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Introduction: Past studies have found students to perform differently between
class grades and standardized test scores — two essential and complementary
measures of student achievement. This study examines predictors of the
relative performance between these two measures in the context of the
advanced placement (AP) program, namely, we compared students’ AP exam
scores to the class grade they received in the corresponding AP course. For
example, if a student received a high AP class grade but a low AP exam score,
what characteristics about the student or their learning context might explain
such discrepancy?

Methods: We used machine learning, specifically random forests, and model
interpretation methods on data collected from 381 high school students
enrolled in an AP Statistics course in the 2017-2018 academic year, and
additionally replicated our analyses on a separate cohort of 422 AP Statistics
students from the 2018-2019 academic year.

Results: Both analyses highlighted students’ school and behavioral
engagement as predictors of differential performance between AP class
grades and AP exam scores.

Discussion: Associations between behavioral engagement and differential
performance suggest that the ways in which a student interacts with AP course
material to obtain high class grades can differ from study habits that lead to
optimal performance on the AP exam. Additionally, school-level differences
in relative performance pose equity concerns towards the use of AP exam
scores in high-stakes decisions, such as college admissions. Implications are
discussed from a pedagogical and policy perspective.
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Introduction
Grades versus standardized test scores

Teacher-assigned class grades and standardized test scores
are two of the most common measures of student achievement
widely used in practice and research. Although both are reflective
of student learning, they measure distinct constructs of graded
achievement and tested achievement, respectively (Brookhart,
2015). While tested achievement more narrowly captures student
mastery of key content and cognitive skills relevant to the test
subject, graded achievement may encompass a broader set of
learning outcomes, such as motivation, effort, participation, and
other classroom- or teacher-defined goals (McMillan, 2001;
Willingham et al., 2002; Bowers, 2011; Brookhart, 2015). In fact,
empirical evidence has repeatedly shown grades and
standardized test scores to correlate only moderately, often
ranging from 0.5 to 0.6 (Brennan et al., 2001; Sadler and Tai,
2007; Bowers, 2011; Pattison et al., 2013; Brookhart, 2015).
Furthermore, grades and test scores can have varying sources of
construct-irrelevant variance. As most standardized tests are
administered as a fixed and one-time event, daily fluctuations in
students’ physical and mental health can more easily affect
performance, as well as factors such as test anxiety (Haladyna
and Downing, 2004; Richardson, 2015). Grades, on the other
hand, can suffer from considerable variability or inconsistency
in standards and practices across teachers (Brookhart, 1994).
Further, grades are often assigned in reference to other students
in the class, and thus students with the same ability level can
receive different grades depending on the average ability level of
their classmates (Calsamiglia and Loviglio, 2019; Bergold et al.,
2022). In this sense, standardized test scores given by external
examiners may provide a more objective and comparable
measure of achievement across classrooms and schools
(Calsamiglia and Loviglio, 2019). Overall, it is unsurprising that
students often perform differently between grades and
standardized tests, and that grades and test scores produce
different rankings of students, especially when compared across
classrooms and schools.

Several past studies have examined student and contextual
characteristics that account for differential performance on grades
and standardized tests. For example, Willingham et al. (2002)
analyzed data from the National Education Longitudinal Study
(NELS) and cited several sources of discrepancy between high
school grade average and NELS test scores among high school
seniors. These included variations in grading practices across
schools, students’ scholastic engagement as defined by
participation, initiative in school, and avoidance of distracting
activities, and teachers’ judgments of student performance
(Willingham et al., 2002). In another study, Kobrin et al. (2002)
noted demographic features associated with students who had
higher high school grade-point averages (GPA) relative to their
SAT scores. Such characteristics included being a minority
student, being female, having lower family income, speaking
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languages besides English, and being non-US citizens or nationals
(Kobrin et al., 2002).

In a closely related line of work, researchers have separately
examined the correlates of grades and those of standardized test
scores and compared them to one another. Duckworth et al.
(2012) found that standardized test scores were more reflective of
intelligence (measured by IQ) among a sample of middle school
students, whereas report card grades were more reflective of self-
control, which refers to the voluntary regulation of attention,
emotion, and behavior. The authors reasoned that intelligence
allows students to more easily and independently acquire
knowledge and skills outside of formal instruction, which may
be advantageous for standardized tests if test content differs from
classroom curricula. On the other hand, self-control aligns more
with studying content taught in class, completing homework, and
generally managing behaviors and emotions in class (Duckworth
etal., 2012). Similarly, Hofer et al. (2012) found cognitive ability
to be a better predictor of standardized test scores, whereas
personality variables, including self-control strength and academic
procrastination, were better predictors of self-reported school
grades among middle school students.

Several studies have specifically investigated the differential
relations between personality traits and various achievement
measures. At the university level, Furnham et al. (2013) found that
the big five personality traits (i.e., extraversion, agreeableness,
conscientiousness, negative emotionality, and open-mindedness)
accounted for more variance in coursework performance (e.g.,
homework, in-class assignments) than exam performance among
British university students. Morris and Fritz (2015) found
corroborating  results, ~where  conscientiousness and
procrastination were stronger predictors of class grades than exam
scores. They reasoned that contrary to the restrictive nature of
exams, coursework provides much more flexibility for students’
individual traits to engage, by allowing students to choose when,
where, and with whom to work (Furnham et al., 2013; Morris and
Fritz, 2015). However, an important distinction to note here is that
these two studies examined performance on a university course
exam, rather than a standardized test. At the high school level,
(2019) studied the differential effects of
conscientiousness and openness on grades and standardized test

Meyer et al

scores in two domains (mathematics and English). Their findings
highlighted the presence of both domain- and measure-specific
differences in the effects of these two traits. For example, they
found that openness predicted English test scores but not math
test scores, whereas conscientiousness predicted math test scores
but not English test scores. They also found that conscientiousness
predicted both English and math grades, and that openness had a
positive effect on English grades but a negative effect on math
grades (Meyer et al., 2019). This focus on conscientiousness and
openness is also found in other studies examining the relationship
between personality traits and achievement (e.g., Noftle and
Robins, 2007; Spengler et al., 2013; Hiibner et al., 2022). These
studies have emphasized the ties of conscientiousness to discipline,
dedication to work, and other study behaviors that are observable
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by teachers, thus explaining its relation to teacher-assigned grades
(Spengler et al., 2013). Openness is more related to the ability to
work with and apply learning strategies in novel testing formats,
which is advantageous in many standardized test settings (Hiibner
etal., 2022).

While most studies in this line of research have made a
dichotomous categorization of grades and standardized test
scores, Hiibner et al. (2022) recently proposed the Personality-
Achievement Saturation Hypothesis (PASH), a conceptual model
to distinguish between achievement measures more thoroughly
by considering five features of achievement measures
(standardization, relevance for student, curricular validity,
instructional sensitivity, and cognitive ability saturation) along
which to consider the relationship between personality traits and
achievement. For example, while both the Scholastic Aptitude Test
(SAT) and the Program for International Student Assessment
(PISA) are standardized tests, the SAT is much more consequential
and high-stakes to students than the PISA, which is mainly for
monitoring purposes. Thus, the differential relations between
personality traits and different achievement measures could
be refined by considering not only whether a measure is a
standardized test score or a grade, but along more granular
features (Hiibner et al., 2022).

Study goals and contributions

As grades and standardized test scores remain the basis for
various high-stakes decisions in the educational system, including
policy, selection, evaluation, and resource allocation decisions,
studying these measures continue to be of great importance. The
present study extends this line of research on the relationship
between grades and standardized test scores through two
main contributions.

Our first contribution is to study these measures in the context
of the College Board’s Advanced Placement (AP) program. The
AP program offers advanced-level coursework for high school
students in over 20 different subject areas (Ewing, 2006). For each
AP course, there is a corresponding standardized test given by the
College Board, called the AP exam, which students take towards
the end of the AP course. Satisfactory performance on AP exams
grants students college credit or course exemption in relevant
subjects, thus allowing them to gain a head start on college
curricula while still in high school (Ewing, 2006). In our study,
we compare students’ final class grade in an AP course to their
performance on the corresponding AP exam. The distinctive
natures of AP class grades and AP exam scores can be explored
using the five features in the PASH framework (Hiibner et al.,
2022). Both AP class grades and AP exam scores have high
curricular validity and instructional sensitivity, as the AP
curriculum is designed with the intent of preparing students for
the AP exam, and thus both measures are closely linked to the
curriculum and coursework tasks. AP exam scores are highly
relevant for students given their implications for college credit. AP
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class grades are also highly relevant for students, given their
impact on high school grades, but perhaps to a lesser extent than
AP exam scores. According to prior research indicating that
cognitive ability is more strongly related to standardized test
scores than grades (Hofer et al., 2012; Borghans et al., 2016),
we may conceive that AP exam scores are higher on cognitive
ability saturation than AP class grades. Finally, the most salient
distinction between AP class grades and AP exam scores is that
AP exam scores are standardized nationally, whereas AP class
grades are not.

To our knowledge, this topic of differential performance
between grades and standardized test scores has not been
examined in an AP context but is useful for multiple reasons. First,
both high school grades and AP exam scores are key factors in
college admissions, an evidently high-stakes decision (Shaw et al.,
2013). Therefore, it is important to understand how AP exam
performance and AP coursework performance can differ in their
functions as high-stakes measures, especially given the growth of
AP participation nationwide over the past decade (College Board,
2019). Furthermore, there are recent shifts towards test-optional
and test-flexible college admission policies, which allow applicants
to withhold their SAT and ACT scores or to substitute them with
alternative test scores, such as scores on AP exams or SAT Il
Subject Tests (Pellegrino, 2022). As such, we may expect the
importance of the AP program in college admissions to grow.
Second, the AP program produces grades and test scores that are
aligned perfectly in terms of subject matter. With other
standardized tests, such as the SAT or ACT, which have broadly
defined subjects like reading and math, test content may not
perfectly align with content covered in classroom curricula. This
may challenge comparisons between grades and test scores or may
require combining grades from multiple classes in order to make
the measures comparable in content. Lastly, the AP curriculum is
fairly standard at a national level, allowing for better comparisons
across schools and classrooms.

The second contribution of our study is to use a machine
learning approach in examining the differential performance
between grades and standardized test scores. Specifically, we use
random forests (Breiman, 2001). Past studies in this line of research
have primarily used more traditional statistical approaches, such
as multiple regression, structural equation modeling, or descriptive
statistics (Brookhart et al., 2016). Although machine learning is
often perceived as focused solely on making accurate predictions
using a “black-box” algorithm, random forests are well-suited for
exploratory data analysis and come with useful tools for
interpreting model outputs (Jones and Linder, 2015). In particular,
random forests do not make distributional assumptions, can
handle a large number of predictors relative to observations, can
easily handle continuous, nominal, and ordinal predictors without
having to create dummy variables, and can learn complex
interactions and nonlinear effects without explicit specification
(Jones and Linder, 2015). Therefore, random forests provide a
flexible tool for exploring relations among a wide range and large
number of variables in a dataset and for discovering new patterns
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not theorized a priori. Model interpretation tools, such as
individual conditional expectation (ICE) plots, partial dependence
(PD) plots, and variable importance measures (VIMs), further
allow for intuitive explanations and substantive conclusions of the
fitted model (see Methods section for more details). Leveraging
this data-driven nature of random forests, we incorporate several
other predictors of achievement besides the big five personality
traits, which have received substantial attention in this line of
research on the differential prediction of grades and standardized
test scores (Noftle and Robins, 2007; Spengler et al., 2013; Lechner
et al,, 2017; Meyer et al., 2019; Hiibner et al., 2022). Specifically,
we consider students’ engagement levels in the classroom as well
as the overall school environment, students’ perceptions of teacher
support, and a proxy of self-efficacy. While these student
characteristics have also been examined in relation to achievement
(Klem and Connell, 2004; Galyon et al., 2012; Lei et al., 2018), they
have not been studied extensively in how they differentially relate
to grades and standardized test scores specifically. We additionally
include demographic covariates, such as age, gender, school type
(public or private), and parental education. In sum, using machine
learning techniques will allow us to examine whether past findings
in this line of research apply in an AP context, as well as to mine
the data for new patterns for which we have limited
prior knowledge.

The use of machine learning for predicting student
achievement is not new and has indeed become increasingly
popular as research in educational data mining and learning
analytics expand (Sahin and Yurdugiil, 2020). The present study
builds upon previous work in these areas by applying machine
learning to model the differences between measures of student
achievement, in addition to modeling the measures themselves.
While related, the former analysis allows for an investigation and
interpretation of variables that directly account for the difference
in performance across assessments, whereas the latter only allows
for insight into variables that predict each measure individually
and to compare them.

The goal of the present study is to (1) compare the personal
and contextual characteristics that predict grades vs. standardized
test scores in an AP context, and to (2) investigate the predictors
of differential performance between the two measures. For
example, if a student receives a good final grade in an AP course
but a poor AP exam score, what characteristics about the student
or their learning context might explain such discrepancy?
We conduct data analysis using machine learning and
subsequently replicate our analysis on an additional data set to
strengthen the evidence of our findings.

Materials and methods
Sample
Data were collected from 381 AP Statistics students aged 14 to

18 (M =16.64years, SD=0.90) from six participating high schools
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in the midwestern United States during the 2017-2018 academic
year. From the six schools, seven AP Statistics teachers’ class
sections partook in the study. Data were collected using online
self-reported surveys, with the exception of AP class grades and
AP exam scores. Students received surveys at five different points
throughout the academic year. Each time point included survey
questions that gathered information about different student
behavior and characteristics (Figure 1).

Table 1 presents the study’s sample demographics, which
approximately align with available national data concerning AP
Statistics students (College Board, 2018). For instance, there was
an approximately equal distribution of gender in our sample
(53.85% female) compared to the national pool (52.32% female;
College Board, 2018). Table 1 contains information on 325
students, as it excludes 56 students who did not report
demographic information, except for school and school type
which were known for all students.

Measures

Personality

We used the Big Five Inventory-2 to measure five domains of
personality (extraversion, agreeableness, conscientiousness,
negative emotionality, and open-mindedness; Soto and John,
2017). Each personality domain has three corresponding facets
with equal numbers of items per facet (see Soto and John, 2017 for
more details). We obtained sum scores at the domain-level.

Procrastination

There are two types of procrastination behaviors discussed in
the literature, active and passive (Chu and Choi, 2005). Active
procrastinators intentionally put off their tasks, preferring to work
under pressure. This type of procrastination was measured using
the Active Procrastination Scale (Choi and Moran, 2009). Passive
procrastinators postpone work due to reasons such as laziness,
indecision, or poor prioritization. This type of procrastination was
measured using the Aitken Procrastination Scale (Aitken, 1982).

Student engagement

We considered engagement at the course-specific and general
levels. Micro engagement refers to a student’s engagement within
a specific class, while macro engagement refers to a student’s
engagement with the overall school environment (Whitney et al.,
2019). Micro engagement was measured using the Scale of Student
Engagement in Statistics (SSE-S; Whitney et al., 2019), which
includes three subscales of engagement — affective, behavioral, and
cognitive. Macro engagement was measured using the Student
Engagement in Schools Questionnaire (SESQ; Hart et al., 2011),
which also includes three subscales — affective, behavioral, and
cognitive. For both types of engagement, a sum score was obtained
separately for each of the three subscales. For micro engagement,
which was surveyed at three different time points, an average sum
score was obtained across the time points for each subscale.
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FIGURE 1
Timeline of survey question topics.

Teacher support

A measure of students’ perception of teacher support was
created by taking items from two sources, the Teacher
Academic Support Scale of the Classroom Life Instrument
(Johnson and Johnson, 1983) and the Experiences with Faculty
dimension of the National Survey of Student Engagement
(2000). The measure has been previously validated (Ober
etal., 2021b).

See Table 2 for details on the above self-report scales used,
including the number of items, sample items, and reliability
estimates of each score.

Mathematics background

We gathered information about students’ math background
and interests. Specifically, students were asked for the number of
previous math classes they have taken in high school and the
reason they are taking AP Statistics.

Self-predicted AP exam scores

Towards the end of the academic year, students were asked
whether they plan to take the AP Statistics exam and what they
think they will score on the AP Statistics exam, which can
be considered an indicator of self-efficacy in statistics.

Achievement measures

At the conclusion of the academic year (i.e., after time point
5 in Figure 1), we collected two measures of student achievement
in the AP Statistics course: final class grades (a numerical score
from 0 to 100, occasionally exceeding 100 due to extra credit
points) and AP exam scores (an integer score from 1 to 5, such
that 1 corresponds to ‘no recommendation’ and 5 to ‘extremely
well qualified’; Mattern et al., 2009).

Difference score

A measure of differential performance between AP class
grades and AP exam scores (“difference score” henceforth) was
computed by converting each achievement measure into a
percentile rank and then subtracting the class grade percentile
rank from the AP exam score percentile rank. Therefore, a positive
difference score indicates a student ranking at a higher percentile
on the AP exam compared to their class grade, and a negative
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difference score indicates a student ranking at a higher percentile
on the class grade compared to their AP exam score.

Analysis plan

We used random forests to analyze the data. Random
forests are a popular machine learning technique that build an
ensemble of decision trees. Decision trees are learned by
partitioning a predictor space into non-overlapping groups,
such that groups are most homogenous (i.e., for continuous
outcome variables, minimize the residual sum of squares) with
respect to the outcome variable (James et al., 2021). Partitions
are made in a top-down approach, meaning the algorithm
starts with the whole predictor space, then successively splits
the space on a selected predictor and a cut-off value for that
predictor. At each split, two new nodes are created. This
process is called recursive binary splitting and continues until
a stopping criterion is met, such as a threshold for the
minimum number of observations in a terminal node.
Predicted values are assigned to each observation by taking
the average of outcome variable values of the observations in
the same terminal node (James et al., 2021). Random forests
enhance the performance of single decision trees by growing
B decision trees using bootstrapped samples from the data
(James et al., 2021). At each split in a single tree, a random
sample of mtry predictors, out of all available predictors, is
chosen as split candidates. Random subsets of predictors are
created in this way to prevent strong predictors from always
being selected to split on, which helps to decorrelate and
diversify the trees. In doing so, the trees balance out each
other’s errors and obtain more accurate predictions as an
ensemble. For continuous outcome variables, predictions from
all trees are averaged to return one prediction per observation.

We used the randomPForest package to implement the
analysis in R (Liaw and Wiener, 2002). We built three random
forest models in total — one for predicting class grades, one
for predicting AP exam scores, and one for predicting
difference scores. For each outcome, we trained the model
and conducted hyperparameter tuning with a training set
(66.67%) and evaluated predictive performance on a test set
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TABLE 1 Sample demographics of AP statistics students.

Variable N Percentage
Gender

Female 175 53.85
Male 150 46.15
Race/ethnicity

White 190 58.46
Black or African-American 14 431
Mexican American 7 2.15
Other Hispanic or Latino/Latina 7 2.15
Asian or Asian-American 76 23.38
Native Hawaiian or other Pacific 1 0.31
Islander

American Indian or Alaska Native 1 0.31
Multiracial 25 7.69
Other 3 0.92
Prefer not to respond 1 0.31
Grade level

Sophomore 66 20.31
Junior 38 11.69
Senior 221 68
School

A 192 50.39
B 9 2.36
C 56 14.7
D 65 17.06
E 43 11.29
F 16 4.2
School type

Private 16 4.2
Public 365 95.8
Reduced-price lunch eligibility

No 283 87.08
Not applicable at my school 7 2.15
Prefer not to answer 1 0.31
Yes 34 10.46
Expected education

High school diploma or G.E.D. 8 2.46
Bachelor’s degree (B.A., B.S,, etc.) 82 25.23
Associate degree (A.A., A.S., etc.) 1 0.31
Master’s degree (M.A., M.S,, etc.) 110 33.85
Doctoral or professional degree (Ph.D., 124 38.15
].D., M.D,, etc.)

Parental education

Did not finish high school 11 3.38
High school diploma or G.E.D. 14 431
Attended college but did not complete 8 2.46
degree

Bachelor’s degree (B.A., B.S,, etc.) 110 33.85
Associate degree (A.A., A.S,, etc.) 8 2.46
Master’s degree (M.A., M.S,, etc.) 92 28.31
Doctoral or professional degree (Ph.D., 82 2523

].D., M.D,, etc.)
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(33.33%). Each random forest contained B =500 trees, and
each tree was constrained to a minimum of five observations
in terminal nodes, which are standard choices (Liaw and
Wiener, 2002). Each model was tuned over the hyperparameter
mtry, which is the number of predictors to be considered as
split candidates at each split. This hyperparameter controls
the strength of the randomization in the split selection
process and thus plays an important role in random forests’
predictive performance (Bernard et al., 2009). Each forest was
tuned across values of mtry from 5, 10, 15, 20, 25, to search
for the value resulting in the lowest five-fold cross validation
root mean squared error (RMSE) within the training set.
Hyperparameters control the learning process and are tuned
by the user (e.g., rather than estimated during model fitting)
in this way to select a value that optimizes predictive
performance. Because this is unique to the learning process
of each model, we may obtain different hyperparameter
values for each of our three models.

For each model, we examined predictive performance
using R* and predictive features using permutation-based
VIMs, ICE, and PD plots. VIMs quantify the impact of each
predictor on the outcome variable. For each predictor, the
VIM indicates the change in out-of-bag error (measured by
the increase in mean squared error for continuous outcome
variables) after permuting only that predictor, averaged over
the B trees (Liaw and Wiener, 2002). Therefore, a large value
indicates greater importance and contribution to the overall
prediction. VIMs were scaled to vary between 0 and 100 to
ease interpretation. In past research involving educational data
mining, a subset of the predictors, such as 5 or 10, are usually
examined (Sinharay et al, 2019). To probe the relation
between the predictors and outcomes that the models learned,
we used ICE and PD plots (Friedman, 2001; Goldstein et al.,
2015). ICE plots describe the partial effect of a subset of
predictors by displaying how predictions of the outcome
change as the predictor changes, given fixed values of all other
predictors, per observation. PD plots display the average of all
observations’ curves in an ICE plot. Overlaying the PD plot on
the ICE plot gives useful clues for both the heterogeneity in
the effects among observations, as well as the average
partial effect.

Results
Descriptive statistics

Class grades (M=87.23, SD=8.74) and AP exam scores
(M=3.73, SD=1.20) were correlated at 0.57. Once converted to
percentile ranks, the correlation was 0.58. This is consistent with
other studies that found grades and standardized test scores to
correlate in a similar range (Brookhart et al., 2016). Distributions
of class grades, AP exam scores, and differences scores (M =0.00,
SD=26.18) are given in Figure 2.

frontiersin.org


https://doi.org/10.3389/feduc.2022.1007779
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

Suzuki et al. 10.3389/feduc.2022.1007779

TABLE 2 Number of items in each scale, scale reliability, and sample items from each scale.

Scale/subscales Number of items McDonald (1999) @  Sample items
BFI-2
Openness 12 0.539 Has few artistic interests.

Is curious about many different things.
Conscientiousness 12 0.682 Tends to be disorganized. [R].

Tends to be lazy. [R].
Extraversion 12 0.663 Is outgoing, sociable.

Has an assertive personality.
Agreeableness 12 0.601 Is compassionate, has a soft heart.

Is respectful, treats others with respect.
Negative emotionality 12 0.773 Is relaxed, handles stress well. [R].

Stays optimistic after experiencing a setback. [R].

Procrastination

Active 16 0.781 My performance tends to suffer when I have to race against deadlines. [R].
I do not do well if I have to rush through a task. [R].

Passive 16 0.88 I delay starting things until the last possible minute.

T often do not finish tasks on time.

Macro engagement

Affective 9 0.854 I am very interested in learning.
I think what we are learning in school is interesting.

Behavioral 12 0.812 I try hard to do well in school.
In class, I work as hard as I can.

Cognitive 12 0.885 When I study, I try to understand the material better by relating it to things
I already know.
When I study, I figure out how the information might be useful in the real
world.

Micro engagement

Affective 8 0.912 I 'am interested in learning statistics.
I enjoy being in statistics class.

Behavioral 8 0.819 I study for statistics on a regular basis.
I take good notes on the material for this class.

Cognitive 8 0.757 I try to make connections between the topics and concepts taught in this
class.
I combine ideas from different courses to help me complete my statistics
assignments.

Teacher support

14 0.949 My teacher clearly explains course goals and requirements.

My teacher teaches course sessions in an organized way.

[R] Indicates reverse-coded items.

Pearson correlations between the continuous and binary Model results

predictors and the three outcome variables are presented in

Table 3. Class grades were most correlated with school type, The model results, including sample size, hyperparameter
affective micro engagement, teacher support, and self-predicted values, and test set performance, of the three random forests
AP exam scores, whereas AP exam scores were most correlated predicting class grades, AP exam scores, and difference scores
with gender, a desire to learn statistics as a reason for taking AP respectively, are presented in Table 4. Each model was trained and
Statistics, conscientiousness, agreeableness, affective micro tested on a different sample size due to differences in missingness
engagement, active procrastination, and self-predicted AP exam of each outcome variable. Missing predictor data (14.4% missing)
scores. Correlates of difference scores included age, openness, were imputed using the R package and function missForest
passive procrastination, teacher support, and self-predicted AP (Stekhoven, 2013), an iterative imputation method based on a
exam scores. random forest (Stekhoven and Buhlmann, 2012). This
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non-parametric method is particularly useful for mixed-type data
and can handle complex interactions and non-linear relations
present among predictors (Stekhoven and Buhlmann, 2012).
MissForest has also been shown to perform better than other
popular imputation methods, including k-nearest neighbor
imputation and multivariate imputation by chained equations
(MICE; Stekhoven and Buhlmann, 2012). Observations from
school A were eliminated from the class grade and difference score
models due to unavailability of class grade data from this school.
Macro engagement was removed from the analysis due to high
missingness (nearly 50%) in student responses from time point 3.
This left a total of 29 predictors.

Comparing the R’ values across the three models in Table 4,
the AP exam score model had the highest predictive
performance, followed by the difference score model, and the
class grade model had the poorest performance. This is not
surprising, as the AP exam score model was built on the largest
sample size, and thus the model had more information from
which to learn patterns. Furthermore, the AP exam is a national
standardized exam that has undergone many stages of
development, calibration, and review by psychometricians.
Therefore, we can expect the AP exam score to have stronger
validity and reliability across all school. On the other hand, class

10.3389/feduc.2022.1007779

grades have not gone through the same level of standardization
as the AP exam and may contain more measurement error.
When variables have a large amount of measurement error, the
predictive ability of machine learning models suffers (Jacobucci
and Grimm, 2020).

Table 5 presents VIMs from the top five most important
predictors from each of the three models. Comparing the top
predictors of class grades to those of AP exam scores revealed both
similarities and differences. Both models included students’ self-
predicted AP exam score as a top predictor, although it had a
much higher relative importance in the AP exam score model
than in the class grade model. Regardless, this highlights ties of
students’ self-efficacy to both student achievement measures.
Besides students’ self-predicted AP exam scores, another largely
dominant predictor for the AP exam score model was school,
highlighting the presence of school-level differences in students’
performance on the AP exam. In contrast, the class grade model
did not have any largely dominant predictors and had importance
measures that were more evenly split among other student-level
predictors, including teacher support and negative emotionality.

Examining the VIMs of the difference score model revealed
that the most influential predictors of the differential performance
between class grades and AP exam scores included students’
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FIGURE 2
Distributions of class grades (Panel A), AP exam scores (Panel B), and different scores (Panel C).
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TABLE 3 Pearson correlations between continuous and binary
predictors and the three outcome variables.

Predictor Class grade AP exam  Difference
score score

Age 0.04 0.00 -0.34%%%

Female -0.08 -0.20%%* -0.20%

Private school 0.22%% 0.05 -0.01

Number of math classes -0.03 -0.15% -0.15

taken

Taking AP Stats for 0.05 -0.02 -0.02

college credit

Taking AP Stats to meet 0.11 0.04 0.02

math class requirement

Taking AP Stats because 0.17% 0.34%%% 0.08

interested in learning

statistics

Taking AP Stats because 0.06 0.09 -0.01

need to know material

for future job/career

Taking AP Stats because 0.04 0.03 0.08

friends are taking it

Taking AP Stats to 0.10 0.14* 0.12

challenge myself

academically

Openness -0.02 0.12% 0.28%*

Conscientiousness 0.04 -0.17%% -0.18%*

Extraversion -0.01 -0.10 0.06

Agreeableness -0.13 -0.16%* -0.06

Negative emotionality -0.06 0.10 0.03

Affective micro 0.28%#* 0.247%%% -0.15

engagement

Behavioral micro 0.09 -0.08 -0.17%

engagement

Cognitive micro 0.16* 0.18%%* 0.14

engagement

Active procrastination 0.22% 0.18%* 0.04

Passive procrastination -0.16 0.05 0.25%*

Affective macro 0.09 0.14 0.05

engagement

Behavioral macro 0.15 -0.07 -0.13

engagement

Cognitive macro 0.08 0.09 0.11

engagement

Teacher support 0.26%* 0.09 -0.21%%*

Plan to take AP Stats -0.15 0.06 NA

exam

Self-prediction of AP 0.34%%% 0.61%%* 0.24%*

Stats exam score

Note. *p < 0.05, **p < 0.01, ***p < 0.001.

school, engagement, and personality. Figure 3 illustrates the effects
of these predictors on predicted difference scores in four ICE plots.
To ease comparisons between each observation’s curve in the ICE
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plots, we centered the predictions at the minimum observed value
(left end of plot) of the predictors to generate centered ICE plots
(Goldstein et al., 2015). First, the ICE plot for school in Panel A of
Figure 3 shows a general trend of lower predicted difference scores
associated with school C, meaning higher performance on class
grades than AP exam scores, and higher predicted difference scores
associated with school D, meaning higher performance on AP
exam scores than class grades. Note that school names have been
arbitrarily assigned. For engagement, Panel B shows that behavioral
engagement does not substantially affect predictions until it
reaches above-average levels of engagement, at which point
increasing behavioral engagement is associated with lowering
predicted difference scores, indicating better performance on class
grades relative to AP exam scores. Conversely, predicted difference
scores increased with increasing levels of cognitive engagement for
most observations, as shown in Panel C, indicating better
performance on AP exam scores relative to class grades. Similarly,
Panel D shows an increasing trend in predicted difference scores
with increasing levels of openness in most observations.

Replication study

The above analysis was replicated on additional data to
investigate whether patterns remain consistent when using a new
cohort of students from a similar academic environment. The data
was collected in the 2018-2019 academic year from 422 AP
Statistics students aged 14-18 (M=16.80years, SD=0.82). These
students came from the same six high schools and seven teachers’
classrooms as the data from the main study collected in the 2017-
2018 academic year (see Table 6 for sample demographic
information for the replication study). The data contains the same
predictors and three outcomes as before.

Tables 7, 8 present model results from the replication study.
Overall, the analysis on the replication study’s data produced
reasonably similar results as the main study. The R? values across
the three models remained similar, with the AP exam score model
having the best performance and the class grade model having the
worst. As before, predictions of class grades and AP exam scores
both relied dominantly on students’ self-predictions of their AP
exam performance. Students” school remained another dominant
predictor for the AP exam score model. On the other hand, the
class grade model had a different set of important student-level
predictors, besides the self-predicted AP exam score, which now
included conscientiousness, behavioral engagement, and passive
procrastination. Strong predictors of the difference score model
included school and behavioral engagement as before, with school
C and higher behavioral engagement still being associated with
lower predicted difference scores. Other predictors of the
difference score model now included conscientiousness and
passive procrastination.

Given a few of these differences in important predictors,
we caution against over-interpreting the effects of predictors
whose importance measures failed to replicate. Regardless, the
replication study showed that much of the major findings
from the main study can be found when using the next
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academic year’s data, and most dominant patterns are
unchanged across different samples of students in similar
academic environments.

Investigating school differences

Given that school C came up as a strong predictor in both
analyses, we investigated whether there are any traits that
distinguish school C from the others by comparing the
breakdown of demographic variables across the six schools
using the main study’s data. In general, school C had a more
diverse demographic composition of students. For example,
school C had a larger proportion of students who are eligible
for free or reduced-price lunch programs (17.86%), whereas
some other schools had none (average 8.52% for other
schools). School C also had the largest proportion of
multiracial students (12.50%) and a smaller proportion of
white students (46.43%) compared to the other schools
(average 5.23 and 63.04%, respectively). While most schools’
responses to parental education were dominated by a
bachelor’s, master’s, or doctoral degree, school C’s responses
were more evenly split among other responses, such as high
school diploma or “did not finish high school” (23.21% for
school C compared to average 4.25% for other schools). A
similar observation can be made for students’ expected
education and the proportion of students who answered ‘high
school diploma’ (3.57% for school C compared to average
0.83% for other schools). From these observations, it appears
that school C contains a more diverse student body in terms
of race/ethnicity, socio-economic status, and students’ visions
for their education.

TABLE 4 Random forest model results.

Model Outcome N mtry R? (test
variable set)

1 Class grade 176 5 0.197

2 AP exam score 341 20 0.54

3 Difference score 166 5 0.407

mtry, number of predictors to be considered as split candidates at each split.

10.3389/feduc.2022.1007779

Discussion

Teacher-assigned grades and standardized test scores continue
to be studied as key measures of student achievement and are each
employed in various high-stakes decisions in the educational
system (Brennan et al., 2001). This study examined differences
between these two measures in the context of an AP Statistics
course. Specifically, we used machine learning to explore students’
personal and contextual characteristics as predictors of AP class
grades, AP exam scores, and differential performance between the
two, as defined by a difference score indicating the difference in
percentile ranks. We additionally replicated the analysis on data
from the following academic year.

Students’ self-predictions of their AP exam performance
predicted both class grades and AP exam scores in both the main
and replication studies. This provides some evidence of
consistency between the two as measures of achievement in the
AP Statistics course. However, compared to the AP exam score
model, the class grade model had poorer predictive performance
with less consistent model interpretation results between the main
and replication studies. Whereas the AP exam score model had a
small number of strong predictors, the class grade model had a
larger number of moderate predictors, including personality and
engagement characteristics. This is not surprising, based on past
studies that have spoken to the multidimensionality of grades
compared to standardized test scores (Bowers, 2011; Brookhart
etal., 2016).

The difference score model revealed several possible
contributors to the differential performance between class grades
and AP exam scores. As a contextual characteristic, students’
school was a strong predictor of difference scores in both the main
and replication studies. In particular, we observed that a school
may collectively produce higher percentile ranks in class grades
compared to AP exam scores, as school C in our study did. One
explanation for this could be that a school has standards for
coursework performance that differs from the national standards
of the AP exam performance, and thus its students’ class grades
may appear inflated relative to their AP exam scores. A related
explanation is that a school lacks critical resources for its students

TABLE 5 Permutation-based variable importance measures from the three random forest models.

Class grade AP exam score Difference score
Rank Predictor VIM Predictor VIM Predictor VIM
1 Teacher support 17.91 Self-prediction of AP exam score 43.34 School (= C) 16.48
2 Self-prediction of AP exam 14.2 School (= C) 29.88 School (= D) 15.82
score
3 Negative emotionality 11.71 Reason taking AP Statistics (= to 4.94 Cognitive engagement 8.48
learn Statistics)
4 Agreeableness 6.15 Conscientiousness 4.15 Openness 7.77
5 Affective engagement 6.04 Affective engagement 2.93 Behavioral engagement 5.97

VIM, variable importance measure.
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FIGURE 3
Centered individual conditional expectation (black line) and partial dependence (red line) plots of four important predictors of difference scores:
school (Panel A), behavioral engagement (Panel B), cognitive engagement (Panel C), and openness (Panel D).

to perform on par with the national pool of AP students in other assessments, they may not be able to perform as optimally on the
schools. While the availability of AP coursework has expanded in AP exam. Another explanation could be that the effort put into
less-resourced schools in recent years (Malkus, 2016), there are certain aspects of obtaining a higher class grade that are not
challenges in effectively implementing AP courses across all entirely relevant to the AP exam may be distracting from obtaining
schools, such as variability in students’ prior exposure to inquiry- a higher AP exam score, as the nature of coursework and the AP
based learning as demanded in AP courses (Long et al., 2019) or exam differ. For example, a student who puts in hours working on
qualified teachers (Burton et al., 2002). As resources often differ homework problems for a higher class grade may forget that the
between schools, this presents an equity concern towards the use AP exam is timed and that self-pacing is important (Osgood
of AP exam scores in high-stakes decisions. etal., 2017).

Personal characteristics also surfaced as important predictors It is interesting to note that we did not find personality traits,
of differential performance. In both the main and replication particularly conscientiousness and openness, to be consistently
studies, students’ effort, attention, and participation in class, as strong predictors of AP exam scores and class grades. While
measured by a high behavioral engagement score, predicted a multiple studies have found conscientiousness to be predictive of
higher class grade performance relative to AP exam performance. grades and openness to be predictive of standardized test scores
This is consistent with past literature that have found student (Noftle and Robins, 2007; Spengler et al., 2013; Meyer et al., 2019),
engagement levels to account for discrepancy between grades and there are possible explanations for why we did not consistently
other standardized test scores (Willingham et al., 2002). There are observe these findings in our main and replication studies. First,
several possible explanations for this. Math performance of the tie between openness and standardized test scores due to
students who have the capacity for success are more likely to standardized tests invoking a desire to explore and investigate new
be negatively affected by stressful or high-stakes situations testing formats (Hiibner et al., 2022) does not apply to AP exams.
(Beilock, 2008). In the context of our study, this means students This is because the AP curriculum is designed to prepare students
with high behavioral engagement put in a great deal of effort into for the year-end AP exam, such that students are repeatedly
coursework and thus likely have high class grades and capacity for exposed to the types of problems that are anticipated on the AP
success. However, due to the anxiety associated with high-stakes exam throughout the AP course (Chu, 2000). This distinguishes
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TABLE 6 Sample demographics of AP Statistics students from the

replication study.

Variable N Percentage
Gender
Female 237 56.16
Male 185 43.84
Race/ethnicity
White 139 32.94
Black or African-American 18 427
Mexican American 3 0.71
Other Hispanic or Latino/Latina 2 0.47
Asian or Asian-American 60 14.22
Native Hawaiian or other Pacific Islander 1 0.24
American Indian or Alaska Native 0 0
Multiracial 34 8.06
Other 4 0.95
Prefer not to respond 2 0.47
NA 159 37.68
Grade level
Sophomore 78 18.48
Junior 30 7.11
Senior 314 74.41
School
A 210 49.76
B 20 4.74
C 80 18.96
D 49 11.61
E 41 9.72
F 22 5.21
School type
Private 22 5.21
Public 400 94.79
Reduced-price lunch eligibility
No 237 56.16
Not applicable at my school 4 0.95
Prefer not to answer 1 0.24
Yes 19 4.5
NA 161 38.15
Expected education
High school diploma or G.E.D. 7 1.66
Bachelor’s degree (B.A., B.S., etc.) 60 14.22
Associate degree (A.A., A.S,, etc.) 3 0.71
Master’s degree (M.A., MLS,, etc.) 89 21.09
Doctoral or professional degree (Ph.D., 104 24.64
].D., M.D,, etc.)
NA 159 37.68
Parental education
Did not finish high school 5 1.18
High school diploma or G.E.D. 5 1.18
Attended college but did not complete 8 1.2
degree
Bachelor’s degree (B.A., B.S., etc.) 89 21.09
(Continued)
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TABLE 6 (Continued)

Variable N Percentage
Associate degree (A.A., A.S,, etc.) 9 2.13
Master’s degree (MLA., ML.S., etc.) 81 19.19
Doctoral or professional degree (Ph.D., 66 15.64

].D., M.D,, etc.)

NA 159 37.68

AP exams from other standardized tests which may have lower

instructional sensitivity and curricular validity
(Hiibner et al., 2022). Second, we incorporated many more
predictors into our models than other studies have considered,
using a data-driven, machine learning approach. Given that
we examined VIMs, which are compared relative to other
predictors in the models, it is possible that in the presence of the
other predictors, such as self-predicted AP exam scores and
teacher support, these personality traits did not contribute as

much to the prediction of our outcome variables.

Implications

The implications of our study findings are two-fold. First,
from an equity and policy perspective, an exclusive focus on AP
exam scores for evaluating achievement in AP courses for high-
stakes decisions, such as college admissions, may adversely
impact students in less resourced schools, which often include
underrepresented minority students. Other studies have come to
similar conclusions in non-AP contexts. For example, Brennan
et al. (2001) cautioned against sole reliance on standardized test
scores to determine educational outcomes after examining the
relative equitability of test scores from the eighth-grade
Massachusetts Comprehensive Assessment System to teacher-
assigned grades. Geiser and Santelices (2007) also found SAT
scores to correlate more with students’ socioeconomic factors
compared to high school GPA and further found high school
GPA to be more predictive of various college outcomes than SAT
scores. However, this does not mean that an exclusive focus on
AP class grades will be more fair or equitable. Grades are often
viewed as being less reliable and less consistent compared to
standardized test scores, as they depend on subjective judgments
of teachers as well as the average ability level of other students in
the class, which will also differ by school (Calsamiglia and
Loviglio, 2019). Common grading practices, such as “grading on
the curve” can also be problematic for making important
placement decisions based on grades (Bergold et al., 2022) and
additionally pose equity concerns (Bowen and Cooper, 2021).
These considerations highlight the complementary strengths and
limitations of both grades and standardized test scores as high-
stakes measures (Brennan et al., 2001; Willingham et al., 2002),
and findings from this study suggest that these nuances are
relevant in an AP context as well. As such, decision makers may
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benefit from the consideration of both AP exam scores and AP
class grades for a more holistic view of student achievement in
AP courses. This should also be combined with efforts to provide
more resources to schools in disadvantaged communities in order
to address disparities in learning environments that give rise to
equity concerns of these achievement measures in the first place.

Second, from a pedagogical perspective, this study may provide
insight for students and educators in preparation for AP exams to
obtain desired outcomes. In particular, we warn of the possibility
that high coursework performance throughout the academic year
may not guarantee or translate to high AP exam scores, depending
on study habits or other behavioral characteristics such as test
anxiety. Findings from the study highlight that the ways in which a
student interacts with course material may sometimes differ from
what is needed to perform optimally on a national, high-stakes
assessment like the AP exam. Further, while our current study is
retrospective, we envision possible future work that could build
upon the predictive modeling nature of this study employing
machine learning techniques. This could involve early detection and
intervention for students who may be improperly preparing for the
AP exam, given their behavioral engagement in the AP coursework
throughout the year.

Limitations

There are several limitations associated with this study. First,
as the number of students sampled from each school were uneven,
it is likely that schools with larger sample sizes had a stronger
influence on our models than schools with smaller sample sizes.

TABLE 7 Random forest model results from the replication study.

Model Outcome N mtry R
variable (test set)

1 Class grade 390 20 0.215

2 AP exam score 372 25 0.493

3 Difference score 372 25 0.41

mtry, number of predictors to be considered as split candidates at each split.

10.3389/feduc.2022.1007779

This is not ideal, given that different schools contribute different
characteristics (e.g., public or private, sociodemographic
composition of students), all of which may not have been
adequately represented in our sample. We also worked with a
relatively small number of schools, with an appreciable amount of
missing outcome data that led to small sample sizes. Given that
we applied machine learning, which are typically used on much
larger datasets, our sample sizes may not have been nearly large
enough for the random forest models to stably learn and detect
reliable patterns in the data (Yarkoni and Westfall, 2017). Other
problems with our data included the low scale reliability for the
Big Five Inventory-2, particularly the openness domain (see Ober
et al, 2021a). Nevertheless, we aimed to counteract these
limitations by replicating our analyses on an additional dataset to
examine the consistency of our findings.

We also made some analytical choices throughout the study
which could have impacted our results. For example, we only
used a single machine learning algorithm for our analyses.
While we chose random forests given their ease of interpretation,
flexibility, and applicability, many other machine learning
algorithms exist (e.g., support vector machines, gradient
boosting), which could have led to better predictive
performance. We further made several analytical choices within
the random forest models, such as the use of permutation-based
VIMs, which largely guided our interpretations of the model
results. Other forms of VIMs are available, such as those that
measure the total decrease in node impurities (measured by
residual sum of squares for continuous outcome variables) from
splitting on the predictor, averaged over all the trees in the
forest (Liaw and Wiener, 2002). However, this form of VIMs is
known to be biased, and permutation-based VIMs are generally
preferred (Loecher, 2022). Future studies should work with
larger sample sizes and examine whether similar findings are
found when using other machine learning techniques and
interpretation tools.

We further cannot conclude that the findings from this study
are applicable to other subjects besides AP Statistics or that they
are representative of the entire AP program. As different AP
subjects require different skills and have varying student

TABLE 8 Permutation-based variable importance measures from the replication study.

Class grade AP exam score Difference score

Rank Predictor VIM Predictor VIM Predictor VIM

1 Self-prediction of AP exam score 32.18 School (= C) 39.57 School (= C) 50.72

2 Affective engagement 13.96 Self-prediction of AP exam 31.3 Behavioral micro engagement 11.52
score

3 Conscientiousness 12.83 Reason taking AP Statistics 5.03 Conscientiousness 5.31
(= to learn statistics)

4 Behavioral engagement 11.53 Expected educational 4.17 Passive procrastination 3.55
attainment

5 Passive procrastination 8.13 Affective engagement 2.24 Grade level 3.26

VIM, variable importance measure.
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demographics, additional studies should confirm similarities or
differences across findings in other AP participants and subject
areas. Further, an inherent limitation with studying achievement
in an AP context is sample selection bias. The fact that our study’s
sample of AP Statistics students attend a school that offers the AP
program, chose to enroll in the AP course, and took the AP exam
at the end of the academic year may already be an indication of a
certain level of achievement, thus reducing the amount of
variability in our sample. Future studies in this line of work
should focus on sampling from schools with diverse
sociodemographic backgrounds with conceivably different levels
of achievement to obtain more variability and representability of
the general population.

Conclusion

In this study, we sought to compare the personal and
contextual characteristics that predict class grades vs. standardized
test scores in an AP context, and to subsequently examine
variables that explain differential performance between the two.
The application of machine learning provided exploratory findings
into possible sources of differential performance between grades
and AP exam scores in an AP Statistics course, including students’
school and engagement. Given the persisting prominence of the
AP program in US high schools and its continued role in high-
stakes decisions such as college admissions, this study contributes
important knowledge into the relationship between grades and
standardized test scores - two essential, ubiquitous, and
complementary measures of student achievement.
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