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Comparisons of Keying Procedures

Executive Summary

In recent decades, there has been an increasing emphasis placed on college graduation
rates and reducing attrition due to the social and economic benefits, at both the individual
and national levels, proposed to accrue from a more highly educated population (Bureau of
Labor Statistics, 2011). In the United States in particular, there is a concern that declining
college graduation rates relative to the rest of the world’s population will reduce economic
competitiveness (Callan, 2008). As such, in addition to research on how to increase
educational performance in elementary and secondary schools, educational researchers are
also interested in the determinants of performance and persistence at the collegiate level.

One method hypothesized to promote increased college graduation rates is to raise the
standards in the nation’s high schools in order to better prepare students for college. Indeed,
data from many converging sources suggests high school graduates are not prepared

for higherlevel college curriculum (Achieve, 2005). As such, many state institutions have
attempted to set standards for rigor in order to ensure students are prepared for college
study. Against this backdrop, the College Board has recently developed a measure of
academic rigor, termed the Academic Rigor Index (ARI), for the purpose of examining how
well a student is prepared for college study both within and across broad content domains
(Wiley, Wyatt, & Camara, 2010). The ARl awards 0 to 5 points in each of five areas (English,
mathematics, science, social science/history, and foreign/classical languages) based on
students’ self-reported course-taking and sums these to create an overall index on a
0-25-point scale. The 25 credited activities are drawn from a larger set of course-taking
variables. Each individual credited activity's inclusion in the index is empirically supported

by links to subsequent collegiate performance. The decisions to award an equal number of
possible points in each of the five areas, and to weight each area equally in computing the
total score, were not empirically based, and thus the degree to which relaxing the equal point
per area and equal weight per area constraints could improve the predictive power of the ARI
is not known. The purpose of the present paper is to compare the ARI with alternative scoring
procedures that remove these constraints.
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Introduction
Rational vs. Empirical Scoring Procedures

In the psychological test development process, two main classes of methods by which

to select items and develop scoring keys can be considered: rational and empirical. A test
developer who subscribes to a purely rational point of view would suggest that items should
(1) be selected on the basis of their judged relevance to the outcome of interest (e.g., job

or academic performance, the absence of illegal behaviors at work, etc.), and (2) that their
response options should be assigned a value based on the hypothesized relationship with that
outcome. Both of these decisions will often be driven by theory. A “rational” test-developer
may suggest that, for instance, when developing a test for a software engineer, it is standard
that an applicant would have taken at least five computer science courses while completing a
bachelor’s degree, so this would be worth 0 points, whereas each course taken beyond that
would be worth 1 additional point, and this would be the scoring key applied to that item. This
entire process can be conducted using the developer’s expert judgment and understanding of
the content domain.

At the other extreme, a test-developer subscribing to a purely empirical point of view

would be likely to gather a large pool of items thought to be at all relevant to the outcome

of interest. They would then administer this pool of items to a sample of members of the
class of interest (e.g., current employees, current graduate students), along with gathering
outcome data (e.g., grades, retention). Items would then be selected based on the strength
of their relationship to that outcome, and the value given to each item response would be
derived through a statistical procedure, also based on its relationship to the outcome. As a
result, it is an almost entirely data-driven process, often requiring the use of a large number of
research subjects and cross-validation procedures.

A key aspect of the debate between these two points of view is a trade-off between validity
and construct purity/meaningfulness. Specifically, weights derived through an empirical
least-squares minimization process represent optimal weights for the sample and given a
representative and large enough sample, the degree to which these weights would exhibit
shrinkage should be minimal. While many implementations of empirical-keying do not use
procedures that produce optimal weights, validity has generally been found to be solid
(Hogan, 1994). Proponents of the rational method tend to argue that the goal should be to
identify constructs and determine the validity of these constructs, rather than individual items.
As empirical methods can potentially result in items being weighted in the opposite direction
from what would be rationally expected, this can make finding an overarching narrative for
why the empirical key works difficult.

In practice, most methods of construct-related test development represent a mixture of

the rational and empirical paradigms. Items derived rationally may be removed if there is

no empirical relationship with the outcome when used operationally, and item responses
weighted heavily empirically may appear unintuitive and dropped for practical reasons. While
this mixture of methods has been acknowledged in some sources, the distinction between
rational and empirical paradigms represents somewhat of a schism within researchers in
applied psychology, particularly with respect to personality and biographical data (biodata)
inventories.
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Academic Rigor Index

The ARI was developed by analyzing a large (N = 67644) data set that contained detailed high
school course-taking information, SAT®, high school GPA, and college first-year GPA (FGPA)
and retention criteria (Wiley et al., 2010). Like many construct-oriented inventories, its scoring
rules are predicated on a mixture of rational and empirical concerns. First, the ARI contains
components of the College Board’s definition of a core high school curriculum (four years of
English, three years of math, three years of natural science, and three years of social science/
history). Additionally, a number of comparisons were conducted such that the mean FGPA

of those who participated in a particular high school course, number of courses in a domain,
or Advanced Placement® (AP®)/honors option of a course was compared to those who did
not, and courses that resulted in a mean FGPA difference of students greater than .05 were
considered to be meaningful for rigor. These could be said to be loosely keyed on FGPA.
Finally, these FGPA-comparison identified rigor variables were combined and reduced in such
a way as to create five domain-level scales, each with 5 points. As a result, this process can
be described as a combination of an empirical and a rational approach: empirical in that each
score point reflects a course-taking activity that is empirically linked to FGPA, and rational in
the decision to award equal points per domain and to weight the five domains equally. For
more detail on how the ARI was developed, see Wiley et al. (2010).

The ARI development procedure provides at least two areas where less than optimal results
can occur. First, the rational decision rules used could utilize only a portion of the variance in
the academic rigor items related to the criteria. As these decision rules were grounded in the
empirical data, large departures from optimality seem unlikely. However, it seems useful to
examine the extent to which, if any, empirical-keying methods produce more valid weights.
Second, given the nature of the data-collection procedure (i.e., being tied to the administration
of the SAT), incomplete response patterns could result based on when students completed
the academic rigor items. Specifically, if students completed the SAT at some point in 11th
grade, they may not know which courses they would be taking in 12th grade and, therefore,
left these items blank. For ARI points that are determined by number of years of course-taking
within a certain discipline, this results in the potential to make earning these points unlikely

or impossible. An empirical-keying method at the item level would allow these students to
receive “partial credit” based on the number of courses they actually took.

There are also reasons to expect that the specific weighting method used will not make a
large difference. Perhaps most prominent of these is a research stream that suggests both
that the precision of the weights used does not create wildly different results and that as long
as the directional sign is accurate, weights can be unit or rounded and exhibit similar results
to the least-squares weights (e.g., Green, 1977; Rozeboom, 1979; Wilks, 1938). In smaller
samples, these alternative weights can even outperform least-squares weights in cross-
validation (e.g., Dawes & Corrigan, 1974, Einhorn & Hogarth, 1975; Raju, Bilgic, Edwards, &
Fleer, 1997; Schmidt, 1971). This suggests that differences between a process that relies on
data to some degree to establish its weights and a process that relies entirely on empirical
data could be negligible.

Given the importance of the broader goal of college success, it is critical that the predictive
power of academic rigor be as close to purely empirical methods, or as high as possible.
Overall then, the goal of our study is to compare the rational/empirical method of scoring the
academic rigor items used in developing the ARI to strictly empirical methods and different
levels of aggregation of the academic rigor items.
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Method

Sample

The sample used in this study is a subset of the SAT Admitted Class Evaluation Service™
(ACES™) data set developed by the College Board in collaboration with a large group of
universities and colleges. The colleges were purposefully chosen to be broadly representative
of regions, large and small schools, and public and private schools. The sample used includes
the 67644 students in the ACES data set for the entering class of 2007 for 110 schools who
fully completed questions on all relevant measures of interest. Descriptive comparisons
between this subset and the full data set of students in the ACES data set suggested that
distributions of variables were fairly similar in both data sets, though more sophisticated
missing data techniques were not conducted (Wiley et al., 2010).

Measures

Freshman Grade Point Average. Freshman grade point average (FGPA) was provided by the
colleges/universities after the student’s first year at that institution.

Retention. Retention was also provided by the college or university and was a dichotomous
variable indicating whether the student had returned to that institution for a second year.

High School Grade Point Average. The measure of high school GPA (HSGPA) used in this
study was a self-report from a questionnaire students filled out at the time that they took the
SAT®. While there are bound to be differences between self-report measures and institution
reported measures (e.g., due to rounding, forgetfulness, school-weighting or recomputation
or willful distortion), Kuncel, Credé, & Thomas (2005) found a mean r = .82 between self-
reported and high-school-reported GPA. In addition, previous work with College Board data
sets has reported that the correlation between these two variables is .75 (Beatty et al., 2010).
As such, it seems reasonable to expect a high degree of overlap and similar correlational
results.

SAT SAT scores were collected by the College Board. Scores on the three SAT subtests
(Math, Critical Reading, and Writing) were combined into a single unit-weighted composite for
use within our study.

Academic Rigor. Questions related to high school curriculum were asked with respect to

five academic domains at the time of taking the SAT: English, mathematics, natural science,
social science/history, and foreign and classical languages. Course work information obtained
included general course titles and grade level when taken as well as AP honors, or dual-
enrollment participation. Each question required a simple Yes/No based on whether a student
participated in a given course in a given grade and there were 395 items in total.

Procedures and Data Analysis Plan

Our first task was to recreate the College Board's Academic Rigor Index (Wiley et al., 2010).
This process involves a straightforward simplification and coding of the 395 academic rigor
items. Specifically, for each of five domains (English, Math, Science, Social Science, and
Foreign Language), 5 points were allocated based on aggregated student-level data, such as
the number of courses taken in that domain and whether any (or how many) AP honors, or
dual-enrollment courses were taken. This resulted in a 25-point scale. As our data set was the
same data set used by Wiley et al. (2010) to explore the properties of the ARI, we were able
to directly compare the results of our implementation of their scoring rules in order to ensure
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we had done so correctly. For more detail on the development, scoring, and properties of the
ARI, see Wiley et al. (2010).

Empirical Scoring Procedures

The scoring procedure for the ARI contains a number of tacit assumptions. First and
foremost, there is the assumption that a much simpler, aggregated representation of the
395 academic rigor items is adequate to capture their variance (e.g., swapping the number
of foreign language courses taken for the dozens of specific language/grade combinations
doesn't lose much in the way of prediction). Second, the scoring rule of allocating 5 points
per domain suggests an equivalent contribution of academic rigor in each domain to
criterion performance. Likewise, allocating one point to each behavior of interest (rather
than differential regression weights, for instance) suggests that each of these behaviors is
equally relevant for criterion performance. These assumptions can be considered to be nested
hierarchically (i.e., items within aggregated points within domain), with each level adding a
new constraint.

While there are good reasons for expecting that many of these assumptions would hold, it
seems reasonable to investigate how much precision in prediction is lost by each of these
assumptions. As such, we applied two methods of empirical keying to models that represent
each of these assumptions.

Vertical Percent Method

The vertical percent method is a classical empirical-keying procedure often used in the domain
of biographical data (biodata). The basic procedure and weighting scheme was introduced

by Strong (1926), and later outlined by England (1961, 1971). Hogan (1994) suggests that it

is the most common method used to empirically key biodata inventory items, and it has a
considerable amount of evidence supporting its use (e.g., Devlin, Abrahams, & Edwards,
1992; Mitchell & Klimoski, 1982).

While implementing the vertical percent method can be a computationally intensive process,
especially when compared to other procedures in the modern era, it is also straightforward.
First, high and low criterion groups are chosen. WWhen using dichotomous criteria (e.g.,
retention), this is simple, with those who returned to college for the second year being

coded as the high criterion group, and those who did not return coded as the low criterion
group. When using continuous criteria, such as GPA, the cut score to determine high and low
group membership is up to the discretion of the researcher. Hogan (1994) suggested that a
common procedure was fashioned after Kelley (1939) and was to set the high criterion group
as those who score in the upper 27% on the criterion, and the low criterion group as those
who score in the lower 27%. Devlin et al. (1992) found that results were fairly stable across a
number of different splits (e.g., top and bottom 5%, top and bottom 10%, etc.) in predicting

a GPA analogue for the U.S. Naval Academy. Additionally, in previous research with a closely
related College Board data set, we tested multiple splits (1%, 5%, 10%, 15%, 20%, and
27%) and found that the resulting composites all correlated very highly and thus did not affect
conclusions (Beatty et al., 2011). In this study, we chose the top and bottom 20% on the FGPA
criterion (above 3.57 and below 2.39, respectively).

After criterion groups are chosen, the next step involves computing the percent within each of
the criterion groups that chose each item alternative. Then, the percent from the low criterion
group is subtracted from the percent in the high criterion group. This percentage difference is
applied to each of the subjects’ item responses as a weight, and these weights are summed
to create a total composite for each subject.
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Since empirical-keying processes rely exclusively on the data to derive weights, these
weights are optimized for that specific sample, and the validity of any such composite would
be expected to exhibit shrinkage when applied to a new sample. As a result, even though
we had a large and arguably representative sample of students, we used a cross-validation
procedure to test the applicability of the weights derived from the vertical percent method.
Specifically, we randomly selected two-thirds of the entire sample of students to be in the
weight-development group, and then assigned the remaining one-third of the sample to be in
the cross-validation group. This resulted in sample sizes of 44,701 and 22,943, respectively,
in the analyses involving FGPA, and 40,413 and 20,767 across 101 schools in the analyses
involving retention. Both the number of schools and total N differ in the retention analyses
due to some schools having either no, or very small, reported attrition, resulting in a lack of
variability.

Weights derived in the weight-derivation group were applied to both the weight-derivation
and cross-validation groups, and composites were computed. These composites were then
used to predict FGPA and retention in order to obtain the validity of each individual composite.
Incremental validity over HSGPA and SAT was then tested by hierarchical regression. The
measure of variance explained reported for logistic regression in this study is the Nagelkerke
pseudo-A? (1991). Finally, descriptive statistics and regressions were calculated both within
each school and n-weighted and across the total sample in order to come up with two sets
of estimates. We choose to focus on results computed within-school and aggregated as this
reflects solely on within-school effects and does not conflate estimates with school-level
effects. However, the total sample results are presented in an appendix for comparison
purposes with the Wiley et al. (2010) report.

Multiple Regression

Another traditional method for deriving weights for a linear composite is regression. While
the vertical percent method examines each item and its response options in isolation from
any other item, regression examines the interrelations between the items and assigns
weights based on the entire item set. Results from regression and the vertical percent
method would thus be expected to differ based on the amount of intercorrelation within the
data such that regression could pick up redundancy between the items. Beatty et al. (2010)
recently compared the two procedures and found that regression produced more cross-
valid weights when the sample size approached approximately 1.75 times the number of
items, and that as the sample size increased, it had the potential to produce weights that
had substantially more validity than the vertical percent method (in some cases, doubling
the validity). As the ARl items are all proposed to reflect a common construct, it seems
likely that item intercorrelations would be high, and therefore, allow potential for multiple
regression to provide superior weights relative to the vertical percent method. As the items
are all dichotomous, they are already equivalent to dummy-coding, and can be directly used
in regression. We therefore regressed FGPA and retention on the composites, and also
examined the incremental validity of the subsequent multiple regression-derived composites
over HSGPA and SAT, both on the total sample and n-weighting results across schools. The
same cross-validation procedure was used as described previously, and the samples used in
each group were based on the same random draw.

Models Tested

Both the vertical percent method and multiple regression were used to evaluate three models
corresponding to the assumptions discussed above. First, in order to examine the assumption
that the simplified set of variables in the ARI accounts for a large portion of the variance in
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the 395 academic rigor items, we simply applied the vertical percent method and multiple
regression to the entire set of items. Second, to test whether any predictive efficacy was
given up by weighting each of the ARI's 25 points equally, we applied the vertical percent
method and multiple regression to these 25 points (i.e., the effect of unit weights versus
differential weights). Third, we examined the importance of weighting academic content
domains differently by using these two procedures on the five domain composite variables.

Additionally, it is important to note that regression composites will always explain more
variance in the criterion for every additional item entered into the composite. In order to
determine whether any advantage from using the full 395-item regression composite is solely
a function of there being more items than in the ARI, we also computed a composite of

the most predictive 25 items identified through forward stepwise regression. Though many
previous methodologists have suggested that stepwise regression is not an ideal procedure
(e.g., Copas, 1983; Leigh, 1988; Thompson, 1995), we chose to utilize it because other readily
available metrics for inclusion (e.g., standardized and unstandardized regression weights)
identified variables that had heavy weight when they were endorsed but were quite rare,
resulting in composites with very little variability.
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Results

We preview the results to be presented in detail below. An initial finding is that the vertical
percent method was never superior to the regression method. Thus the substantive
discussion that follows focuses on the regression results. Table 1 addresses the central
question for the current study showing the difference in the predictive power of the ARl and
empirical regression-based models for both FGPA and retention. Further, incremental validity
over and above HSGPA and SAT is displayed. The ARl composite (r = 0.24) performs nearly as
well as the regression model utilizing all 395 items (r = 0.26) in the prediction of FGPA in the
cross-validation sample. \When looking at retention the ARI composite again predicts almost
as well as the regression-based models. In addition, little difference in terms of incremental
validity was found. We note that we use the traditional validity coefficient for presenting
FGPA results and present results in the variance explained metric for retention as we argue
it is more appropriate to focus on results derived from a logistic framework for dichotomous
criteria.

Tables 2 and 3 provide more detailed information displaying means, standard deviations,
and correlations between study variables for both the weight-derivation and cross-validation
samples. These tables report results relevant to the prediction of FGPA and retention,
respectively, calculated within-school and sample-size weighted. Given the large sample
sizes involved, it is perhaps not surprising that there doesn't appear to be a large amount
of shrinkage involved for most composites (the most prominent exception being the full
395-item retention logistic regression). Also not surprising are the lower correlations for
the prediction of retention relative to FGPA. The content domain composites keyed to each
criterion tend to be highly correlated with each other (e.g., .60s-.90s).

Tables 4 and 5 present the results of the regression analyses of each of the composites.
Table 4 reports results for the prediction of FGPA sample size-weighted across school.

The full set of 395 items analyzed by regression provides the most variance explained out

of the composites predicting FGPA alone; however, the absolute differences between the
composites appear quite small. To aid in interpretation, percentages of the variance explained
of the full-set regression composite are also reported. While regression involving the full item
set holds a sizeable edge in the weight-derivation sample, this is substantially reduced when
these weights are applied to the cross-validation sample (e.g., many composites exhibit up to
and over 90% of the maximum variance explained). A similar pattern of results between the
composites holds for the investigations of incremental variance, however, the absolute value
of all of these composites in incrementing over HSGPA and SAT for the prediction of FGPA is
small (e.g., change in R? < .01).

Interestingly, the regression results support the earlier hypothesis that the empirical models
represent a series of constraints: from the rational/empirical ARl key, to the domain-factor
empirical key, to the 25-point empirical key, to the full-item empirical key, each result in
progressively more variance explained. However, this is not the case for the vertical percent
method. While the 25-point key is more predictive than the domain-factor key, the jump to
the 395-item key results in a decrement to its ability to predict FGPA. This is consistent with
Beatty et al’s (2010) theory for why weights derived via multiple regression can exceed those
derived by the vertical percent method. Specifically, the inclusion of hundreds of related
pieces of information increased the redundancy within the items: redundancy that the vertical
percent method does not account for in its weighting.

Table b provides results for these same scoring models in predicting retention for sample-
size weighted school-level results. Results mirror those for FGPA, with two major exceptions.
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First, all models performed very similarly relative to the full item-set regression composite,
and there was not an instance where certain tests lagged behind the others as there was
with FGPA. Second, the composites exhibit much more of an increment to HSGPA and SAT
in predicting retention, both in absolute terms and in percentage of the variance explained by
HSGPA and SAT. This suggests that even though the ARl and its components were keyed on
FGPA, they may have more utility for the prediction of retention.

The appendix contains analogues for each of the above discussed tables, but with analyses
conducted on the entire sample to allow comparison to results presented by Wiley et al.
(2010). The pattern of findings is almost identical in both sets of analyses.
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Discussion

The goal of this study was to examine different methods of scoring raw data pertaining to
academic rigor in order to ascertain the resulting effect on both cross-valid variance explained,
and incremental validity over HSGPA and SAT in predicting college FGPA and retention.
Overall, results suggest that the rational/empirical method used in developing the AR
resulted in little information loss. \While there were larger differences between the methods in
the weight-derivation sample, these differences tended to shrink dramatically in the cross-
validation sample. Although the incremental validity of any academic rigor composite over
HSGPA and SAT tended to be small in an absolute sense (e.g., approximately 1% of variance
explained), it appeared to be relatively more predictive for retention, which is a notoriously
difficult criterion to predict.

First, these results have relevance for the utility of academic rigor in predicting educational
criteria. Academic rigor proved to be a fairly strong predictor of first-year college grades.
Although the incremental validity above traditional predictors was not large, even small gains
can be beneficial. Further, it provides college admission offices with more unique and detailed
information about students. This could aid decisions for more specific domains and serve as
an indicator of interest and/or motivation. More notably, academic rigor shows great promise
in addressing current societal goals to aid college retention and completion rates. The use

of an academic rigor composite results in relatively large gains of incremental validity over
traditional predictors. Given that the information that goes into the academic rigor composite
is routinely provided to colleges, this seems to be a plausible step for increasing retention
rates, either by selecting those who have a higher likelihood of retention or identifying those
who are of greater risk to attrite.

Second, this study’s findings provide a straightforward example of well-known psychometric
results in the weighting of linear composites. Research reviewed earlier indicated that
validity results were often insensitive to the weighting strategy used. In accord with this,
there were very few differences among the weights. In addition, a subset of the analyses
was representative of an increasing order of generality (from the rational/empirical keying
method used in the ARI, to the domain-factor empirical key, to the 25-point empirical key,

to the full-item empirical key). This pattern of results was expected given the sample size,
though it is perhaps surprising how little the levels of generality and differential weighting
mattered. Of course, it is plausible that regression and vertical percent weights at different
levels of generality would exhibit worse validity than the rational/empirical ARl composite with
small sample sizes, but for a fair comparison of these procedures, the rational/empirical ARI
composite would also need to be re-created based on the FGPA comparisons utilized to help
generate its weights.

While any weighting scheme can be computationally automated, test use occurs in a social
context. As a result, an additional consideration in favor of the rational/empirical ARI scoring
method is its explanatory simplicity and face-validity. The 395-item regression composites
contain a number of examples where taking a certain course in 9th grade is weighted
positively, whereas taking it in 12th grade is weighted negatively, or where the highest
weights are in relatively rare course-options at the high-school level (e.g., Greek, Russian,
and Korean). Having to defend these decision rules in a high-profile inventory could be
associated with public relations issues and negative test-taker reactions, and doing so only
seems justified if they provide substantially more explanatory power by capturing critical but
unintuitive relationships. As that does not appear to the case, the ARI-scoring key appears to
balance these test-use and validity concerns.
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Finally, these results have relevance for the more general domain of empirical-keying.
Previous research has indicated that multiple regression’s ability to determine valid item
weights exceeds that of the vertical percent method (Beatty et al., 2010). The proposed
mechanism by which this occurred was through regression’s ability to account for redundancy
among variables. The results of this study suggest a similar inference, with the vertical
percent method resulting in similar validities to regression until the full 395-item data set
where one would expect the most redundancy. As such, this study adds a converging line

of evidence to this research stream. As for the broader issue of a comparison of the validity
between rational and empirical methods, this study isn't particularly illuminating. While we
note that the ARl has some rational elements in its construction, it appears to be heavily
based on an empirical examination of the relationship of high school course data to FGPA, and
Wiley et al. (2010) themselves refer to it as an empirical key.

In the technical report describing the development of the ARI, Wiley et al. (2010) suggest

a few limitations and areas for additional research. These include the need to compare the
self-reported high school course work data and actual transcript data to investigate their
convergence, and the necessity of relying on broad high school course titles along with an
assumed equivalence of difficulty within them (e.g., honors courses at different institutions
could indicate more or less rigor). We concur that these would be useful investigations,

and that they could inform any subsequent research conducted with the ARI. In addition,
we suggest that the AR, or its more specific components, may have greater efficacy and
incremental validity in predicting specific-domain course grades rather than broad FGPA and
could thus serve as a proxy for engagement in the domain.

Overall, a comparison of a number of different methods and approaches to computing
composites of high school course data in order to estimate academic rigor suggested few
differences in cross-valid variance explained. Results confirmed that the College Board's
Academic Rigor Index gives up little validity in its coding of high school course data.
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Table 1.

Summary of Comparisons of Different Methods for Predicting FGPA and Retention —
N-Weighted by School

rwinfoen  phuilh  Weronanal - lcremonal
ARI Composite 256 (.243) 019(.021) 005(005) .009(014)
Regression  all 395 items  299(2600  039(023)  010(007)  025(016)
Regrression—25 points .263(.253) .022(.022) .005 (.006) . .01b(.013)
Regrression—5domainfactors .263 (.251) .020(.021) .005(.006) . .0079(.014)

Note. Incremental variance explained is over HSGPA and SAT. For all cells, the first value is for the weight-
development sample, whereas the value in parentheses is for the cross-validation sample. Statistics presented
in this table are n-weighted means of results from 67,644 students in 110 schools for the FGPA criterion, and 61,
180 students in 101 schools for the retention criterion.
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Appendix

Appendix
Table A1.
Summary of Comparisons of Different Methods for Predicting FGPA and Retention —
Total Sample
- R? with ' Incremental B Incremental A2
rwith FGPA  Retention for FGPA - for Retention
ARI Composite . .338(329)  .056(049) .000(.000) .006 (.004)
Regression — all 395 items . .410(381)  .099(058)  .013(.007) 036(.011)
Regression — 25 points . .357(.350)  .066(055)  .002(.002) .011(.007)
Regression — 5 domain factors . .351(.343)  .061(051)  .001(.001) .008 (.004)

Note. Incremental variance explained is over HSGPA and SAT. For all cells, the first value is for the weight-
development sample, whereas the value in parentheses is for the cross-validation sample. Statistics presented
in this table are based on the total sample of results from 67,644 students in 110 schools for the FGPA criterion,
and 61,180 students in 101 schools for the retention criterion.
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The Research department
actively supports the
College Board's mission by:

o Providing data-based solutions to important educational problems and questions
o Applying scientific procedures and research to inform our work

o Designing and evaluating improvements to current assessments and developing new
assessments as well as educational tools to ensure the highest technical standards

o Analyzing and resolving critical issues for all programs, including AP®, SAT®,
PSAT/NMSQT®

o Publishing findings and presenting our work at key scientific and education conferences

o Generating new knowledge and forward-thinking ideas with a highly trained and
credentialed staff

Our work focuses on the following areas

Measurement
Alignment Research
Trends

Validity

Follow us online: research.collegeboard.org s Co]]egeBoard
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