be especially varied on nontraditional campuses. Clearly,

academically advantaged students have different obligations,

trials, outlooks, and degrees of success than disadvantaged

students. For well-equipped students, college courses represent

opportunities and challenges, because these students' personal

attributes are suited to Institutional demands. The institution

Is structured for advantaged students and, thus, facilitates

successful responses from them; success feeds on success.

Furthermore, advantaged students are likely to succeed In spite of
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a relatively poor external environment because their personal

abilitites compensate for extornal deficiencies. In contrast, for

disadvantaged students, the same curriculum and courses may be

perceived as insurmountable obstacles. The incongruence between

environmental demands and these students' limited abilities to

respond may result In perceptions of the same external environment

as a set of psychologically depressing hurdles, and

predispositions to failure often result In self-fulfilling

prophecies. A meaningful intervention strategy. then, should

address the question: What can be done to compensate for academic

and other disadvantages? In empirical research, such

"compensatory factors" may be detected by an examination of

statistical interaction effects.
2

The primary purpose of the present study is to search for

such interaction effects on student grade performance using a

statistical procedure called Automatic interaction Detection (AID;

Sonquist et al., 1973) which will be described In detail below.

Variables hypothesized to predict grade performance are ssiacted

personal characteristics, both academic and nonacademic.

Environmental factors are held somewhat constant, but left

unmeasured, In that a single campus is the site of the study. A

secondary purpose of the study Is to examine retention rates over

S
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a two year period (1984-88). The AID procedure Is valuable In

focusing on the specific factors affecting the performance and

retortion of academically disadvantaged students, and the findings

are discussed In terms of targetting remedial program

interventions to their specific needs. Houston and Schmidt (1987)

used a modified form of AID In predicting student retention and

noted that Interaction techniques provide a "prediction process

that can account automatically for variable interaction and

thereby enhance classification and/or predictive efficiency for

large samples with nurderous predictor variables" (p. 28).

Methods

Sampling and Data Sources

Data were gathered from four introductory level classes, one

each of anthropology, political science, psychology, and

sociology at a major urban research university In a Southern

state. The campus housed a medical center and heaitn professional

schools as well as post-graduate programs. The setting was a

commuter campus with many nontraditional (older, full-time

employed) students.

Data sources included two student questionnaires, instructor

grade records, and student transcript records for the subsequent

9
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two years. The first questionnaire was administered at the start

of the initial term of the study, the second. In the last regular

class period of the initial term. Data from student records

included admissions tests scores and grade point average at the

start of the study and for the subsequent nine academic quarters.

The specific predictor variables derived from these data sources

are described and operationalized below.

We view this study as a preliminary effort because survey

sample design and the selection of predictor variables were

Influenced by factors beyond our control. Courses were selected

to accomplish the objectives of a larger project; thus, the sample

was one of convenience rather than random. Because the sample was

not administered campus-wide, expectedly It was found not to be

representative of the entire student population. Nursing, social

science students, and students with undeclared majors were

overrepresented and engineering students were underrepresented.

The generalizability of the sample was further Influenced by

incomplete data. The first questionnaire was completed by 338

students, but the second by only 236 because of course withdrawals

or absences ol the day the second questionnaire was administered.

An additional 30 students failed to take final exams. In ummary,

206 students completed the course and both questionnaires. A
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comparison of this sample to those who failed to complete the

course revaided "le the latter were predominantly iow-GPA

students. Thus, the sample may have excluded many subjects who

were of particular interest to the study -- "disadvantaged"

students. Although we were not able to make highly generalizable

statements about the entire student body, we were able to make

intergroup comparisons and establish the Importance of interaction

effects. Our findings appeared valid since they corresponded to

those found In research at other postsecondary Institutions. The

significance of this research Is not only In Its substantive

results, but also In its demonstrating the need for interaction

models and the utility of the AID procedure.

Opera'cional Definitions

Student Performance. Student performance was measured by a

variable we call "Standardized Grade Score" :SGS) computed from

numerical grades supplied oy the four Instructors. It was

necessary to standardize numerical grades In order to control for

substantial differences In grading procedures and class means.3

The SGS was computed as the Z-score, the number of standard

deviations from the course mean a given student's numerical score

fell (Ott, Larson, & Mendenhall, 1983, p. 166). Thus, SGS
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assessed a student's academic performance relative to the average

score In the course.

The grade for a single course was chosen as the main outcome

variable, rather than overall Grade Point Average (GPA), for

two reasons. (See Goldman & Slaughter, 1978, for a discussion of

the low criterion validity of GPA as a measure of academic

performance.) One, this holds constant a number of variables

which are difficult to control such as the variety and nature of

requirements among diverse academic majors. For instance, some

disadvantaged students nevertheless maintain high college GPAs, at

least early In their academic careers, by selecting easy courses,

while highly competent students' majoring In demanding technical

fields (engineering, natural sciences) may experience a decline In

GPA. Two, the length of time In school varied; thus, some

students had GPAs established over only one or two quarters, while

others had been In school longer. Given the relatively small

sample size, it was not possible to sort these varied patterns of

generating edverall GPA. Finally, by using similar courses on an

introductory level, many course-specific factors were held

constant.

12
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Retention Rates. Retention rates were based on a student

registering for courses over the alai term and the follow;ng

nine. A student was scored as having been retained in school when

he or she had attended at least four academic quarters including

one of the last two and/or was graduated. Tnere were very few

ambiguous cases. Most students who dropped out did so after

receiving academic warnings for poor grades. Most retained

students attended all quarters I' the rogular nine-month academic

years.

Personal Academic Predictors of Student Pp-formance.

1. GPA was recorded from student transcripts as the numt of

quality points earned per credit hour on a four point scale (A 4

points ... D 1 point per hour). Since some students' GPAs

would be based on as few as six credit hours while others on as

many as 121, criterion validity needad to be established. To do

this, trends In GPA were examined for the ten quarter study period

and It appeared that GPAs tended to be stable.
4

2. American College Testing Service (ACT) composite score and the

total score for the comprehension subtnst of the Stanford

Diagnostic Reading Test, Level 3, (SDRT) were recorded for the 129

and 96 records, respectively, for which they were available.

!3
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(These data were not available for all students because admissions

tests were not required of transfer students.)

3. Reading Comprehension was computed as the proportion of

correctly filled blank spaces In a CLOZE exercise, a 250word

passage with every fifth word left blank, extracted from course

texts (Taylor, 1953).

4. Written Summarization Skills were assessed by analyzing student

summaries of a narrative paragraph. Summaries were rated on a

'our point scale by two raters and the mean of their scores was

used. If a discrepancy of more than one point occurred between

them, third rater scored the summary and the mean of the three

ratings was used.

5. Causal Inference Ability was measured with the following item

(scored 0 incorrect, 1 correct, answer b):

Medical discoveries and widespread advances In sanitation

have improved health and prolonged life spans and thus have

lowered death rates. But birth rates have not gone down

proportionately. Which of the following is the effect, or

result, of other statements In the passage?

(a) Medical discoveries and widespread advances In sanitation

have improved health and prolonged life.

(b) Death rates have lowered.

1 4
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(c) Birth rates have not gone down proportionately.

8. Course Specific Comprehension was a measure of whether course

contents were suited to student capabilities. The score was

derived from a factor analysis scale computed from the following

questionnaire Items scored In likert (1932) fashion: 5

(a) The text(s) had enough diagrams, graphs. Illustrations

and pictures for clarification of material (1 strongly

disagree, 2 disagree slightly, 3 don't know,

4 agree slightly, 5 strongly agree).

(b) I was able to keep up with the workload In this course

(1 strongly disagree,... 5 strongly agree).

(c) I have difficulty In picking out the important points of

a reading assigner,. -- points that later appear on an

exam (1 strongly agree, 2 agree slightly, 3 don't

know, 4 disagree slightly, 5 strongly disagree).

(d) Compared to most courses I have had at (name of school],

I found this one to be extremely difficult (1 strongly

agree,... 5 strongly disagree).

(e) I did not have problems understanding course material

(1 mg strongly disagree,... 5 strongly agree).

This scale had a Cronbach's Alpha reliability coefficient of.67

(Cronbach, 1951).
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7. Prior Knowledge of Course Material was measured by evaluating

the relevance of a list of topics the student expected the course

to cover (1 not relevant, 2 moderately relevant, 3 very

relevant).

8. Intensity of Study Habits was a factor analysis score

computed from the following Items:

(a) Did you prepare written outlines of chapters In the

text (1 - no, not at all; 2 yes, for a few chapters;

3 yes, for most chapters; 4 yes, for all chapters)?

(b) Did you prepare written summaries of the chapters In the

tact (1 no, not at all; 2 yes, for a few chapters;

3 - yes, for most chapters; 4 yes, for all chapters)?

(c) For this course i always read textbook material before

going to class (1 - strongly disagree, 5 strongly

agree).

(d) I used a well-organized system of study for this course

(1 strongly disagree,... 5 strongly agree).

(6: I outlined the chapters of the text for this course

(1 strongly disagree,... 5 strongly agree).

(f) I used a well-organized system of taking lecture notes

for this course (1 strongly disagree,... 5 strongly

agree).

1 6
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(g) I try to be consistent in my study by keeping up with my

courses (1 strongly disagree,... 5 strongly agree).

(h) Realistically, how much time outside of class did you

give to this course (1 none; 2 less than one hour per

week; 3 ea between 1 and 3 hours per week; 4 between 3

and 5 hours per week; 5 more than five hours per week)?

The Cronbach's Alpha of this scale was .82.

9. Class Level (freshman, sophomore, etc.)

Personal Nonacademic Predictors of Student Performance.

10. Age

11. Sex

12. Race

13. Total Family Income (0 less than $25,000, 1 $25,000 and

above).

14. Personal Problems was a factor analysis score based on

responses to the following two items:

(a) Did anything occur in your life this quarter that

interfered with your ability to do well In this course- -

for example, fraternity/sorority rush, marriage, new Job

or working hours, sickness in family, financial problems,

or personal problems (1 no; 2 yes, It interfered with

7
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study a little; 3 yes, it interfered with study

greatly)?

(b) I had personal problems which interfered with study this

quarter (1 strongly disagree,... 5 strongly agree).

Findings

The analysis occurred In two stages. First, In order to

provide a basis of comparison with the AID procedure, we examined

a multiple regression model predicting SGS. Second, we collapsed

predictor variables into categories to use the AID procedure.

Categorization of interval level independent vulables, while it

sacrificed information, was necessary because AID Is an analysis

of variance technique. On .he other hand, analysis of variance Is

not restricted to a linear assumption and Interaction effects add

to the variation explained. ACT and SDRT admissions test scores

were excluded from the AID procedure due to Insufficient cases.
6

Multiple Regression Analysis

Table 1 presents SGS regressed on predictor variables which

were found to have significant zero-order correlations with It.

GPA, ACT, and SDRT scores were highly ccrreiated with SGS and with

other variables. Thus, these three variables were entered into

1 8
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Table 1 about here

the regression equation last to avoid obscuring the effects of

other predictor variables. 7 Among these other variables, measures

of comprehension skills were the strongest predictors of SGS with

Class Level and Lack of Personal Problems making significant

contributions to explained variation. The admissions test scores

and GPA explained an additional 22% of the variation In SGS for a

total explained variation of 65%. The variables sex and race were

found not to explain any variation In SGS after other variables

were controlled.

Automatic interaction Detection Analysis

The AID procedure Involved a series of analysis of variance

tests, breaking the sample down according to which student

characteristics explained the greatest amount of variation (the

largest sum of squares) In SGS. (See Sonquist et al., 1973;

OSIRIS III : An Integrated Collection of Computer Programs for the

Management and Analysis of Social Science Data, 1973.) The

results are presented In the tree diagram of Figure 2. First, the

procedure Identified the variable explaining the most variation In
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Figure 2 about here

SGS and this was GPA. Then it was established which categories of

GPA had significantly different mean SGSs, and significant

differences were found between high (3.0 to 4.0), moderately high

(2.5 to 3.0), moderately low (1.5 to 2.5) and low (0.0 to 1.5) GPA

students. Then, each of these GPA categories was treated as a

separate subgroup, and the remaining predictor variables were

examined to see which explained the greatest amount of variatinn

In SGS In that subgroup. Then subgroups of that predictor

variable were examined and the process continued until remaining

predictor variables were found to explain less than .8% of the

variation In SGS or until the category size diminished to as few

as five cases. To better understand how this procedure worked,

note that each breakdown, represented by a branch of the tree

diagram, resulted In two groups of students who comprised the

group to the left. Observing category sizes (n) conveys this. The

fact that different variables broke out of the four GPA categories

revealed that the relationship of these variables to SGS was

different among students of the four categories; that Is,

statistical interaction was present. (If the same variables had

20
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broken out of each GPA subgroup, the model would have been merely

additive.) Since the mean of Z scores was zero, the mean SGS for

the groups depicted In Figure 2 represented the mean number of

standard deviations above ( +) or beicw (-) the course average.

The terminal categories, those for which there were no further

breakdowns, were numbered In rank order of magnitude. Further, to

give substance to the scores, the mean SGS for each category was

transformed into an estimate of the proportion of improvement or

decline In Letter Grade (LG) associated with each breakdown, with

a letter grade defined as 10 course points In accordance with the

traditional scale of "A" so 90-100, "8" 80-90, etc. For example,

In the first breakdown, It was observed that having a GPA between

3.0 and 4.0 (A /B+ students) allowed one to predict that on average

these students would score 1.2 letter grades above the course

mean. The highest scoring category (Category 1) was 12 students

who were not only A/B+ students, bat also had exceptionally high

reading comprehension skills. These skills accounted for an

additional .4 LG for an overall group mean 1.8 LGs over the course

average.

Notwithstanding the fact that the absence of admissions test

scores In the model should have greatly reduced the variation

explained In SGS, the AID procedure increased the variation

21
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explained to 68% from the 85% explained by the multiple regression

model. Thus, the AID model revealed a moderately strong

relationship between predictor variables and student performance

In the social science course.

A broad look at the tree diagram of Figure 2 was informative

In a number of ways. First, high Reading Comprehension was a

variable that was significant In three of the four GPA groups, and

Course Specific Comprehension was significant In two.

Comprehension was a factor In 11 of the 14 terminal groups, 11

categories which comprised about two-thirds of the total sample.

This importance of reading comprehension to academic performance

corresponds to that of other studies In which reading ability was

differentiated from measures of overall academic ability such as

entrance exam scores and high-school GPA. For example, Carney and

Gels (1981) examined the correlates of first- and fifth- semester

GPAs of 490 freshman enrolled In a residential university.

Reading ability was significantly correlated with first semester

GPA but not with fifth semester GPA. This suggested that the 313

who survived had the threshold level of reading ability needed for

academic success, and that environmental factors gain In influence

on performance as the educational process proceeds over time.

Biustein et al. (1988) investigated the relationship of eight

ti
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variables to GPA In a population of community college students and

found reading comprehension to be one of two significant

predictors. Nisbet, Ruble, and Schurr (1982) found that the

perception of the ability to read to be related to retention.

The main contribution of this interaction model to

understanding was its differentiation of categories of students

along highly instructive combinations of variables. The AID

procedure was especially effective In centering on the performance

of disadvantaged students because the first variable to break out

In the analysis was GPA. GPA may be viewed as a proxy of student

capability coming into the course, a personal academic variable,

and the lower GPA groups may be perceived as disadvantaged

compared to the higher GPA groups. Once that breakdown occurred

In the analysis, the prccedure effectively answered two questions:

(1) Is the relationship of student performance to its predictor

variables different for various GPA level students (i.e., Is there

statistical Interaction)? (2) If so, can identification of these

relationships help determine ways to compensate for academic

disadvantage through program interventions?

The asymmetry of the tree diagram in Figure 1 confirms the

first question. To answer the second question, Table 2 explores

specific subgroups of students more closely. Terminal
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Table 2 about here

categories are described and theoretical points are noted. A

general observation of the table revealed that standard deviations

of SGS were larger for low GPA groups, indicating that some

students In these groups made higher grades In the social science

course than one would expect given their GPA level going into the

course. It was observed also that for category 5 an affinity to

course material (perhaps reflecting interest and academic major)

and a lack of personal problems helped these C/D+ students to

score 0.7 LGs above the course average. Though category 6

students had low GPAs (C/D+) and poor comprehension skills, their

ages (23 years and older) were a compensating factor (presumably

because of maturity, commitment, and motivation). Category 10 was

interesting In that five high GPA students were identified who

nonetheless had both general and course specific comprehension

problems that adversely affected their grades.

Surprisingly, D/F students who said they used intensive study

habits (categories 13 & 14) did less well than their counterparts

who claimed to use less Intensive ones (category 11). This

suggested one of three things: (1) the scale was not

94

highly valid
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or reliable; (2) intensive study was not sufficient to overcome

poor abilities; or (3) these students overrated their study

performance. Results of an earlier study by the authors of

natural science students lent support to the last explanation: A

cluster of F students were found who erceived themselves to be

progressing much better than any objective evidence would have

suggested. They were grossly disillusioned and c- fused about the

relationship between study process and outcome.

Student Retention Rates Over the 10 Quarter Study Period

The third column of numbers In Table 2 presents the

percentage of students In each terminal AID category who met the

criteria for having been retained In school. For the total

sample, 48.8% of the 208 students were retained In school or were

graduated. Since the categories In Table 2 were ranked by mean

SGS, and this was highly correlated with GPA, not unexpectedly,

retention rates decline with rank. There were a couple of

exceptions. First, only one of five students In Category d

survived. These were older, but poorly equipped, students who did

a little better In the social science course than expected. The

small sample size precluded explaining this, but perhaps the

experience that went with age helped these students In that course

95
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but failed them In more technical ones. Second, 71.4% of the

students in Category 9, notwithstanding their poorer than expected

social science grade, survived In the long run. These 8/C+

students with little or no prior knowledge with course material

were probably not social science majors or minors. The social

science course was perhaps a diversion from an otherwise adequate

academic performance. A similar explanation may explain the

higher than expected retention rate In Category 7.

While retention rates were marginal overall, this cannot be

6..plained merely by analyzing student performance. Many very

capable students dropped out; only two-thirds of the high GPA

students remained In school or were graduated. Unfortunately, we

were unable to account for this as we did not measure social

Integration and institutional commitment, variables found to be

associated with the voluntary withdrawal of students In good

academic standing (Pascarella & Terenzinl, 1983; Pascarelia, Duby,

8, Iverson 1983.) One of four (26 %) students who had GPAs below

2.0 (C) In the initial quarter survived the study period.

Detailed explanations cf these variations must await further

research. However, the preliminary results lent support to the

notion of compe4satory interaction effects explained In Bean and

Metzner's (1985) model of nontraditional undergraduate student
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attrition. They suggested that for part-time, older, and commuter

students, environmental and academic factors Interacted to

Influence persistence In school. When both factors were favorable

(e.g., our Caterories 1 through 5), students remained In school.

When environmental factors were unfavorable, persistence declines.

Tnus, students with moderate academic ability, but personal

problems (our Category 8), were more likely to withdraw than their

counterparts lacking personal problems (Category 5).

Summary and Conclusion

The hypothesis that a statistical Interaction model helps

explain student student performance was confirmed. Among high GPA

students, personal academic variables--intellectual/conceptual

skills, general reading ability, ability to comprehend specific

course material, written summarization skills--accounted for a 4

to 11 point Increase In mean numerical grade. Personal academic

variables accounted for all of the explained variation In SGS

among the six terminal groups comprised of A/B+ and B/C+ students

(groups 1 - 4, 9, 10 In Figure 2). While these variables were

Important also for low GPA students, personal problems

(nonacademic, socia! environment factors) were found to be more

ccmmon and to cause a 4-point mean grade decline. Age was a

9 7
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compensating factor for disadvantaged students; the average score

of students 23 years of age and older was 13 points higher than

that of younger students. Half of the eight terminal groups among

C/D+ and D/F students (groups 5, 8, 8 and 12 In Figure 2) were

distinguished by nonacademic variables.

Reading comprehension and course-specific comprehension, an

affinity to a specific course, were found to be Important factors

In student performance. Written summarization skills were also

Important and prior exposure to related subject matter gave some

students an edge. But the performance of disadvantaged students

was more likely to be affected by nonacademic factors. The

findings suggested also that some disadvantaged students were

inclined to assess their situat'ons inaccurately.

It Is worthwhile to note which vari-files failed to predict

grade performance. How students evaluated the Instructor was not

significant, nor were the personal nonacademic factors of sex,

race, and family Income, once other variables were controlled.

Implications for Program interventions

The complexities of the educational process demand that two

things be considered In structuring program interventions and

researching 2cademic outcomes. First, as Kirschenbaum and Perri
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(1982) note In a review of studies of academic competence,

long-term improvements of any significance require structured,

multicomponent Interventions. Second, the diversity of factors

which Influence academic performance results In assorted patterns

of student experience. Students with poor reading comprehension

and writing skills should be identified, made aware of the

implications of their deficiencies, and channelled into remedial

courses. Multicomponent interventions might Include study skills

training and the development of self-regulatory behaviors, actions

which would have the most likelihood of Improving academic

performance (Kirschenbrum & Perri, 1982). Our data suggest that

admissions-test scores are good screening devices. Thus, they

should be required of all applicants, not merely for admissions

assessment, but for requiring probationary remedial coursework.

To avoid course-specific comprehension problems and the

adverse effects of lack of prior exposure to subject matter,

instructors should be advised to provide overviews of course

material. More ambitious instructors might utilize a few of the

simple indicators from our questionnaires to identify students

with comprehension problems and arrange extra exercises and study

sessions.

The obvious need for remedial work among many students In
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this study suggests that students are not likely to Identify their

own deficiencies until they have built a poor academic record.

This provides a case for requiring deficiency screening and

subsequent developmental courses. Academic interventions might be

supplemented by vigorous student development using outreach

methods to initiate and maintain consistent contact with academic

counselors.

We found personal problems to Influence student performance

and Impede persistence toward degree compietion. Although many

personal nonacademic factors are immutable, their effects on

student performance are not. Efforts might be made to assist

nontraditional students In coping with academic demands In the

face of personal role conflicts. For example, campus child care

services might make the difference for some academically

disadvantaged, yet nontraditional, students.

In this study we centered primarily on personal academic

traits. Though we did not measure the environmental factors

listed In Figure 1, it became apparent that student-directed

interventions will su.ceed only where they are not undermined by

unfavorable environmental factors. For the case at hand, and many

nontraditional campuses, some alterations In the academic

environment are clearly In order. For example, financial aid
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recipients are required to take a full load of credit courses, but

remedial courses are not given for credit. Thus, these courses

must be scheduled on top of a regular load. Such restrictions

force many disadvantaged students not only to take more coursework

than they can handle, or afford financially, but also to remain In

courses In which they are falling. Such "catch-22s" must be

resolved to more closely fit the realities of commuter campuses

with open admissions policies. Further research on academic

performance should involve multIcampus comparisons so that more of

the variables In Figure 1 may be directly measured.

Though our sample was one of convenience, the data allowed at

least a preliminary focus on interaction effects. The utility of

a statistical interaction model hopefully will encourage others to

replicate their research with the primary aim of detecting

compensatory effects.
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Footnotes

1
1n much of the literature, many of the personal factors

listed In Figure 1 are termed pre - enrollment predictors, while

environmental and educational process variables are termed

post - enrollment predictors (Pascarella & Terenzini, 1280;

Pascarelia, Duby, Miller, & Rasher, 1981; Pascarelia, Smart, &

Ethington, 1988).

2
Statistical interaction involves multiplicative In addition

to additive effects for two or more independent (predictor)

variables on a dependent (outcome) variable. For example, If the

dependent variable was Income, and race and sex were independent

variables, statistical interaction would be present If black women

were found to have even lower Incomes than would be expected by

their being black and female. In other words, one would not

merely add the effects of sex and race, but add additional effects

due to the "peculiar" combination, black-female. Black females

suffer a double dose of discrimination or a multiplicative effect.

Put another way, the relationship of sex to Income differs for

miles and females (Blalock, 1979, pp. 355 -366).

3
For example, a student who made a 78 In the sociology course

would have made an 85 in the political science course because the

Instructor In the latter was more lenient In his grading and the
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average of his course was higher. Prior to standardizing the

grade scores, the best predictor of course grade was the subject a

student was taking. After standardizing, course subject did not

account for any of the variation In course grade. Treating course

grade relative to the average Is clearly the meaningful way to do

It.

4
Only 36.6% of the sample had GPAs fluctuating by 1.5 between

their highest and lowest quarters over the study period.

5
Variables 8, 8, and 14 were constructed from questionnaire

Items with Llkert (1932) response categories (strongly agree,

scored 5, to strongly disagree, scored 1). Then, zeroorder

correlations were computed and Items that correlated .4 or above

with other Items were formulated Into weighted composite scales

based on Factor Analysis (8alley, 1978, pp. 365-370). The

Internal consistency of a scale was assessed with Cronbach's Alpha

reliability coefficient (Cronbach, 1951). Prior to conducting

factor analysis which assumes intervallevel data, each Item was

examined to see if it were feasible to treat these ordinal

(ranked) response categories as interval data. Questionnaire

Items that had significantly skewed responses were eliminated.

Ordinal scales have been found to give the same statistical

outcomes as Interval scales with "robust" statistics such as
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Pearson's r and analysis of variance (O'Brien, 1979; Henry, 1982).

e
Only 129 and 98 students took the ACT and Stanford

Diagnostic Reading Test (SORT), respectively. The regre4sion

coefficients for these variables with others were based, then, on

only part of the sample. Since those without these test scores

were primarily transfer students who tend to be better students

because they have survived other programs, the coefficients are

probably underestimated and, thus, conservative.

71f a forward stepwise regression were computed where

variables entered the equation according to the magnitude of their

correlation with Standardized Grade Score (SGS), GPA, ACT, and

SDRT scores would have entered the equation ,Irst. Other

predictor variables, because they are highly correlated with these

three, would then have failed to explain additional variation

(sums of squares) In SGS beyond that explained by these variables.

We did not want this to occur because GPA, ACT, and SDRT are not

directly interpretable as are the other variables. Thus, they

were held out of the equation until the other variables were

included.
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Table 1

Standardized Grade Scores Re ressed on Selected Student

Characteristics With Admissions-Test Scores and Grade Point

Average (GPA) Entered Last

40

Independent V rlabies R

(1) ALL BUT ADMISSIONS TESTS,GPA

Course-Specific Comprehension .37

Reading Comprehension .49

Written Summarization Skills .53

Class Level .57

Lack of Personal Problems .61

Causal Inference Ability .64

Age .65

Prior Knowledge of Course
Material .66

TOTAL R2 for (1) .43***

(2) ADMISSION TESTS AND GPA

ACT Scorea .76

Intensive Study Habitsb .78

Stanford Diagnostic Testc .80

GPA .81

TOTAL R2 for (2) .22 * **

R2

.13

.24

.29

.33

.38

.40

.42

.43

.58

.60

.64

.65

R
2

Change

.13
***

.11
***

.05
***

.04
***

.05***

.02

.02
***

.01

.15
***

.02
***

.04
***

.01

r

.37
***

.34
***

.32
***

.22
**

.27***
***

.26

.19
**

**
.18

.58
***

-.05
.55***

.63***

Beta

.11

.13

-.01

.30
**

.20*

-.04

.12

-.07

**
.36

.14

.30*

.15

TOTAL R2 FOR ALL VARIABLES
*

.65
**

a
ACT coefficients computed for 129 available cases. b

intensive Study

Habits entered the equation late because its effects were suppressed

until ACT entered. cStanford Diagnostic Test Scores coefficients

computed for 96 available cases.

Q<.05,
** ***

.o5, one-tailed. a<.ol, one-tailed. 2<.001, one - tailed.
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Table 2

Ranked Mean Standardized Grade Scores for Student Categories from AID, and Retention Rates

Student category

(1) A/B+, very high reading comprehension

(2) A/B+, not extremely high readinj comprehension

but mod. to good written summary skills

(3) A/B+, not extremely high reading comprehension,

poor written summary skills, but few course-

specific comprehension problems

(4) B/C+, moderate to high prior Uowledge of course

(5) C/D+, encountered few course,pecific

comprehension problems, no personal problems

(6) C/D+, encountered course-specific comprehension

orobless, mod. to very poor reading skills,

23 years & older

(7) C/D+, encountered course-specific comprehension

Mean RRa n

Gain or

loss In

letter

grade

Grade

rec'd

1.32 .49 67% 12 1.6 A

1.10 .50 67 15 1.3 A/8

.86 .43 78 9 1.0 B

.66 .61 58 24 .8 B/C

.56 .42 50 14 .7 8/C

.30 .52 20 5 .4 C+

-.01 .46 50 17 .0 C

Statistical Interaction Model

Notes on comensatory effects

Affinity to course material

compensated for moderate

academic abilities

Better than expected due to

affinity to course & no personal

problems

Being older helped

Slightly better than expected;

problems, had mod. w good reading comprehension reading comprehension compensated

skii!s, 23 years I eider for course-specific problems

(Continued)
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Table 2. Continued

(8) C/D+, encointered few course-specific comprehen-

slon problems, but had personal problems

(9) B/C+, little or no prior knowledge of course

(10) A/B+, not extremely high reading comprehension

skills, poor written summary skills, encountered

course-specific comprehension problems

(11) D/F, less intensive study habits

(12) C/D+, encountered course-specific comprehension

problems, had mod. to very poor reading comprehen-

sion skills, young (17-22 years old)

(13) D/F, very intensive study habits, average to mod.

high reading comprehension skills

(14) 0/F, very intensive study habits, poor reading

comprehension skills

ALL STUDENTS

Statistical interaction Model

42

-.04 .56 36 14 -.1 C

-.09 .64 71 26 -.1 C

-.15 .54 40 5 -.2 C/D+

-.75 .59 21 19 -.9 D

-.89 .64 43 34 -1.1 D-

-1.11 .97 00 7 -1.3 D-/F

-1.87 .85 00 5 -2.2 F

0.00 .96 49 206 0.0 C

Better than expected due to

affinity to course material

Slightly worse than expected due

to lack of prior exposure

Did much worse than expected from

GPA, but not than predicted from

other variables

Did worse than expected due to

both course-specific & reading

cceprehension problems

Reading skills helped some.

intensive study either overrated

by student or did not help

a
RR . Retention Rate % of category remaining In school In the study period or taing graduated.
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Figure Captions

Figure 1. Types of variables hypothesized in the literature to

affect academic performance and student retention

Figure 2. Means of Standardized Grade Scores for categories

derived with Automatic Interaction Detection: 206

students in intro±ictcry social science courses
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Self-control STUDENT ACTIVITIES:

Extracurricular
ROLE CONFLICTS: programs

Interpersonal &
financial stabil- STUDENT GROUPS/
ity ASSOCIATIONS

Employment status
Full-time vs.
part-time status

ROLE ADJUSTMENT:
Student social
integration

45



p G, e, e L y e_ 2

Standard-
ised
Grade
Score
Y 0.0
n 206

LEGElf..

A /8+ Students

(CPA:3.0-4.0)
Y. .96 +1.2 LG
n 41

8/C+ Students
(CPA:2.5-3.0)
V. .27 +.3 LG
n 50

C/D+ Students
(GPA:1.5 -2.5)

Y -.26 -.3 LG
n 84

D/F Student
(GPA:0.0-1.5)
Y. -1.01 -1.2 LG

(1)

Very high reading
comprehension
Y. 1.32 +1.6 LG
n 12

NW. high to very
poor reading
comprehension
Y. .81 +1.0 LG
n 29

(4)

Had prior knowledge
of course material
V. .66 +.8 LG
n 24

(9)

Little prior knowledge
of course material
V. -.09 -.1 LG
n 26

Encountered few
comprehension
problems w/courst
V. .26 +.3 LG
n 0 28

encountered
comprehension
problems w/course
V. -.51 -.6 LG
n 0 56

Less intensive
study habits
V. -.75 -.9 LG
n 19

n 31 Very intensive
study habits
Y -1.43 -1.7 LG
n 12

Y Mean Standardized Grade Score

< Characteristic associated with
a decline in mean grade

+ LG Estimated improvement (+) or decline (-) in mean letter grade compared to total sample.

( ) Terminal categories numbered in rank order of mean standardized grade score.

Characteristic associated with
improvement in mean grads

(2)

[Mod. to good written
summarization skills
Y. 1.10 . +1.3 LG
n . 15

Poor written

summarization .kill.
Y. .50 +.6 LC
n 14

(5)

Had no personal
problems
V. .56 +.7 LG
n 14

(8)

Had personal problems
Y -.04 -.1 LG
n 14

(7)

Mod. h'gh to high
reading comprehension
Y. -.01 +0.0 LC
n 17

Mod. to very poor
reading comprehension
Y. -.74 -.9 LG
n -39

(13)

Mod. to Mod. high
reading comprehension
Y -1.11 -1.3 LG
n -7

(14)

Poor reading
comprehension
To -1.87 -2.2 LG
n -5

4

(3)

Encountered few
comprehension
problems w/course
Y. .86 +1.0 LG
o 9

(10)

Encountered
comprehension
problems w/course
Y. -.15 -.2 LG
o 5

( 6 )

23 years 4 older
Y. .30 +.4 LG
n 0 5

(12)

17-22 years old
V. -.89 -1.1 LG
n 34


