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ABSTRACT: This study examined similarities and differences
in study approaches reported by general chemistry students
performing at different achievement levels. The study
population consisted of freshmen enrolled in a required year-
long general chemistry course at the U.S. Naval Academy.
Students in the first and second semesters of the course were
surveyed using a modified version of the published Approaches
and Study Skills Inventory for Students (ASSIST) referred to
as the M-ASSIST (Modified Approaches and Study Skills
Inventory). Responses to items associated with using deep or
surface approaches to studying were examined for students of
three achievement levels (A/B, C, and D/F course grades)
using both ANOVA and Structured Means Modeling to look
for differences in study approaches between achievement levels. Results show that, with only 12 items, the M-ASSIST can be
used to measure differences in reported use of deep and surface approaches by students in different achievement groups; that
Structured Means Modeling can uncover significant differences that are not apparent with an ANOVA analysis of the same data;
and that A/B and D/F students can be classified as reporting using either using primarily deep (A/B students) or primarily
surface (D/F) study approaches. C students reported study approaches characteristic of both the A/B and D/F groups, leading
to the interpretation that C students may be in an intermediate and possibly transitional state between the higher- and lower-
grade groups. These results suggest a new understanding of C students as those who may not fully implement deep approaches
to studying but, in general, demonstrate less reliance on surface approaches than lower-achieving students.
KEYWORDS: First Year Undergraduate/General, Chemical Education Research, Testing/Assessment, Student-Centered Learning
FEATURE: Chemical Education Research

■ INTRODUCTION AND THEORETICAL FRAMEWORK
Understanding the different ways students learn can be traced
back to Ausubel’s1 work on meaningful and rote learning.
Meaningful learning is defined by Ausubel as relating a concept
to other concepts in an individual’s cognitive structure while
rote learning is a condition where concepts are learned in
isolation.2 In the 1970s, Svensson3,4 suggested that there were
implications for Ausubel’s two levels of learning in terms of
achievement. Chan and Bauer’s5 research related affective and
metacognitive characteristics with higher exam performance.
On this basis, approaches which can be classified as deep and
surface can now be explained both in terms of the cognitive
meaningful and rote learning, and affective and metacognitive
characteristics of learners such as students evaluating their
understanding throughout the learning process.
The distinction between deep and surface approaches to

learning has been investigated both qualitatively through
interviews and quantitatively through the development and

testing of survey instruments.6−10 Several inventories targeting
students’ learning or study approaches exist and have been
published and refined over time, including the Approaches and
Study Skills Inventory (ASSIST),11 the Study Process
Questionnaire (SPQ),12 and the Motivated Strategies for
Learning Questionnaire (MSLQ).13 A common feature
among all these instruments is a conceptual framework that
includes some connection to deep and surface approaches to
learning.10,14

A deep approach describes learners who demonstrate
intrinsic motivation, attempt to understand the underlying
meaning of a problem, and generate new connections between
the ideas presented in the problem and what is already
understood from previous tasks. A surface approach is
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associated with extrinsic motivation and is typically concerned
with the use of memorized facts and previously seen algorithms
to solve a problem. Surface learners attempt to match the
attributes of a new problem to those previously seen without
analyzing what might be unique to the new problem. This
division between deep and surface approaches to learning may
become more pronounced at the college level where grades in
large classes are much more dependent on exam scores than
they typically are in high school.15

Providing data on how to identify the approach used by
students through a simple method such as a survey and its
relation to course achievement is a worthwhile preliminary step
before attempting to influence students’ learning and studying
approaches. Marton and Sal̈jö7,16 assert that the uses of deep
and surface study approaches are fluid, with deep learners
sometimes reverting to surface study approaches based on the
expectations of the course. This leads to the question of
whether students adopting a surface approach can gain
knowledge of and begin to practice deep approaches after
both specific exposure to deep approaches in the course and the
level of learning expected in the course. Sinapuelas and Stacy6

support this position through their research showing that
students can move toward deep approaches when course
expectations, conveyed by the type of exam, supported such a
move. Christian and Talenquer17 further demonstrate that
trying to develop a deep approach in students is not effective if
questions used in class or on achievement measures can be
answered through surface approaches. In this study, we limited
our work to whether students could be identified as reporting
using either a deep or surface approach through a self-report

instrument and if the choice of study approach was related to
course grade.
In order to more fully understand the difference between

deep and surface approaches, we used the levels of under-
standing developed by Sinapuelas and Stacy6 and used by Ye et
al.18 to guide our interpretation of the data. An advantage of
using these levels of understanding to differentiate between
deep and surface approaches is that they can also be used to
characterize the levels of metacognition demonstrated at each
level. Metacognition is commonly understood in the literature19

as the knowledge and regulation of one’s cognitive system. We
interpret this definition along with Sinapuelas and Stacy6 as
students’ understanding of and actions taken in their study
approach. These four levels were related to two categories of
study approaches (deep and surface). Typically, level 1 students
are overly concerned with “getting the answer”. These students
equate time they spend studying with how they expect to
perform on an exam. Level 2 students memorize the procedures
or algorithms for solving problems from external sources such
as notes or books. Level 3 students work out some problems on
their own and collaborate with peers to try out ideas and
strengthen their own understanding while level 4 students often
act as “teachers” of their peers and monitor/evaluate their
understanding. This body of work on deep and surface learning
helps frame the questions of this study regarding the
relationship between study approach and course achievement,
as measured by course grade.

■ RESEARCH QUESTIONS
This research focuses on three questions:

Figure 1. Distribution of responses to deep (D) and surface (S) scale items of the M-ASSIST in 1st semester general chemistry.
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1. Is a modified version of the Approaches and Study Skills
Inventory for students (M-ASSIST) able to categorize
the study approaches used by general chemistry
students?

2. Are there differential approaches to studying used by
successful (A/B) students versus unsuccessful (D/F)
students?

3. Which study approaches do C students use, and how
does this compare to the study approaches of the other
achievement groups?

■ METHODOLOGY

Population

This research was conducted at the U.S. Naval Academy
(USNA), a selective undergraduate institution of approximately
4500 students who will become officers in the U.S. Navy and
Marine Corps upon graduation. The average Math SAT score
for students in general chemistry during the academic year of
this study was 656 (SD = 81). Students at USNA have little
time to study due to their daily schedule which includes 18
academic credit hours, military training, and daily structured
time for physical activities. A sample schedule is included in the
Supporting Information.
All students participating in the research were enrolled in the

full year general chemistry sequence in which each semester is a
4 credit-hour course consisting of 3 h of lecture and 2 h of lab
weekly. In the first semester (Fall 2014) there were 990
students who completed the course enrolled in 53 sections of
the course taught by 29 instructors using a common syllabus.
There were two common multiple-choice exams administered
at 6 weeks and 12 weeks during the semester, a third instructor-
written exam administered at 16 weeks, and a common
multiple-choice final exam. In the second semester (Spring
2015) there were 1005 students who completed a similarly
structured course. The enrollment is higher in the second
semester to accommodate the freshmen who scored high
enough on an entrance exam to place out of the first semester
of general chemistry.
Instrument

The 67-item ASSIST11 formed the basis for the shorter
inventory used in the current research to identify the study
approaches adopted by USNA general chemistry students.
Modifications to the ASSIST included changing the wording of
some items to be more in line with American English (e.g.,
replacing “revising for exams” with “studying for exams”) and
focusing on only the 12 items most relevant to understanding
students’ adoption of deep and surface approaches (six deep
and six surface), based on the results of Confirmatory Factor
Analysis (CFA). The original five-point Likert response scale of
the ASSIST was retained. This modified instrument is referred
to as the M-ASSIST (Modified Approaches and Study Skill
Inventory for Students), and the wording of the individual deep
and surface items can be found in Figure 1.
Data Collection

Approval for the overall project was obtained from the USNA
Institutional Review Board (Approval #USNA.2015.00001-IR-
EP7-A). Student completion of the M-ASSIST was included as
part of the Chemistry Department’s end-of-course evaluation
and administered online using Google Forms. A link to this
survey was placed in the online homework system used by all
instructors and students during the last week of class. The first

page of the M-ASSIST described the research study and asked
students to provide consent to access their course grade at the
end of the semester. From this data set, duplicate responses and
those of students who did not grant permission to release final
course grades were removed, resulting in 774 (78%) useable
responses for the first semester and 717 (71%) for the second
semester. Since this study was an analysis of how students
describe their approach to studying without an intervention to
address reported differences, there was no control used in this
study.

■ ANALYSIS AND RESULTS

Descriptive Statistics
Students were placed into achievement groups based on their
final course letter grade in each semester (Table 1). According

to Lewis and Lewis,20 there are advantages and disadvantages to
choosing either exam grades or course grades as the
achievement measure for a study. Final course grades in this
study include grades from the previously described common
exams and a common final exam, as well as grades from
instructor-written tests and quizzes which included both
multiple-choice and free-response questions, lab reports, and
online homework. For USNA students, course grades reflect a
more consistent level of achievement over an extended period
of time and compensate for possible student decisions
regarding on which final exam they choose to spend their
limited study time at the end of the semester.
Response patterns by achievement group for the six M-

ASSIST items on each study approach scale, deep (D) and
surface (S), in both semesters were plotted using the Likert
package21 for R (version 3.3.2)22 to allow for visual
examination. Response patterns for first semester are shown
in Figure 1. The second semester responses followed similar
patterns and are provided in the Supporting Information along
with more detailed descriptive statistics including item means
and covariances. In Figure 1, the achievement groups (A/B, C,
and D/F) are on the left side of the results for each question.
The categories of Agree and Agree Somewhat are shown on the
left while Disagree Somewhat and Disagree are shown on the
right. The Unsure category is in the middle. Percentages for the
students agreeing, disagreeing, or unsure are written either to
the left, right, or on the bar, respectively.
An examination of Figure 1 shows that, in general, A/B

students report most agreement with the deep scale items, the
D/F students report the most disagreement with these items,
and the C students are in between. For the surface items, A/B
students agree the least while D/F students agree the most and
C students again report intermediate levels of agreement.
Confirmatory Factor Analysis
Prior to looking for differences across achievement groups on
the deep and surface scales, the responses for each semester
were examined using confirmatory factor analysis (CFA) to test
the fit of the data to a two-factor model of deep and surface
approaches to studying (Figure 2). CFA is a standard statistical

Table 1. Achievement Group by Semester

Group 1st Semester (N = 774) 2nd Semester (N = 717)

A/B 450 345
C 225 254
D/F 99 118
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procedure used to establish whether items on an instrument fit
a previously hypothesized structure of relationships between
individual items and the underlying factor the items are
designed to measure. The factor is often referred to as a latent
variable because it is not measured directly.
The two factors representing approaches to studying (deep

and surface) are represented with ovals in Figure 2 and were
hypothesized to correlate with each other, represented by the
double-headed arrow connecting the two factors. The bent
double-headed arrows on each factor represent the variance of
each factor. Each of the two factors was also hypothesized to
relate to six indicator variables, represented by squares, which
are the individual items on the M-ASSIST that were written to
relate to either deep or surface study approaches. These items
are specified in Figures 1 and 2 as “D1” representing item 1 on
the deep scale of the M-ASSIST, “S1” representing item 1 on
the surface scale, etc. Within the CFA model, the relationship
between each factor and its indicator variables is represented by
the single-headed arrows pointing away from each factor
toward the indicator item and is referred to as a loading. The
other single-headed arrow entering each indicator variable
represents the variance of each item that is unexplained by the
factor, some of which may be due to measurement error. The
numeric values of the loadings and other model parameters for
each semester are provided in the Supporting Information.
Overall data-model fit information for the CFA performed

with each semester’s responses is provided in Table 2 and

discussed following the table. All factor analysis was performed
in R using the lavaan package,23 and the code used in the
analysis is provided in the Supporting Information. Given the
inherently non-normal distribution of the five-point ordinal
response scale used for the M-ASSIST, all analyses were
executed using robust maximum likelihood estimation with the
Satorra−Bentler scaled χ2 test statistic.24 All responses
contained complete response data; therefore, no cases were
removed during analysis.
Overall, the data from both semesters (Table 2) showed

good fit with the two-factor model (deep and surface) of the M-
ASSIST. This goodness of fit is supported by literature
recommending that the comparative fit index (CFI) values be

greater than or equal to 0.95 while root-mean-square error of
approximation (RMSEA) values and their associated 90%
confidence intervals are below 0.06 and standardized root-
mean-square residual (SRMR) values are below 0.08.25 While
the scaled χ2 values were highly significant for both semesters,
χ2 values are sensitive to sample size so that large samples can
lead to larger and therefore more significant χ2 without
necessarily indicating a poor fitting model.26 The relationship
between each of the 12 items of the M-ASSIST and the two
factors representing study approaches is discussed in greater
detail later in the context of fitting the model to data from
students in each grade group. Obtaining good data-model fit
values in both semesters of M-ASSIST administration provided
evidence for the validity of the data obtained from the
instrument27,28 and therefore supported conducting additional
analyses of the data obtained with the M-ASSIST.
Group Comparisons

Comparisons of student study approaches across achievement
groups were conducted using two different statistical
approaches. First, ANOVA was used to compare average
scale scores across achievement groups. With this methodology,
each M-ASSIST item contributes equally to its respective scale
score (deep or surface). While conducting an ANOVA with
scale scores is a common approach,29−31 it does not take into
account the factor structure of the instrument in which each
item may not be associated with its respective factor to the
same degree due to differences in the values of the loadings. In
addition to assuming each item is an equivalent measure of the
factor, calculating scale scores assumes each item contains an
equal amount of variance due to measurement error. This
assumption is equivalent to a level of strict measurement
invariance that is unlikely to be true in practice, and this
measurement error then becomes incorporated into the
composite scale score. To address this limitation, structured
means modeling (SMM) was used to provide a latent variable
approach to an ANOVA in which group comparisons are made
across theoretically error-free latent variable means rather than
composite scale means.32,33 In this study, the results from these
two analysis methodologies were compared to look for
similarities in conclusions and to identify potential benefits of
using SMM with data collected using an instrument with a
defined factor structure.

■ ANOVA
Two composite scale means were calculated for each student by
computing an average score for the six items on each scale
(deep and surface) with Disagree coded as 1 and Agree as 5.
Separate ANOVAs were conducted for the deep and surface
scales in each semester providing four comparisons in total. All
four scales had approximately normal distributions of means.
Levene’s test indicated that in both semesters the surface scale
variances were not equal across groups (p < 0.05), so the results
of Welch’s test are reported for the surface scale to account for
the violation of the homogeneity of variance. All posthoc
comparisons were completed using the Games−Howell
technique to account for the differences in variance and sample
size across groups.34 In all four cases, the ANOVA results
indicated significant overall differences in group means for the
three achievement (A/B, C, D/F) groups (Table 3).
The effect sizes of the ANOVA results show that the

differences in scale means between achievement groups were
smaller for the deep scale (η2 = 0.01 and 0.02) than the surface

Figure 2. Two-factor model of the M-ASSIST instrument.

Table 2. Data-Model Fit for Two-Factor M-ASSIST Model

Scaled χ2 df CFI RMSEA (90% CI) SRMR

1st semester
(N = 774)

148.52a 53 0.95 0.05 (0.04; 0.06) 0.05

2nd semester
(N = 717)

126.97a 53 0.96 0.04 (0.04; 0.05) 0.04

ap < 0.01.

Journal of Chemical Education Article

DOI: 10.1021/acs.jchemed.7b00202
J. Chem. Educ. 2017, 94, 1415−1424

1418



scale (η2 = 0.22 and 0.27). These results are visualized in Figure
3 with scale means and associated 95% confidence intervals.
Though the omnibus ANOVA indicated significant group

differences for the three achievement groups on the deep scale
in the first semester, the posthoc comparisons did not detect
any significant pairwise differences between achievement
groups on the deep scale (p > 0.05). This is consistent with
the overlapping confidence intervals of the achievement groups
in Figure 3 for the first semester deep scale means. Posthoc
comparisons for the second semester showed that students
earning A/B course grades had significantly higher (p < 0.05)
mean scores on the deep scale than students earning C or D/F
grades. However, the C and D/F grade groups showed no
significant difference in their deep scale means (p > 0.05). On
the surface scale in Figure 3, all three groups had significantly
different means in both semesters (p < 0.05).
Structured Means Modeling
An alternative approach to analyzing the data using ANOVA is
to use SMM. Figure 4 shows the two-factor CFA model of the
M-ASSIST from Figure 2 with the addition of a mean structure
using dotted lines and a central triangle identified with the
number 1 to indicate a constant.35 The mean structure is always
present within the CFA framework, but is not always an explicit
part of the analysis. In SMM, the mean structure is explicitly
analyzed to provide information about differences in factor
means across groups. Mathematically, the mean structure is
related to the intercept term of the regression equation
connecting each item and its associated factor. In the regression
equation, the slope parameter is symbolized by the solid single-
headed arrows directed from the factors to the individual items

(the item loadings). By setting the mean of the factor to zero,
the mean of each item is represented by the intercept
parameter, symbolized by the dashed arrow leading from the
constant to each item. Analyzing the mean structure for the
model in Figure 4 for each achievement group allows for a
comparison of factor means across groups.36 In this way, SMM
provides a latent variable approach to ANOVA-type compar-
isons. The benefit to the latent variable approach is that the
factor mean does not contain the measurement error associated
with creating composite scale means since the unique variance
of each item (the solid arrow entering each item that does not
originate from the factor) remains separated from the factors
themselves.
The fit information in Table 2 demonstrates that the two-

factor M-ASSIST model is a good fit for the data from each
semester when all achievement groups are treated as a single
data set. To use SMM, the data from each of the three
achievement groups (A/B, C, D/F) must also separately show a
good fit to the model to establish that students in each group
respond to the items in a way that is consistent with the factor
structure of the instrument (Table 4). This level of consistency
is known as configural invariance and is necessary to
demonstrate that the instrument is measuring the same factors
(deep and surface) for each group. The assumption of
measurement invariance is met by constraining both the

Table 3. ANOVA Results

Scale Semester F Effect Size (η2)

Deep 1st F(2,771) = 4.11a 0.01
2nd F(2,714) = 7.92a 0.02

Surface 1st F(2,274.12) = 119.74a 0.22
2nd F(2,348.46) = 136.84a 0.27

ap < 0.05.

Figure 3. Composite scale means plot for deep and surface scales in 1st and 2nd semester. Larger mean values indicate more agreement with items
on that scale.

Figure 4. Two-factor model of the M-ASSIST instrument with mean
structure shown.
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loadings and intercepts of each item to be equal for each of the
three achievement groups. Demonstrating this strong level of
measurement invariance is necessary to show that the
instrument is measuring the factors in the same way for each
achievement group, and therefore, comparisons of factor means
across achievement groups are meaningful; thus, any differences
in factor means are a result of true differences across groups,
not differences in instrument functioning (Table 4). The R
code for this analysis is provided in the Supporting Information.
As before, the data-model fit was borderline acceptable for

the first semester data with a somewhat low CFI but acceptable
RMSEA and SRMR values. Due to the borderline acceptance of
the first semester data, the analysis of the second semester M-
ASSIST data provided a check on the validity of the results for
first semester. All three fit indices proved acceptable for the
second semester data (Table 4), which supported the use of M-
ASSIST data in SMM. The very small change in fit indices
under the strict measurement invariance conditions in the
second semester also lends support for the interpretation that
the instrument functions similarly across the three achievement
groups, and therefore, factor means (deep and surface) can be
compared across achievement groups.37

Table 5 provides values for the item loadings and intercepts
(means), which were constrained to be the same value for all

the achievement groups, for the six deep items and six surface
items on the M-ASSIST in each semester. Comparing loadings
and intercepts across semesters shows that the values are
similar, supporting the acceptability of using the M-ASSIST to
measure differences in study approaches for general chemistry
students at USNA due to consistency in the functioning of the

M-ASSIST. The covariances between the deep and surface
factors, symbolized by the two-headed arrow connecting the
two factors in Figure 4, were not constrained to be equal for all
the achievement groups and are also reported in Table 5. The
only significant covariance between the factors representing
deep and surface study approaches was for the A/B students in
second semester. This value of −0.11 indicates that, for these
students, there was an inverse relationship between reported
use of deep and surface study approaches. Since these students
were more likely to report using deep approaches to studying,
they were also less likely to report using surface study
approaches. None of the other groups showed a significant
relationship between reported use of the two study approaches
demonstrating that an increase in one approach did not result
in an increase or decrease in the other approach.
Unlike the composite means used in ANOVA comparisons,

SMM compares latent variables which are not measured
directly and therefore have no reference scale. Therefore, it is
not possible to report an isolated value for each achievement
group’s factor mean. Instead, the means are reported with
respect to a reference level, set at zero. These factor mean
comparisons, which are different from the covariances reported
in Table 5, are given in Table 6. For each comparison in Table

6, the second achievement group listed is the reference group.
As an example, in the first semester students in the D/F group
had a latent mean for the deep factor that was lower than
students in the A/B group by 0.18. Since the D/F students
were lower than the reference group (A/B), this mean
difference is reported as −0.18. The statistical significance of
the mean difference (p value) is calculated by considering the
difference from 0 as a z score based on the variance of the
factor. Table 6 shows that there is a significant difference
between the deep factor between A/B and D/F students and
again between A/B and C students. There is no significant
difference in the deep factor between C and D/F students. On
the surface factor, there are significant differences between all
three achievement groups. These patterns are consistent for
both semesters.

Table 4. Data-Model Fit for Invariance Testing of Two-Factor M-ASSIST

Semester Model Scaled χ2 df CFI RMSEA (90% CI) SRMR

1st Configural invariance 270.33a 159 0.93 0.05 (0.04; 0.06) 0.06
Measurement invariance 335.01a 199 0.91 0.05 (0.04; 0.06) 0.07

2nd Configural invariance 217.54a 159 0.96 0.04 (0.03; 0.05) 0.05
Measurement invariance 281.48a 199 0.95 0.04 (0.03; 0.05) 0.06

ap < 0.01.

Table 5. Unstandardized Loadings and Intercepts of Deep
(D) and Surface (S) Items and Factor Covariancesa

1st Semester 2nd Semester

Item Loading Intercept Loading Intercept

D1 1 3.51b 1 3.54b

D2 1.03b 4.26b 1.15b 4.14b

D3 0.90b 3.19b 0.91b 3.10b

D4 1.09b 3.98b 1.17b 4.05b

D5 1.13b 4.04b 1.28b 3.97b

D6 1.44b 3.59b 1.37b 3.55b

S1 1 2.78b 1 2.78b

S2 0.83b 2.12b 0.86b 2.44b

S3 0.99b 2.73b 1.00b 2.60b

S4 0.56b 3.01b 0.49b 3.21b

S5 0.58b 3.17b 0.51b 3.10b

S6 0.85b 2.69b 0.87b 2.67b

Deep−Surface Covariance 1st Semester 2nd Semester

A/B Group −0.05 −0.11b

C Group −0.05 0.00
D/F Group 0.02 0.03

aScale values: 1 = Disagree to 5 = Agree. bp < 0.01.

Table 6. Comparison of Structured Means Modeling Factor
Mean Differences

1st Semester 2nd Semester

Factor Comparison
Mean

Difference
Effect
Size

Mean
Difference

Effect
Size

Deep D/F to A/B −0.18a 0.39 −0.21a 0.41
D/F to C −0.03 0.07 −0.02 0.03
C to A/B −0.15a 0.32 −0.20b 0.40

Surface D/F to A/B 1.47b 1.61 1.52b 1.59
D/F to C 0.67b 0.83 0.52b 0.66
C to A/B 0.80b 0.89 1.00b 1.05

ap < 0.01. bp < 0.001.
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The effect size (Table 6) is calculated as the absolute value of
the factor mean difference divided by the pooled variance of the
factors. Though this effect size is calculated similarly to a
Cohen’s d, its magnitude cannot be interpreted on the same
scale. Since the factor is free from measurement error, it is
generally accepted that the effect size for factor mean
differences should be larger than corresponding effect sizes
for measured variables. Therefore, the effect size of 0.39 found
between D/F and A/B students on the deep factor in first
semester would likely be interpreted as a small effect size38 in
the context of SMM.
The SMM results in Table 6 are similar to the ANOVA

results in Table 3, but provide more clarity in identifying
differences between student achievement groups with respect
to the deep approach. The latent means of both the D/F and
the C students on the deep factor were statistically equivalent
to each other, yet significantly lower than the mean for the A/B
students in both semesters. However, this mean difference for
the A/B students on the deep factor compared to both the C
and D/F students was relatively small with a small effect size.
The use of SMM brings to light significant differences between
achievement groups on the deep factor that were hidden in the
ANOVA comparison.
In contrast to the deep factor, the results for the surface

factor showed significant differences between all three achieve-
ment groups with medium to large effect sizes. The latent
means for the D/F students on the surface factor were
significantly larger than means for the A/B students with a large
effect size in both semesters. The C students had significantly
larger means on the surface factor than the A/B students, but
significantly lower means than the D/F students with medium
to large effect sizes.

■ DISCUSSION

M-ASSIST

One of the goals of this research was to find an effective and
relatively simple way to characterize student study approaches
and to see if study approaches had a relationship with
achievement, as defined by final course grades. Evidence was
provided for the validity of the M-ASSIST data based on CFA
of responses from administration in two semesters of general
chemistry (Fall and Spring) at USNA. The results of SMM and,
to a lesser degree, ANOVA demonstrated that student
responses to only 12 Likert-type questions on the M-ASSIST,
representative of deep and surface approaches to studying, were
significantly different between A/B, C, and D/F students at
USNA. Though further testing is needed with other student
populations, the brevity of the M-ASSIST potentially makes it a
convenient and efficient tool for measuring students’ self-
reported use of deep and surface study approaches in both
classroom and research settings, especially compared to the
longer ASSIST and other instruments and techniques reported
in the literature.
Structured Means Modeling versus ANOVA for Group
Comparisons

Consistent with other research, our results indicate subtle but
significant differences in the study approaches across achieve-
ment groups. The use of SMM was more effective than
ANOVA at discerning these differences. Group comparisons
with ANOVA and SMM demonstrated similar patterns of self-
reported study approach across achievement groups (Table 3,
Figure 3, and Table 6). Both analysis methods identified large

differences in means of variables representing surface
approaches across achievement groups in both semesters as
well as the difference between means of variables representing
deep study approaches for A/B and D/F students in the second
semester. However, while the omnibus ANOVA indicated
differences in the deep study approach scale means across first
semester achievement groups (Table 3), the posthoc tests were
not sensitive enough to detect any pairwise group differences.
In contrast, SMM (Table 6) demonstrated that A/B students in
the first semester had higher means on the latent variable
representing deep study approaches than either the C or D/F
students. This same effect was seen in the second semester.
These results highlight the benefit of SMM to detect small

group differences in latent variable means when compared to
using an ANOVA to detect small differences in composite scale
scores created by averaging (or summing) items on a scale.
Simply averaging (or summing) items allows measurement
error to become part of the composite score, and this
measurement error can obscure group differences. When the
items have a good fit to the underlying instrument model, latent
variables provide a better measurement of an underlying
construct by partitioning out measurement error. Therefore, in
situations where an instrument has a clear factor structure,
SMM may provide important additional information beyond an
ANOVA.

Differential Use of Study Approaches

The results of the model used in this research indicate that A/B
students generally report more agreement with items
representing deep study approaches than the other achievement
groups and as a result have larger latent means for the deep
factor. C students report agreement with the deep approach
items to a degree more similar to D/F students than to A/B
students and also have statistically similar latent means to the
D/F group. For the surface approach, all three groups report
significantly different levels of agreement with items represent-
ing the surface factor, resulting in A/B students having the
smallest latent means and D/F students the largest. C students
had latent means representing agreement with a surface
approach intermediate between that of the A/B and D/F
students. Similar patterns were seen in both the first and second
semesters of general chemistry with the reported mean of the
surface factor for C students increasing slightly during the
second semester. This observed increase may be a result of the
small (5%) increase in the number of C students in second
semester due to the difference in difficulty of topics taught in
second semester which typically include more abstract topics
which may or may not have been taught in high school.
The results also indicate that a dichotomous grouping of

purely deep and surface approaches6,18 may be too simplistic
since it appears that students can agree with items representing
adoption of both types of approaches in varying proportions.
Our results suggest that higher-performing students are more
likely to report agreement with items representing adoption of
deep approaches and less likely to agree with items representing
adoption of surface approaches while lower-performing
students are more likely to agree with items representing
adoption of surface approaches and less likely to agree with
items representing adoption of deep approaches. However,
students in the middle achievement group respond to items
representing an adoption of deep approaches similarly to lower-
performing students while simultaneously agreeing less with
items representing surface approaches than these students. This
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C group might then be described as intermediate in that there
is less agreement with items representing surface approaches
but not as much agreement with items representing deep
approaches compared to the A/B students. This could
represent C students as intermediate or transitional between
the other two achievement groups.
Earlier research utilizing a survey of student study resources

and interviews with students in general chemistry39 demon-
strated that students earning different final course grades
utilized different types of study resources. High-performing
students (A/B) were likely to rely on resources that they used
individually. These students asked for help from others (usually
peers) only when they tried several approaches to solving
problems and were still unsuccessful. Similar patterns were
identified by Sinapuelas and Stacy6 during interviews with
students in an introductory chemistry course. These successful
students can be described as adopting deep approaches to
studying. By contrast, both Bunce et al.39 and Sinapuelas and
Stacy found that lower-performing students (D/F) were likely
to study by looking for answers from others or memorizing
facts and/or algorithmic problem solving strategies. These
behaviors are characteristic of surface approaches to studying.
Intermediate students (C) were found to utilize study resources
similar to both the independent approaches of the successful
students (initially trying problems on their own) but also
applying intact algorithms to new problems and choosing
resources used by lower-performing students (seeking help
even before they attempt a problem) and therefore represent an
intermediate or transitional stage.39 A similar transitional point
between deep and surface approaches to learning was
acknowledged as important by Sinapuelas and Stacy but not
identified as its own approach.
Implications for Teaching

With the connection between study approaches (deep and
surface) and associated levels of metacognition presented by
Sinapuelas and Stacy6 and others,40,41 this work provides
implications for teaching that support the deep approach to
studying over the surface approach by concentrating on the
development and practice of higher orders of metacognition in
the classroom. On the basis of the difference in study
approaches found in this research and choice of study resources
as outward evidence of metacognitive level,39 the results of this
research can challenge the way instructors view C students.
Advice to C students sometimes is to study harder or longer,
but as a result of this research, we propose that studying longer
is not the answer if the study approaches used are surface
approaches. Results from this study could be used to help C
students adopt more of the deep approaches to studying used
by A/B students. The data reported here could help instructors
view students who are not successful as lacking the necessary
study approaches.42 Nonsuccess could then be viewed in some
cases as a mismatch between how we teach and how students
approach learning. Resolution of the mismatch will require
changes in teaching and learning with the instructor and
student working together to achieve a deeper level of
understanding.

■ CONCLUSIONS
This study has demonstrated the effectiveness of using a 12-
item Likert-scale survey (M-ASSIST) of self-reported deep and
surface approaches to differentiate between students of different
course achievement levels based on course grades. The study

also demonstrates the advantages of using a Structured Means
Modeling statistical approach to detect hidden significant
differences between student groups of different achievement
levels that were not evident from ANOVA. In addition, this
work reveals that, for the population examined, high-achieving
A/B students reported a significantly higher choice of deep
approaches and a lower choice of surface approaches than low-
achieving D/F students. The C students demonstrated an
intermediary or transitional position between high- and low-
achieving students, reporting use of deep approaches similarly
to unsuccessful students (D/F) and surface approaches
intermediate between high- and low-achieving students.
These results suggest that the performance of C students in a
general chemistry course may be largely related to their greater
dependence on surface rather than deep study approaches. This
study provides information on methodology (M-ASSIST),
analysis (structured means modeling), and results (reported
differential use of deep and surface approaches to studying used
by different achievement groups in general chemistry), which
should help support further research into student learning.
Limitations and Future Work

The limitations of this study include the fact that deep and
surface study approaches were designated on the basis of
students’ self-report to an instrument (M-ASSIST) that has
only been tested with the USNA general chemistry population.
Additionally, course grades were used to group students
because course grades were viewed as a more consistent
assessment of student achievement over the entire semester
rather than relying on a single exam score. However, course
grades may not provide a complete measure of the depth of
student knowledge and understanding. Additional work should
be done to test the M-ASSIST with other student populations
and to look for relationships between M-ASSIST responses and
other measures of student knowledge and understanding.
Though students who passed the first semester course went

on to take the second semester course, the analysis reported
here treated the student response data from each semester as
independent data sets in order to focus on reporting
achievement group differences and to look for consistency in
instrument functioning across semesters. Although there was
some movement between grade categories by individuals
between the two semesters, a majority of students earned the
same grade in both semesters. Future work includes examining
individual student responses across semesters to see how self-
reported study approaches change over time and how this
change may or may not be related to students’ course grade. An
in-depth examination of study approaches used by C students
over time may reveal whether these students are transitioning
between surface and deep approaches.
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