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Objective. To examine factors that determine the interindividual variability of learning within a team-
based learning environment.
Methods. Students in a pharmacokinetics course were given 4 interim, low-stakes cumulative assess-
ments throughout the semester and a cumulative final examination. Students’ Myers-Briggs personality
type was assessed, as well as their study skills, motivations, and attitudes towards team-learning. A
latent curve model (LCM) was applied and various covariates were assessed to improve the regression
model.
Results. A quadratic LCM was applied for the first 4 assessments to predict final examination perfor-
mance. None of the covariates examined significantly impacted the regression model fit except meta-
cognitive self-regulation, which explained some of the variability in the rate of learning. There were
some correlations between personality type and attitudes towards team learning, with introverts having
a lower opinion of team-learning than extroverts.
Conclusion. The LCM could readily describe the learning curve. Extroverted and introverted person-
ality types had the same learning performance even though preference for team-learning was lower in
introverts. Other personality traits, study skills, or practice did not significantly contribute to the
learning variability in this course.
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INTRODUCTION
Student learning is dependent on situational factors,

including course structure (eg, class size, instructional strat-
egies),1,2 content (eg, mathematics),3,4 and the learners’
characteristics (eg, personality traits, reaction to team envi-
ronments, studyhabits,motivation).5-7The instructor’s goal
is to help students achieve the course objectives while tak-
ing these interacting factors into consideration. To achieve
this, it may be beneficial for instructors to understand what
factors may differentiate higher performing students from
lower performing students. Knowing these factors helps to
better address the learning needs of all students and improve
course design or supplemental material and instruction.

In aprevious study,wedescribed theuseof team-based
learning (TBL) in pharmacokinetics—a mathematically-
based discipline required in the training of pharmacists.8

Team-based learning incorporates an amalgamation of
reading, writing, discussing, analyzing, and synthesizing
information, which moves the emphasis of learning from
memorizing facts to developing skills and engaging in
activities.9 This approach promotes engagement, motiva-
tion, and shared responsibility.1,9 However, Chamarro-
Premuzic and colleagues suggested that student learning
in a cooperative environment, such as team-based learn-
ing, can be influenced by personality traits.10 One person-
ality trait implicated is the introversion/extroversion
continuum.11,12 Within a team, there are members who
are dominators (high participators), while others surface
as the “quiet ones.” The dominators are not necessarily
the most knowledgeable members of the team, but they
are likely the extroverts of the group and may potentially
influence or dominate group discussion.13

Aside from personality, learner characteristics can
vary tremendously, encompassing self-views of intelli-
gence, study habits, and motivation.2 People’s self-views
of intelligence have resulted in a theoretical construct
based on the continuum in which individuals believe that
intelligence is either entity-based and effort-independent
(eg, “I was born good at math”), or incremental-based and
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effort-dependent (eg, “With effort, I can get better at
math”). These self-views can be used to predict achieve-
ment at various grade levels. For example, Dweck showed
that younger students with entity-based views were less
likely tochallenge themselveswhenpresentedwithadifficult
situation compared to their counterparts with incremental-
based views.14 Among college students, Teunissen and
Bok suggested that while females had similar average
grades as males in math, they had higher levels of anxiety
than males because of females’ perceived beliefs about
having lower competence levels, which may indicate an
entity theoryof learning regardingmathematics.3Recently,
self-theories have been discussed in the development of
medical students and how those theories may impact
professional development and acceptance of feedback.15

Other components affecting student learning are
study strategies and motivation. There is a large body of
research on the impact of study strategies and motivation
on academic success. TheMotivated Strategies for Learn-
ing Questionnaire (MSLQ) is used to help characterize
learning strategies (eg, study habits) and motivation,
which can be further quantified by amount of practice.16

Aspects of the MSLQ have been found to correlate with
academic performance in the health professions.17-19

The primary purpose of this studywas to determine if
learning pharmacokinetics in a team-based environment
would be impacted by various student characteristics, in-
cluding personality, attitude regarding intelligence, atti-
tude regarding team-learning, motivation, study skills, or
amount of practice. The secondary purpose was to deter-
minewhether personality, attitudinal, ormotivational fac-
tors would impact student views of team or cooperative
learning. These questions were to be explored using the
latent curve modeling (LCM) approach.

METHODS
Pharmacokinetics is a 3-credit hour course thatmeets

once a week for 3 hours. Enrollment in 2012 was 159
students spread across 3 campuses and synchronically
videoconferenced. The course format was previously de-
scribed.8 In prior years, the course consisted of 5 team-
based learning modules spread across the first 14 weeks,
with more integrated cases reserved for the last 2 weeks.
During 2012, these modules were spread across the first
9weeks of the course. This compression allowed additional
time for more integrated pharmacokinetic cases during the
last 7 weeks of the course and a comprehensive course
review.During the finalweeks of the class, integrated cases
that combined various topics within the course (eg, multi-
ple dosing with renal clearance concepts) were used to
scaffold learning (ie, repeat topics with progressively
less support). These cases were often open-ended for

calculations or multiple-choice or fill-in-the-blank for
concepts. Within the TBL modules, cases were predom-
inately focused on conceptual aspects of pharmacoki-
netics and minimally focused on actual calculations;
calculations were introduced after the readiness assess-
ment process, when appropriate but were the focus of the
homework assignments. Cases involved a brief intro-
duction to a patient or scenario, often including snippets
from secondary databases with pharmacokinetic infor-
mation, and 3-5 multiple-choice questions. Within
a given class period, 3-4 cases were completed.

A learning curve was generated through the comple-
tion of 4 interim cumulative assessments and a fifth cu-
mulative final examination. These assessments were
completed prior to the start of TBL (baseline, week 1),
mid-way through the content (week 4/5), after the com-
pletion of material and TBL section (week 8/9), half way
through the more complex, integrative cases (week 12),
and at the end of the semester (week 15/16, final examina-
tion). Each assessment consisted of 9 pools of information:
pharmacodynamics, single dose bolus, extravascular, in-
fusion, multiple dose, nonlinear kinetics, multicompart-
ment behavior, hepatic clearance, and renal clearance.
The first 4 assessments were completed online through
a learning management system (Sakai, Sakai Foundation,
Creative Common Attribution, Ann Arbor, MI). These as-
sessments consisted of 4 questions from each pool for a to-
tal of 36 questions. Each pool contained 12-20 questions
from previous course examinations over the past 7 years.
More than 90% of the questions were at Bloom’s Taxon-
omy level of application or higher. Like the online assess-
ments, the final examination consisted of 4 newly created
questions per pool.

Latent curve modeling is a statistical technique used
to assess interindividual variability in intraindividual
change,20 and is employed extensively in developmental
and educational science, where it is used to examine tra-
jectories of change.21,22 The LCM technique was used in
this study to explore potential factors contributing to the
variability associated with learning rates. These factors
included 3 main areas: prior academic experience (ie,
grades, standardized examination scores), study skills
(ie, number of practice problems, study strategies, moti-
vation), and personality traits and attitudes (ie, introver-
sion/extroversion, self-views of intelligence, attitudes
towards team learning environments). The development
and approach to the LCMcan be found inAppendix 1. All
models were analyzed with MPlus Version 7 for Win-
dows 64-bit (Muthén & Muthén, Los Angeles, CA).

To account for baseline variation in academic abil-
ity, variables from the admissions process were incor-
porated into baseline LCM models. These variables
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included Pharmacy College Admissions Test (PCAT)
composite scores, PCAT subsections (reading compre-
hension, qualitative, biology, chemistry, verbal), grade
point average (GPA) upon admission, and presence of
a prior 4-year degree. There was no formal hypothesis
testing conducted with these measures.

The first factor examined was the role of practice.
Practice quizzes, problem sets and inclass caseswere used
to monitor amount of practice. All practice-related activ-
ities, with the exception of inclass cases, were available
either on Sakai or an online learningmodule (Foundations
in Pharmacokineics, University of North Carolina at
Chapel Hill, NC), and both formats allowed the instructor
to track completed practice activities. For the practice
problems, approximately 75% were individual effort
problems (eg, self-assessments, homework, online as-
sessments), and 25% were team effort problems (eg,
inclass cases). In addition, to gauge students’ study habits
and motivations within this particular course, the MSLQ
was administered at week 8 of the semester.23 TheMSLQ
assesses different components of motivation (intrinsic
goal orientation, extrinsic goal orientation, task value,
control beliefs, self-efficacy for learning, and perfor-
mance and test anxiety) and learning strategies (rehearsal,
elaboration, organization, critical thinking, metacogni-
tive self-regulation, time and study environment, effort
regulation, peer learning, and help seeking). We hypoth-
esized that practice, motivation, and learning strategies
would partially explain interindividual variability in
learning. Specifically, we hypothesized that students
who performed more practice problems would have
higher performance.

Personality and attitudeswere assessed severalways.
TheMyers-Briggs Type Indicator (MBTI)was completed
on the first day of class (MBTI Self-Scorable - Form M,
CPP, Inc, Sunnyvale, CA). Team assignments were based
on balancing personality types using a previously used
algorithm.24 At the beginning of the semester, students’
self-views of intelligence were assessed generally14 and
specifically related to comfort with mathematics.25 Stu-
dent attitudes toward team learning were assessed using
a previously validated tool on team-based learning at the
beginning of the semester.26 Overall, we hypothesized
that students’ personality and attitudes towards team
learning would partially explain interindividual variabil-
ity in learning. Specifically, we hypothesized that the
variability in learning would be associated with the in-
troversion/extroversion scale orwith the student’s viewof
intelligence as related to comfort with mathematics. This
study was deemed exempt from review by the University
of North Carolina at Chapel Hill Institutional Review
Board.

RESULTS
The 4 online assessments were constructed from

a random pool of previous examination questions, which
precluded them from reliability analysis. However, the
previous assessments from which the questions were
pulled had acceptable levels of internal reliability
(n515 examinations, a50.74 60.14). The final exami-
nation also had acceptable levels of reliability (a50.73).
Individual scores for all the assessments can be found in
Figure 1.

To control for the effect of academic ability, various
measures (GPA, PCAT, etc) were incorporated into the
model. The path diagram for this model can be found in
Figure 1 of Appendix 1 and summary of all the model fits
can be found in Table 1 of Appendix 1. The only signif-
icant factor associated with the overall rate of learning
(b5.226 0.11, p,0.05)wasGPA, suggesting that higher
GPAs were associated with a faster rate of acquiring and
understanding the information. No other measure of prior
academic success was a significant factor.

Summary statistics for measures of practice prob-
lems, study skills, and motivation can be found in Table
2 of Appendix 1. There was no significant effect of prac-
tice on learning, suggesting that practice did not explain
interindividual variability. There was a weak correlation
between final examination score and the total amount of
practice (r50.17, p,0.05).

In some instances the final examination score was
inconsistent with the trajectory established by students’
prior assessments. It could be that greater effort wasmade
in preparing for the high stakes final examination than for
the lower stakes interim assessments (ie, more time or
more practice before the final). To answer this question,

Figure 1. Assessment scores over time (maximum scores is
36). The boundary of the box closest to zero indicates the 25th
percentile, a line within the box marks the median, and the
boundary of the box farthest from zero indicates the 75th
percentile. “Whiskers” (ie, error bars) above and below the
box indicate the 90th and 10th percentiles. Points represent
outliers.
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we conducted a correlation analysis of the change in as-
sessment scores between assessment 4 and the final ex-
amination and the respective change in practice. There
was no significant correlation between the change in as-
sessments scores and amount of practice.

When examining other factors associated with learn-
ing strategies andmotivation,metacognitive self-regulation
(ie, planning, monitoring, and regulating of cognition and
learning) did explain some of the variability in the rate of
learning (b5-0.126 6 0.059; p,0.05). When this factor
was added to the model, the final examination score be-
came unrelated to baseline performance (eg, where the
learner started), and the relation between the rate of learn-
ing and final examination score increased (b56.8 to
b512.5). This suggested 2 things: (1) that a higher level
of metacognitive self-regulation is associated with
a slower rate of learning, and (2) that a substantial amount
of the variability in the rate of learning is accounted for by
metacognitive self-regulation; that is, controlling for
metacognitive self-regulation makes the relationship
more apparent between rate of learning and the final ex-
amination performance. The latter part may be explained
by a significant correlation between metacognitive self-
regulation and measures within the MSLQ of critical
thinking (ie, degree to which students report applying
previous knowledge to new situations to solve problems;
r50.58), elaboration (ie, putting material in one’s own
words and relating oldmaterial to newmaterial; r50.68),
and intrinsic goal orientation (ie, students’ perception that
they are participating in a task for reasons of challenge,
curiosity, and mastery; r50.53). In terms of the motiva-
tion components of the MSLQ, none of the factors
explained interindividual variability.

Summary statistics for measures of personality and
attitude measures can be found in Table 2 of Appendix 1.
All 16 MBTI categories were present in the class. No
factor within the MBTI explained interindividual vari-
ability in learning; however, the addition of personality
factors did impact the effect of GPA on the rate of learn-
ing, which resulted in GPA becoming nonsignificant in
explaining interindividual variability. This suggests that
adding personality traits to the model influenced some of
the effect of GPA (ie, GPA x personality interaction).
There was a significant correlation between entrance
GPA and both introversion (r50.17, p,0.05) and judg-
ing (r50.19, p,0.05), which may partially explain the
finding.

We used 2 assessments of students’ self-views of
intelligence: a general assessment and 1 related to mathe-
matics; the latter had 5 subscales:membership, acceptance,
affect, trust, and fade. Two facets of mathematical intelli-
gence theory significantly explained the interindividual

variability related to the baseline performance, affect
(ie, being at ease, comfortable, calm, and not anxious,
tense, or nervous with respect to math; b50.57 6 0.29,
p,0.05) and desire to fade (ie, desire to say little, not
actively participate, fade into the backgroundwhen doing
math, b50.56 6 0.23, p,0.05). “Affect” and “desire to
fade”were negatively correlatedwith each other (r5-0.50,
p,0.05), but both had a positive impact on baseline per-
formance,whichmay indicate each variable affects a dif-
ferent part of interindividual variability. This finding
may be partially explained in that “affect” and “desire
to fade” were significantly correlated with intrinsic goal
orientation (affect, r50.21; fade, r5-0.17) and self-
efficacy (affect, r50.42; fade, r5-0.31). Finally, no fac-
tor within team attitudes explained the interindividual
variability in learning.

A full correlation analysis was performed on all po-
tential predictors of success used in this investigation,
but factors related to team attitudes were specifically
reviewed. Significant correlations are presented in Table
1. Students with a higher sense of belonging to the math
community, or those with incremental (or growth) self-
views of intelligence, tended to have a more favorable,
although still weak, view of team learning. Students who
were more comfortable learning on their own, or those
with stronger tendencies towards introversion, tended to
have a lower view of team learning.

DISCUSSION
One of the primary goals of the study was to deter-

mine the impact of personality traits on learning, partic-
ularly if introverted students were adversely impacted by
a team-learning (ie, cooperative learning) environment.
To date, extroversion has not been shown to be a strong
influence on academic performance,27 but there is little
data specific to cooperative learning environments. This
study did not find a notable difference between introverts
and extroverts in course performance. While introverts
tended to rate the team experience lower, this association
was weak. One reason introverts may not be impacted
negatively is that, in a true cooperative learning environ-
ment, there is time for individual focus and reflection
prior to engaging in conversation, a situation that favors
introverted personalities. Other studies examined the rela-
tionship between personality factors and academic perfor-
mance. Gore and colleagues found that conscientiousness
measurements within the 5-factor inventory was associated
with being a good academic citizen, which could relate to
being a good teammember in a cooperative environment.28

Using the5-factor inventory and a learning styles inventory,
Komarraju and colleagues found that personality and learn-
ing styles explained a small fraction of the variance inGPA,
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15% and 3%, respectively.29 Furnham found that learning
style, personality traits, and intelligence accounted for
around 10% of the variance in college examination suc-
cess.30 Of the studies that looked at personality traits, the
introversion/extroversion scale did not seem to be predic-
tive or associated with learning performance but may have
been potentially related to learning strategies (ie, deep vs
surface vs strategic)31 or instructional techniques (ie, lec-
ture vs interactive).10

One finding of particular note was the lack of effect
the number of practice problems completed before each
assessment had on performance. This null finding may in-
dicate that practice problems have minimal effect on
explaining interindividual variability, but practice may
form an integral part of the class for individuals and assist
in creating the learning curve trajectory.Within the course,
there are sufficient opportunities to practice, including self-
assessment quizzes (80 questions total), problem sets (102
questions total), quizzes to assess preparation (59questions
total), inclass cases (135 questions), and interim cumula-
tive assessments (225 questions total). Other studies exam-
ining the learning curve associated number of practice
problems with efficiency or overall performance.32-35

Study skills and motivation were explored as poten-
tial causes of interindividual differences. The only factor
that significantly impacted the model was metacognitive
self-regulation. Within the MSLQ, this measure assesses
the planning, monitoring, and regulating of cognition and
learning. In our study, we found a negative relationship
between self-regulation and the rate of learning. If self-
regulation is associated with deep processing of informa-
tion, that might explain the slower growth curve and
reinforce the concept that learning needs to be a slow
process.36 Metacognitive self-regulation was highly cor-
related (r.0.5) with intrinsic goal orientation, elabora-
tion, and critical thinking, which may support the notion
of “deep” processing. Typically self-regulation is associ-
ated with higher overall performance,37 and higher levels
of metacognitive ability have been associated with learn-
ing ability.38

Finally, we examined individual views on the mal-
leability of intelligence in general and specifically related
to mathematics. There were 2 significant effects: affect
and desire to fade. These factors may have coincided, as
female students reported lower perceived confidence than
males in mathematics, despite equal performance,3 a po-
tentially important finding to a population that is roughly
65% female. Affect and desire to fade were significantly
correlated with intrinsic goal orientation. Thus, high
values for affect (comfort with math) and low values of
fade (being less inclined to hide) were both associated
with high levels of motivation and self-efficacy.

There were several limitations to this study. The first
limitation is the small variability of assessment scores.
The insufficient variability can be attributed to the rela-
tively small range of values and the selectivity of students.
While a larger sample size may assist, assessments that
have a greater degree of differentiability may be better.
This phenomenon of insufficient variability is common
when studying individuals with high academic achieve-
ment, for example, children with advanced intellectual
and academic abilities in the gifted research arena. An-
other reason for the lack of variability was the focus of the
course on competency. Although the course learning ob-
jectives were aimed at the upper levels of Bloom’s Tax-
onomy, the learning goal was for students to achieve
competency of these objectives. As such, assessments
were aimed at 85-90% core skills (ie, competencies stu-
dents should be able to do) and less than 15% for ranking
or stratifying purposes (ie, competencies that only the
top achieving students should be able to accomplish).
Courses that focus on stratifying students may have larger
variability in assessment performance.

The second limitation was accurately counting the
practice problems. Within the course, practice activities
ranged from voluntary (self-assessment quizzes, home-
work) to required (inclass cases, quiz questions, interim
assessments). Voluntary practice activities were tracked
through the learning management system to indicate
number of times each student went through the available
questions. Additionally, counting practice activities did
not include assessing their quality.

A third limitation was the validity and reliability of
measures like the MBTI and the self-views of intelli-
gence. The MBTI was used to assess personality traits
in lieu of more valid measures like the 5-factor inventory.
The reasons for using the MBTI were the availability of
previous research using the MBTI to form groups, acces-
sibility of the assessment through campus resources, and
availability of resources to provide to students about using
MBTI as a reflective tool. We attempted to compensate
for some inherent weaknesses in the MBTI by using
continuous scales for each attribute. However, most re-
search on personality and academic performance is con-
ducted with the 5-factor model. Finally, some of the
assessments of self-views may have lacked rigor in re-
liability and validity. Again, by using a continuous scale,
wemay have at least been able to differentiate variability
within self-theories.

The course was modified from the previous year to
optimize learning. The first optimization was to improve
scaffolding (ie, increase application difficulty with time)
by using the TBL format to facilitate a supportive appli-
cation of concepts. The remainder of the course was used
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to review material through the use of integrated cases
completed individually instead of by teams. The second
optimization was to increase opportunities for retrieval
practice using multiple cumulative assessments. Thirdly,
we increased feedback on learning progress through mul-
tiple cumulative examinations—both retrieval and feed-
back demonstrate strong abilities to increase learning.39

Other changes implemented included removing the mid-
term examination (due to the implementation of the in-
terim assessments) and 3 of the 4 reflective writings to
lower overall work burden.

CONCLUSION
Of thevarious personality and study traits investigated,

none appear to have impacted the overall rate of learning.
Most noteworthy is that introversion/extroversion did not
impact performance in a TBL environment, though it may
have impacted student attitudes about the course environ-
ment. This finding is important because the use of coop-
erative learning techniques is becoming a larger part of
higher education. Further work is needed to identify po-
tential factors that may contribute to interindividual dif-
ferences in such learning environments.
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Appendix 1. Model Development

Latent curve models can be expressed in several different ways. For the purposes of this study, the LCM is expressed as a structural
equation model:1

yi5Lhi 1 ei

Where yi is the i-th individual’s vector of repeated measures, L is a matrix of set factor loadings that determine the functional
form of the growth curve,hi is a vector of the i-th individual’s growth factor scores, and eiis the vector of the i-th individual’s error, or
the discrepancy of the individual’s true scores from their predicted scores.

In the structural equation framework, model fit, (ie, the ability of the model to reproduce the observed data), is assessed with
a variety of fit indices. In this study, 3 common indices of model fit were used, including the x2 test of model fit, the comparative fit
index (CFI), 2 and the root mean squared error of approximation (RMSEA).3 The x2 test is the most commonmetric of model fit and
assesses the discrepancy between the model implied covariance matrix and the sample covariance matrix. One of the issues with x2

test of model fit is its sensitivity to large sample sizes, which leads to rejecting a model on the basis that it does not exactly reproduce
the covariance matrix of a large sample.4

To provide more measures of fit without the issues as the x2 test, comparative fix index (CFI) and root mean squared error of
approximation (RMSEA)were used. CFI is a normed fitmeasure that ranges from0 to 1, with 1 being the best fit. It compares themodel
with a baseline independence model, where there is no relationship between any of the variables, and provides an index of whether the
model in question provides a better fit to the data than the baseline model.2 The standard cutoff for good fit is a CFI of 0.95.4

Rootmean squared error of approximation is a parsimony normed badness-of-fit measure that ranges from0on,with 0 indicating
best fit.3 The RMSEAfit is one of the few indices where the distribution is known, and therefore, confidence intervals and hypothesis
tests are available. The most common hypothesis test is a close-fit test that assesses whether the population value that RMSEA
estimates is below 0.05, which would indicate close fit of the model to the observed data.5 The RMSEA values within the interval of
.05-.08 are considered marginally acceptable models, and RMSEA values of above 0.1 indicate unacceptable fit.4

We approached this analysis in 2 steps. The first step was to determine an unconditional model with no covariates that best
described the change over time in the assessment scores. Following establishment of a best fitting unconditionalmodel, we proceeded
to include time varying covariates (TVCs), specifically looking at the amount of practice completed before each assessment.
Following that analysis, we examined the effects of the time invariant covariates (TICs) on the growth factors. Due to both a small
sample size and the number of TICs, a simultaneous analysis of all sets of TVCs was unsound. Rather than include all sets of TVCs
simultaneously, we examined each set of TVC’s independently. The advantage of this method is that independent analysis avoids
over-fitting the model to the data, while the disadvantage is that this method does not control for the other sets of TVCs. The
independent analysis of sets also fit with the exploratory focus of this study.

We began to establish an unconditional linear model by first fitting the 5 assessment scores to a linear growth curve model. The
firstmodel attemptedwas a linear growth curve that specified that each individual’s assessment scores improve over time at a constant
rate. This model exhibited extremely poor fit (x2(10)5161.2, p,.05, RMSEA5.32 [.278, .36], CFI5.19), suggesting that the rate of
increase in assessment scores did not follow a linear trend.

A visual inspection of a plot of the assessment scores suggested that the change in score followed a quadratic trend, with scores
increasing rapidly at the beginning of the course, and the change in scores slowing as the course continued.While the quadraticmodel
showed an improvement in fit from the linear model, it did not fit the data well (x2(9)5100.7, p,.05, RMSEA5.26 [.216, 3],
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CFI5.50). While a visual inspection of the data suggested that on average, a quadratic trend would fit the assessment scores, the
results from thismodel indicated that the assessment scores did not follow a strictly quadratic trend. Tomore finely assessmodel fit in
this case, predicted scores were calculated and compared to actual scores.

An inspection of the residual plot for the quadraticmodel suggested that the proposed growth curvewas best at predicting the first
and last assessments (the latter being the final examination), and less proficient at predicting the score of the middle 3 assessments.
Based on these observations and that the first 4 assessments were more similar (ie, random questions from a pool where the final
examination was not), a quadratic model was fit to the first 4 assessments only. Fit was excellent (x2ð4Þ55.51, p5.24,
RMSEA5.050, CFI5.99), which suggested that it was indeed the final assessment that was driving the bad fit of the full quadratic
model.

Due to the behavior of the residuals of the quadratic model and the excellent fit of the quadratic model with only 4 assessments,
the next model fit was a quadratic-regressive, where the first 4 time points were fit to a quadratic model, and then the final assessment

Figure 1 of Appendix 1. Baseline Covariate Model: For parsimony, only significant paths and preconstrained paths are shown.
Significant paths are of the form: Estimate (Standard Error). Single headed arrows are regressions. Double or multiheaded arrows
are covariances.

Table 1 of Appendix 1. Summary of Latent Curve Model

Covariate Model Fit p value RMSEA CFI

Prior Academic Success x2 31ð Þ5 39.2 0.15 0.041 [.00, .076] 0.96
Practice x2 22ð Þ5 27.4 0.19 0.039 0.97
MBTI x2 43ð Þ5 50.2 0.21 0.03 [0.00, .065] 0.96
Theory of Intelligence / View of Mathematics x2 46ð Þ5 54.6 0.18 0.034 [.00, .65] 0.96
Motivation / Study Strategies x2 43ð Þ5 72.5 0.096 0.040 [.00, .66] 0.93
Team Attitudes x2 49ð Þ5 55.4 0.25 0.029 [.00, .61] 0.97

Comparative fit index (CFI); root mean squared error of approximation (RMSEA).3
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score was predicted both from the slope and the intercept factor (the quadratic factor had variance set to 0). This was implemented for
2 reasons. First, by not using the final examination score to define the quadratic growth curve, the quadratic trend estimated better fit
the first 4 time points than a model including the final assessment score in the growth curve. Secondly, by predicting the final
assessment score from both growth factors, we included the final assessment’s information in the model, without restricting it to
a quadratic trend.

The path diagram for the quadratic factor-regressivemodel is presented in Figure 1 of Appendix 1.Model fit was improved from
the full quadratic model (x2ð5Þ513.1, p5.041, RMSEA5.086, CFI5.96), however fit was not ideal. Both the slope and intercept
factor significantly predicted final examination score (b5.47, 6.8, p,.001, .05), suggesting, not surprisingly, that the slope factor had
a greater association with final examination score than the intercept factor. Due to both the pattern of residuals that the full quadratic
model exhibited, as well as the excellent fit for the quadratic model on the first 4 assessments, this quadratic factor-regressive model
was retained as the unconditional model.

To control for practice and prior ability, we included time varying and time invariant covariates. To model the effect of practice
on assessment scores, difference scores were calculated to determine how many practice problems a student did between each
assessment. Four different scores were calculated (0-4 week, 4-8, 8-12, 12-15). Using the unconditional model, assessment scores at

Table 2 of Appendix 1. Summary of Assessments of Student Characteristics

Sub-categories Average Median Max Min

Study Skills and Motivation
Number of Practice Problems Total 613 597 1226 339

0-4 wk 184 168 459 78
4-8 wk 196 190 330 128
8-12 wk 88 77 269 41
12-15 wk 145 148 543 36

MSLQ (motivation) Intrinsic Goal Orientation 4.7 4.8 7.0 2.0
Extrinsic Goal Orientation 4.7 4.8 6.8 2.3
Task Value 5.1 5.0 7.0 1.8
Control Beliefs 5.1 5.3 7.0 2.3
Self-efficacy for Learning and Performance 4.8 4.9 7.0 1.6
Test Anxiety 4.3 4.2 7.0 1.4

MSLQ (study strategies) Rehearsal 4.0 4.0 6.3 1.3
Elaboration 4.6 4.5 6.7 1.0
Organization 4.3 4.3 7.0 1.5
Critical Thinking 3.4 3.4 6.8 1.2
Metacognitive Self-Regulation 4.9 4.8 6.7 2.9
Time and Study Environment 4.9 4.9 7.0 2.3
Effort Regulation 5.2 5.3 7.0 2.0
Peer Learning 3.1 3.0 7.0 1.0
Help Seeking 3.7 3.8 7.0 1.0

Personality and Attitudes
MBTI Introversion/Extroversion 0.43 1.0 21 -23

Intuition/Sensing -4.2 -6.0 26 -26
Feeling/Thinking -0.14 0 24 -24
Perceiving/Judging -5.1 -6.0 22 -23

General Theory of Intelligence/ Incremental/Entity 3.8 5.0 24 -24
View of Mathematics Membership 4.9 5.0 8.0 0.0

Acceptance 5.4 5.8 8.0 0.0
Affect 5.0 5.1 8.0 0.0
Trust 5.8 6.0 8.0 1.8
Fade 3.4 3.0 7.8 0.0

Team Attitudes Overall Satisfaction with Team Experience 3.9 4.0 5.0 2.0
Team Impact on Quality of Learning 3.4 3.3 5.0 1.0
Satisfaction with Peer Evaluation 3.6 3.8 5.0 1.8
Team Impact on Clinical Reasoning Ability 3.7 3.7 5.0 1.7
Professional Development 3.9 4.0 5.0 2

MSLQ: Motivated Strategies for Learning Questionnaire; MBTI: Myers- Briggs Type Indicator
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4, 8, 12, and 15 weeks were regressed on the difference score for the time period preceding that assessment. Due to the exogenous
nature of the difference scores, they were freely correlated with each other. This model fit the data well (x2ð31Þ527.5, p5.19,
RMSEA5.039, CFI5.97). This model was retained for the following analysis of time invariant predictors to investigate if a relation
was clarified with the addition of covariates.

To control for the effect of ability, as measured by the PCAT, subsections of the PCAT (reading comprehension, qualitative,
biology, chemistry, verbal), GPA upon admission, and presence of a prior degree were added to the practice time varying covariate
model as time invariant covariates, with the slope and intercept latent growth factor being regressed on cumulative GPA, overall
PCAT percentile, and presence of a degree. Additionally, the residual covariance between the slope and intercept factor was
estimated, so that any covariance between growth factors not explained by the TIC was allowed into the model.

The path diagram for this model is presented in Figure 1 of Appendix 1. This model fit well, (x2 31ð Þ539.2, p5.15,
RMSEA5.041 [.00, .076], CFI5.96), and was retained as the baseline model to which covariates of interest would be added as
time invariant predictors of the growth factors. To test various hypotheses of interest, covariates were added to the above model as
additional time invariant covariates. Full results can be found in Tables 1 and 2 of Appendix 1.
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