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ABSTRACT

Undergraduate life science majors are reputed to have negative emotions toward math-
ematics, yet little empirical evidence supports this. We sought to compare emotions of
majors in the life sciences versus other natural sciences and math. We adapted the Atti-
tudes toward the Subject of Chemistry Inventory to create an Attitudes toward the Subject
of Mathematics Inventory (ASMI). We collected data from 359 science and math majors
at two research universities and conducted a series of statistical tests that indicated that
four AMSI items comprised a reasonable measure of students’ emotional satisfaction with
math. We then compared life science and non-life science majors and found that major
had a small to moderate relationship with students’ responses. Gender also had a small re-
lationship with students’ responses, while students’ race, ethnicity, and year in school had
no observable relationship. Using latent profile analysis, we identified three groups—stu-
dents who were emotionally satisfied with math, emotionally dissatisfied with math, and
neutral. These results and the emotional satisfaction with math scale should be useful for
identifying differences in other undergraduate populations, determining the malleability
of undergraduates’ emotional satisfaction with math, and testing effects of interventions
aimed at improving life science majors’ attitudes toward math.

INTRODUCTION

Despite the fact that life science researchers regularly use quantitative methods and
undergraduate life science degrees universally require one or more math courses, biol-
ogy continues to be perceived as the field of choice for science-interested but math-dis-
interested students. Yet little if any empirical evidence exists to support the idea that
biology majors as a group hold negative attitudes toward math (Aikens and Dolan,
2014). Attitudes, which are defined as “predispositions that consistently affect actions”
(Allport [1967] as cited by Richardson, 1996, p. 103), are known to play an important
role in explaining students’ academic and career development. For example, Ajzen’s
theory of planned behavior predicts that students will be more likely to engage in math
pursuits, such as enrolling in optional math courses or completing more quantitative
degrees, if they hold positive attitudes toward math, if they believe that having positive
attitudes toward math is “normal,” and if they perceive that their decision to do math
and be successful at it is within their control (Ajzen, 1985, 1991). Furthermore, stu-
dents’ attitudes have been shown to significantly affect their willingness to engage in
learning activities, take additional courses in a discipline, persevere when they face
difficulties, and persist in certain educational or career paths (Feierabend, 1960; Aiken,
1970; Steiner and Sullivan, 1984; Meece et al., 1990; Glynn et al., 2007; Rheinlander
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and Wallace, 2011; Matthews et al., 2013; Poladian, 2013).
Given the influences of attitudes, it is important to determine
whether biology majors differ from other science majors in their
attitudes toward math and whether biology majors themselves
vary in their attitudes toward math. The life science community
can then use this knowledge to design curricula, programs, and
interventions to recruit, retain, and train biologists with the
quantitative skills necessary to solve 21st-century problems
(National Research Council [NRC], 2003).

McLeod proposed a three-dimensional model of attitude
toward mathematics that comprised students’ emotional dispo-
sition toward math, their vision of math, and their perceived
competence in math (McLeod, 1992). We focus here on emo-
tions, given the long-standing recognition that students may
view math negatively (Buxton, 1981) and the documented
interplay between cognition and affect in mathematics (Zan
et al., 2006). Specifically, Mandler, McLeod, and others describe
the emotional experience of mathematics as being initiated by
the demands of an activity leading to physiological arousal,
resulting in an emotion that reduces cognitive capacity for prob-
lem solving (Mandler, 1989; McLeod, 1992; Zan et al., 2006).

To understand the role of emotions about mathematics in
the educational experiences of life science majors in particular,
we needed a measure of undergraduate science majors’ emo-
tions about mathematics. We wanted a practical tool that could
be used by instructors, program designers and evaluators, and
administrators to diagnose these emotions in large populations
of students and capture shifts that occur over time. There
appeared to be few if any quantitative measures useful for doc-
umenting undergraduate science majors’ emotions about math.
One of the first, robust examples of a math attitudes measure
was developed by Fennema and Sherman (1976). The 48-item
Fennema-Sherman Attitudes Scale consists of four subscales
intended to measure four attitude-related constructs: students’
confidence in their ability to do and learn math, views of the
usefulness of math, perceptions of math as a male domain, and
perceptions of math teachers’ attitudes toward them as math
learners. However, this scale has a number of features that limit
its widespread use and usefulness. As language has changed,
the scale has become outdated, although an updated version is
available (Mohamed and Waheed, 2011). Its length makes it
time-consuming to administer and likely to result in survey
fatigue, especially if it is administered repeatedly over time, fur-
ther limiting its utility. The item wording is more appropriate
for K-12 students than undergraduates, restricting its applica-
tion in higher education contexts. In addition, the items mea-
sure constructs beyond students’ attitudes toward the discipline
of math, such as respondents’ confidence in their math abilities
(i.e., math self-efficacy) and their perceptions of math teachers.
Although there are other measures of math-related attitudes,
they focus on math anxiety or self-efficacy or views of the utility
of math (i.e., math value; Chipman et al., 1992; McGinnis et al.,
2002; Tapia and Marsh, 2004) rather than emotions about the
subject per se.

In our search, we determined that the semantic differen-
tial technique (Osgood et al., 1957) had been widely and suc-
cessfully used to measure emotions in a variety of contexts,
including other science, technology, engineering, and mathe-
matics disciplines (e.g., Friborg et al., 2006; Bauer, 2008;
Koga and Iwasaki, 2013; Torija et al., 2013). Semantic differ-
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ential scales typically include eight to 20 adjective pairs (e.g.,
exciting-boring) that are positioned on either end of a sev-
en-point scale. This technique is thought to be highly gener-
alizable because it relies on common, easily understood
words, and it is straightforward to implement and brief to
administer. Moreover, semantic differentials are thought to
reduce response bias due to social desirability, meaning they
are useful for measuring whether respondents do or do not
like the attitudinal object (e.g., the subject of math), rather
than whether they should or should not like it (Fowler, 1995;
Bauer, 2008; DeVellis, 2012).

Bauer (2008) used this approach to measure chemistry atti-
tudes by developing a 20-item semantic differential instrument,
titled Attitudes toward the Subject of Chemistry Inventory
(ASCI). Xu and Lewis (2011) refined the instrument based on
results of additional psychometric analyses, which resulted in a
two-factor structure with four items measuring students’ views
about the “intellectual accessibility” of chemistry and four items
measuring students’ “emotional satisfaction” with chemistry.
This refinement not only shortened the scale to eight items, it
also improved model fit statistics over the original instrument.
We decided to adapt this shortened form by substituting “math-
ematics” for “chemistry” to generate an Attitudes toward the
Subject of Math Inventory (ASMI). We then collected data from
undergraduate students majoring in a range of science and
math disciplines, including students enrolled in life science
majors that require various levels of mathematics course work.
We included a prompt “Mathematics is...” at the beginning of
the inventory to collect data that would help determine the
validity of our approach of adapting an existing chemistry atti-
tudes scale rather than developing a scale de novo. We then
used a series of statistical techniques to test the quality of the
scale and conducted a preliminary “landscape assessment” of
undergraduate science and math majors’ attitudes toward
mathematics, highlighting salient features and differences
among student groups.

METHODS

Participants

The participants in this study were 362 undergraduate students
enrolled in diverse science and math majors at two large
research universities in the southern United States. Students
were recruited by emails forwarded to listservs for science and
math majors. No incentive was offered. The study was deter-
mined exempt from institutional review board review at the
University of Georgia (2013-10946-0) and the University of
Texas Austin (2014-06-0029). For the following analyses, only
complete cases were analyzed (i.e., no missing data; N = 359,
Table 1), as missing data were assumed to be missing at ran-
dom, and very few cases (n = 3) were eliminated by dropping
students whose responses were incomplete.

Data Collection

The ASMI was adapted from the shortened ASCI (Xu and Lewis,
2011), which included eight items from Bauer’s original (2008)
20-item instrument. These items fit a two-factor structure, mea-
suring “intellectual accessibility” and “emotional satisfaction.”
Similar to the data-collection procedures used for the shortened
ASCI, students were instructed to “Rate how well these words
describe your feelings about mathematics. Think carefully and
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TABLE 1. Study participants

Gender Year in school Race/ethnicity
193 female 108 freshmen 196 white

132 male 46 sophomores 60 Asian

34 other/no response 44 juniors 58 URM

125 seniors 45 no response

36 other/no response

try not to include your feelings toward mathematics teachers or
mathematics courses. For each line, choose a position between
the two words that describes exactly how you feel. Select that
number. The middle position (4) is if you are undecided or have
no feelings related to the terms on that line”:

MATHEMATICS IS...

1 Easy 1 2 3 4 5 6 7 Had

2 Complicated 1 2 3 4 5 6 7 Simple

3 Confusing 1 2 3 4 5 6 7 Clear

4 Comfortable 1 2 3 4 5 6 7 Uncomfortable
5 Satisfying 1 2 3 4 5 6 7 Frustrating

6 Challenging 1 2 3 4 5 6 7 Notchallenging
7  Pleasant 1 2 3 4 5 6 7 Unpleasant

8 Chaotic 1 2 3 4 5 6 7 Organized

We employed the same physical design features used in the
ASCI and its short form to encourage students to focus carefully
on the adjectives and make use of the range of the scales. This
was done to take advantage of respondents’ ability to draw dis-
tinctions, namely,

* Adjectives and choices were presented on a single line (e.g.,
“easy” at one end, “hard” at the other end, with numbers
1-7 in between);

* Some pairs were listed with the positive adjective on the left
side, and others with the positive adjective on the right (as
depicted) to discourage respondents from selecting a single
response across the entire scale; and

* “Mathematics is...” was presented in all capitals to keep
students focused on the discipline as the object of their
attitudes.

Students were asked to report demographic data, including
year in school, gender, race, and ethnicity. Students had the
option to indicate that they preferred not to respond for all
items. Items with the “positive” term on the left (1, 4, 5, 7)
were reverse scored before analyses were performed.

Qualitative Data Analysis and Results

The eight ASMI items were preceded by a free-response prompt:
“Please complete the following sentence to explain your defini-
tion of ‘mathematics.” MATHEMATICS IS...” This was intended
to prime the students’ feelings toward the subject and to gather
information that could be used to determine whether it was
reasonable to adapt an existing chemistry attitudes scale to
mathematics. Because this aspect of the work is primarily for
validation purposes for the quantitative data collection and
analysis, we present both the analysis and results of this quali-
tative component here.
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Undergraduate Students’ Math Emotions

Of the 359 students who provided quantitative responses,
224 also provided text (i.e., qualitative) responses to the
“Mathematics is...” prompt. We conducted content analysis
of students’ responses as follows. One researcher (E.L.D.)
read student responses and generated the following initial
set of codes, which included the semantic pairs from the
ASCI that were evidenced by the responses of students in our
sample (indicated with an asterisk*), as well as any other
attitudes they expressed:

e Beautiful-ugly

¢ Creative-algorithmic

* Difficult-easy*

* Fun or interesting—boring*
* Good-bad

e Important-unimportant
¢ Intuitive-nonintuitive

* Logical-illogical

¢ Objective-subjective

* Precise-vague

* Relevant-irrelevant

e Simple—-complicated*

e Scary—comforting

e Useful-useless

e Warm-—cold

Then, another researcher (L.PW.) used this codebook to de
novo code the same responses independently. Responses were
double coded if applicable. For example, if a student indicated
mathematics is both interesting and challenging, the response
was coded as both “interesting” and “challenging.” Thus, the
numbers of responses total to more than 100%.

Even though the introductory text prompted students to
think about their feelings about mathematics, students’ responses
fit three overarching categories: emotions about math (n = 48),
views regarding the utility of math (n = 14), and thoughts about
the nature of math (e.g., “numerical analysis,” “using numbers
to solve problems”; n = 154) as well as comments we considered
to be vague or off-topic, such as “everything” (n = 9). We did not
consider the responses related to the utility or nature of math or
the off-topic responses further in this analysis.

The researchers agreed 100% on coding of all of the emo-
tion-related responses (n = 48) at the level of the codes in the
codebook. The researchers then grouped the codes into the fol-
lowing bipolar categories:

e Easy/doable (n = 4) versus challenging/difficult (n = 19) or
frustrating (n = 2)

e Fun (n=11) or interesting (n = 10) versus boring (n = 2)

e Simple (n = 1) versus complicated (n = 1)

Additional codes that we could not clearly categorize
included: beautiful (n = 3), creative (n = 3), scary (n = 1), good
(n=1), precise (n=1), and cold (n = 1). The “easy versus diffi-
cult/challenging” and “simple versus complicated” are repre-
sented in the ASCI scales, which provides some justification for
adapting the ASCI scales rather than developing items de novo.
“Fun” or “interesting versus boring” are not directly represented
in the ASCI scales, but may be captured in the “pleasant versus
unpleasant” or “comfortable versus uncomfortable” scales.
Future studies should consider testing additional scales that
may measure this emotion about mathematics more directly,
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such as interesting versus uninteresting, agreeable versus dis-
agreeable, or enjoyable versus unenjoyable.

Quantitative Data Analysis

Given that the qualitative results provided support for adapt-
ing the ASCI to create the ASMI, we used exploratory factor
analysis (EFA) to explore the dimensionality of students’
responses to the ASMI. We chose to use EFA instead of confir-
matory factor analysis (CFA) because we did not assume a
priori that the ASMI would have the same model fit as the
shortened ASCI for two reasons. First, there was no empirical
or theoretical support to suggest that these semantic differen-
tial items would function the same way for mathematics as
they did for chemistry. For example, work from psychology
suggests that activities may be enjoyable at least in part
because they are challenging (Csikszentmihalyi, 2014), even
though results from the ASCI indicate that students’ percep-
tions of chemistry being “satisfying” and “challenging” factor
separately, with satisfaction reflecting emotion and challenge
reflecting intellectual accessibility (Xu and Lewis, 2011). Sec-
ond, the students in our study might have more varied experi-
ences with mathematics depending on their degree program
and thus might represent a more heterogeneous population
than participants in the validity studies of both forms of the
ASCI (Bauer, 2008; Brandriet et al., 2011; Xu and Lewis,
2011). In addition, Xu and colleagues found it necessary to
calculate the intellectual accessibility subscale score of the
ASCI without the “challenging/not challenging” item for Saudi
Arabian students due to concerns about their interpretation of
the item (Xu et al., 2015).

We performed EFA using R, version 3.3.0 (R Core Team,
2016) with the “psych” (Revelle, 2016) and “nFactors” (Raiche,
2010) packages. Best practice with testing instrument validity is
to randomly split a sample into two samples, with an EFA per-
formed on the first sample and the factor structure confirmed
via CFA on the second sample. However, doing so in the present
study would decrease the sample size to ~180 in each sample.
Thus, we opted to retain all 359 participants in the EFA to max-
imize statistical power. We extracted factors using the principal
axis factoring (PAF). We selected PAF rather than principal com-

TABLE 2. Descriptive statistics for the ASMI items (N = 359)*

ponent analysis because we sought to identify the number of
latent variables responsible for producing the observed
responses to the items and wanted to appropriately model the
unreliability represented in each item to do so (Matsunaga,
2015). We made use of oblimin rotation because we believed
that the factors were correlated based on theoretical consider-
ations of the scale and the observed correlations of the ASCI
(Brandriet et al., 2011; Xu and Lewis, 2011). We analyzed the
pattern of factor loadings for one-, two-, and three-factor solu-
tions. We deemed further factor solutions to be prima facie
inadmissible due to the limited number of items that would be
representing each factor. We also consulted the results of a par-
allel analysis (Horn, 1965; Hayton et al., 2004), the accelera-
tion factor and optimal coordinates (Raiche et al., 2013), and
the Kaiser (1960) rule (eigenvalue > 1) for additional non-
graphical solutions for analyzing the scree plot to determine the
appropriate number of factors.

RESULTS

Undergraduate Science and Math Students’ Attitudes
about Mathematics

Students in our sample reported a fairly symmetric distribution
of responses with item means near the midpoint, reflecting no
opinion/undecided (Figure 1). Generally, students’ responses
trended toward characterizing math as a subject that was “com-
plicated” and “challenging.” Students also indicated some level
of comfort with math in that their responses skewed toward
describing math as “satisfying,” “pleasant,” and “organized.”
Table 2 presents the interitem correlations, item means, and
item standard deviations for the ASMI items.

Exploratory Factor Analysis

When conducting EFA to determine the factor structure of the
ASMI, the one- and three-factor solutions converged without
any problems. The two-factor solution produced a warning,
indicating that some of the estimated factor scores were “prob-
ably incorrect” and that a Heywood case was detected. A Hey-
wood case is when the maximum-likelihood estimation method
converges on a solution that is inadmissible because one of the
estimated values is beyond the logical scope of plausible values.

1 2 3 4 5 6 7 8
Easy— Simple- Clear- Comfortable- Satisfying-  Not challenging- Pleasant- Organized-
hard complicated confusing uncomfortable  frustrating challenging unpleasant chaotic
1 —
2 0.17 —
3 0.18 0.36 —
4 0.55 0.03 0.26 —
5 0.47 0.05 0.25 0.67 —
6 0.20 0.41 -0.12 -0.02 0.03 —
7 0.40 0.10 0.30 0.70 0.70 0.01 —
8 0.05 -0.05 0.44 0.14 0.15 -0.48 0.18 —
Mean 3.91 3.65 4.05 4.75 4.95 3.42 4.67 4.34
SD 1.57 1.56 1.68 1.62 1.73 1.87 1.59 1.96

2Semantic differential terms are presented with the “negative term” = 1 and “positive” term = 7 (i.e., order has been reversed so means of responses to items can be
compared), such that ratings less than 4 indicate positive attitudes (top word), ratings greater than 4 indicate negative attitudes (bottom word), and ratings equal to 4

represent the midpoint (no feelings one way or the other, or undecided).
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FIGURE 1. Response frequencies to each item. These response frequencies are for the raw
data (i.e., before recoding items 1, 4, 5, and 7 to account for reverse wording).

An investigation of the two-factor solution suggested that items
1 (factor loading = 0.57), 4 (0.84), 5 (0.80), and 7 (0.82)
defined one factor. However, the most salient problem with the
second factor was that the estimated standardized factor load-
ing for item 6 (challenging-not challenging) was 1.09—an
inadmissible solution, suggesting that a two-factor model is
misspecified and is a not a plausible model for the data (Chen
et al., 2011). Factor loadings for all three solutions can be found
in Table 3.

The one-factor solution was deemed not to be an adequate
solution, as two of the items (2 and 6) had low factor load-
ings (0.14 and 0.03, respectively), and items 3 (0.38) and 8
(0.22) only minimally loaded on the only factor. This sug-
gested that one factor was not adequate to explain the vari-
ance in these items. The three-factor solution produced a the-
oretically uninterpretable solution. The first factor in the
three-factor solution mirrored the results from both the
one-factor solution and the first factor in the two-factor solu-
tion. The second factor in the three-factor solution was
primarily defined by item 6 (0.83) and item 8 (—0.62), with

mnxlEnE
2 3 4 5 6 7

Undergraduate Students’ Math Emotions

item 2 (0.42) also moderately loading on
the factor. The third factor was defined
most strongly by item 2 (0.65) and item
3 (0.72). The loading of item 2 (compli-
cated-simple) on the two factors, the neg-
ative loading of item 8 on factor 2, and
general pattern of loadings across factors
two and three made the factor interpreta-
tions difficult.

These results indicate that there is likely
to be a single factor represented by items 1,
4,5, and 7, which reflects emotional satis-
faction with math. However, none of the
solutions are reasonable interpretations of
the responses to data from the entire scale.
Notably, item 8, which factored with other
emotion-related items for the chemistry
scale (ASCI), did not factor with emo-
tion-related items for the ASMI. In addi-
tion, item 1 factored with other items
related to the intellectual accessibility of
chemistry on the ASCI, but factored with
emotion-related items on the ASMI.

Exploratory Latent Profile Analysis

The lack of a clear solution to the EFA could be due to variation
in students’ understanding of mathematics. To gain some
insight into these results, we performed a latent profile analysis
(also called a factor mixture analysis) using the “mclust” R
package (Fraley and Raftery, 2002; Fraley et al., 2012). A latent
profile analysis is a person-centered analysis that attempts to
decompose the variance in the data by hypothesizing that sev-
eral subpopulations exist within with the sample. Person-cen-
tered analyses aim to understand the observed variance across
a set of items with the individual as the unit of analysis. This is
distinct from the standard variable-centered analytic tech-
niques, in which the focus of the analysis is on the interaction
between the variables themselves. In other words, if science
and math majors, or even subpopulations of life science majors,
have distinct attitudes toward math, the similarity of responses
within subpopulations could explain the overall observed vari-
ance in the data. (For a comparison of person-centered and
variable-centered analytic techniques, see Bauer and Shanahan
[2007] or Pastor et al. [2007].)

TABLE 3. Factor loadings for the one-, two-, and three-factor solutions?

One-factor solution

Two-factor solution

Three-factor solution

Factor 1 Factor 1 Factor 2 Factor 1 Factor 2 Factor 3
1. Easy-hard 0.57 0.57 0.18 0.58 0.20 0.05
4. Comfortable-uncomfortable 0.84 0.84 -0.02 0.88 —-0.01 -0.05
5. Satisfying—frustrating 0.80 0.80 0.01 0.82 0.01 —-0.02
7. Pleasant-unpleasant 0.82 0.82 —-0.01 0.80 —-0.01 0.05
6. Not challenging—challenging 0.03 0.02 1.09% 0.07 0.83 0.08
8. Organized—chaotic 0.22 0.25 -0.48 0.07 -0.62 0.36
2. Simple-complicated 0.14 0.14 0.29 —-0.07 0.42 0.65
3. Clear—confusing 0.38 0.38 -0.16 0.13 -0.24 0.72

“Bold type indicates acceptable factor loadings, which are above the recommended cutoff values of |0.32| (Tabachnick and Fidell, 2007); factor loadings are bound
between —1.00 and 1.00. Superscript “H” indicates a Heywood case, signifying an inadmissible solution because a factor loading is out of bounds; such a case invalidates

the entire solution.
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FIGURE 2. Item means for each cluster from the latent profile analysis. Item numbers are
displayed at the top, and cluster means are displayed on the y-axis. These results suggest
that three subpopulations, or clusters, are represented in our sample: those who have

strongly favorable emotions about math, those who have strongly unfavorable emotions

Second, results of the latent profile analysis
indicated that the items comprising factor
1 (1, 4, 5, and 7) fully captured group dif-
ferences. We chose to use the conservative
Bonferroni adjustment to the usual o =
0.05 to control for our experiment-wise
type I error rates, with o = 0.05/10 =
0.005. We also report effect sizes—either
Cohen’s d for t tests or partial eta-squared
(n3) for ANOVA—to provide a measure of
practical importance to supplement the
results regarding statistical significance
(Cohen, 1988; Fan, 2001; Nakagawa and
Cuthill, 2007; Maher et al., 2013).

We first compared responses of students
from majors traditionally considered life
sciences (i.e., biology and biochemistry
majors; n = 187) versus physical sciences
and math (i.e., applied mathematics,
astronomy, chemistry, computer science,
mathematics, and physics majors; n =93).!

Our aim was to test the hypotheses that
1) life science majors hold more negative
attitudes toward math than physical sci-
ence and math majors (i.e., astronomy,

about math, and those who are neutral. In addition, students’ emotions about math
seem unrelated to whether they find math intellectually difficult, i.e., all three clusters
show similar responses to items 2 (simple—complicated), 3 (clear—confusing), and 6

(challenging—not challenging).

Results from the latent profile analysis suggested that three
clusters, or subpopulations, were present in the data. Figure 2
displays a graph of cluster means for each item, which provides
some support that there are interesting patterns of responses to
the items across the scale. For example, all three clusters
responded similarly on items 2, 3, 6, and 8, but varied widely in
their responses to items 1, 4, 5, and 7. Given that items 1, 4, 5,
and 7 factored together in all of the EFA solutions and appear to
represent emotions about math, it is likely that there are three
subpopulations represented in our sample: those who have
strongly favorable emotions about math, those who have
strongly unfavorable emotions about math, and those who are
neutral. In addition, students’ emotions about math seem unre-
lated to whether they find math intellectually challenging.

Comparison of Math Attitudes among Subgroups

of Students

To identify student characteristics that might explain the three
clusters of respondents, we conducted Welch’s ¢ test, which
adjusts the degrees of freedom to account for unequal group
variances (Welch, 1947). We also conducted one-way analysis
of variance (ANOVA) to test for significant differences in ASMI
scores between subpopulations of students who might reason-
ably differ in their attitudes toward math. We compared both
the summed scores on the total ASMI and the summed scores
for the four items that factored together in the two- and
three-factor EFA solutions (i.e., factor 1). We were confident in
using this factor for comparisons for two reasons. First, the fac-
tor 1 item loadings in the two-factor solution were not substan-
tially different from those in the one- and three-factor solutions.

16:ar49, 6

chemistry, physics, applied mathematics,
and mathematics majors); and 2) physical
science and math majors hold similar atti-
tudes toward math. Indeed, we found evi-
dence that physical science and math
majors reported similar attitudes toward math (t(87.293) =
0.93,p=0.36,d=0.11). We also found that their attitudes were
not significantly more favorable than the attitudes of life science
majors based on their responses to both the factor 1 items
(t(169.16) = 2.41, p = 0.017, d = 0.37) and the total scale
(t(147.26) = 2.07, p = 0.040, d = 0.31). However, the standard-
ized mean differences were larger than 0.3 in both of the latter
comparisons, which is considered a small to moderate effect in
behavioral studies (Cohen, 1988; Fan, 2001). This suggests that
the current analysis may be underpowered to detect significance
and that there may be some differences between the life science
majors and physical sciences/math majors (Cohen, 1992).

We compared responses of students according to their gen-
der (female vs. male?) because previous research has shown
that women hold less favorable attitudes toward mathematics
than men (Hyde et al., 1990; Nosek et al., 2002; Frenzel et al.,
2007). The results of this analysis were inconclusive because
male students did not hold significantly more favorable atti-
tudes toward math than female students (¢(313.12) =2.34,p =
0.020, d = 0.25), but the effect size again suggests that differ-
ences may exist between the two groups. We also compared

1The sample sizes for all of these comparisons does not sum to the total of 359
respondents because the distinction between the groups was not always wholly
inclusive (e.g., a major was not part of either grouping) or the requisite informa-
tion was not provided by students.

2We acknowledge that gender is a spectrum, but the population in our study pri-
marily identified as males and females. We did not have a sufficient sample size to
draw inferences about students who identified as other than male or female.
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responses of students according to their race/ethnicity (white,
Asian, and underrepresented minority [URM],® which included
students identifying as African American or Black, Hispanic or
Latina/o, Native Hawaiian, and Pacific Islander). Previous
research is equivocal regarding whether students with different
racial or ethnic identities differ in their attitudes toward math-
ematics (Matthews, 1984; Rech, 1994), and most of this work
has been done at the precollege rather than undergraduate
level. Finally, we compared students’ responses by year in
school (lower division = freshmen and sophomores; upper divi-
sion = juniors and seniors). We observed no significant differ-
ences by race/ethnicity (p = 0.17, (n2) = 0.01) or by year in
school (p =0.70, d = 0.04) and little to no effect of race/ethnic-
ity or year in school (i.e., near-zero effect sizes). As a final check
to make sure that no important relationships in the data were
being overlooked, we regressed the math attitude scores on
year in school, race, and gender, including all two-way interac-
tions and the three-way interaction. None was significant,
although these analyses were most likely underpowered.

DISCUSSION
Although no clear factor structure emerged for the ASMI, items
1, 4, 5, and 7 grouped together consistently in the solutions we
examined, suggesting that these items comprise a reasonable
measure of undergraduate science and math majors’ emotional
satisfaction with math. This set of items is similar to the emo-
tional satisfaction subscale of the ASCI, with two key differ-
ences. First, item 8 (organized—chaotic) did not factor with the
other emotion-related items in the ASMI, but did for the chem-
istry scale. This difference, in addition to the fact that students
on average viewed math as more organized than chaotic, may
indicate something about students’ views of the nature of math
as procedural or algorithmic (Kloosterman, 2002) versus views
of the nature of science as more conceptual, dynamic, and
messy. This hypothesis could be explored further by comparing
students’ responses to this item with their views of the nature of
math. Second, item 1 (easy-hard) factored with other items
related to the intellectual accessibility of chemistry on the ASCI,
but factored with emotion-related items on the ASMI. This sug-
gests that the extent to which undergraduates view math as
easy or hard may be more emotionally laden than viewing
chemistry as easy or hard. Math instruction is a main compo-
nent of formal education starting in grade school, while chem-
istry is not a formal part of K-12 curricula in the United States
until middle school or later (NRC, 2013). Perhaps students
form emotional inclinations or disinclinations to the math early
on, and less personal, more general impressions of chemistry.
Although the effects of early exposure to math on undergradu-
ate attitudes toward math has not been explored, research has
shown that early exposure to an attitudinal object leads to more
stable and consistent attitudes toward that object.

The results of our latent profile analysis support the use of
items 1, 4, 5, and 7 as a measure of emotional satisfaction with

3We recognize that students who identify as Asian or URM have a spectrum of
experiences and more careful analysis by specific identity is needed to understand
their experiences. Owing to sample size constraints, we made the decision to
group nonwhite students into two categories: Asian and URM. This pooling may
mask patterns distinct to each population, but broadly gives us information on
patterns shared across these groups.
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math because responses to these items appear to distinguish
among groups of students. Responses of students within each
group indicate that one group is emotionally satisfied with
math, another group is emotionally dissatisfied with math, and
the third group is neutral in their emotions about math. Given
the preliminary nature of the results reported here, much more
research is needed to confirm that students can reasonably be
categorized into three groups with respect to their emotional
satisfaction with math and to determine the usefulness of this
characterization for tailoring instruction.

On the basis of our results, we recommend that students rep-
resenting diverse science and math majors, including life science
majors, be interviewed to further explore how they are interpret-
ing and responding to the current set of emotional satisfaction
items and to identify and characterize any additional math-re-
lated emotions they have. The results of these interviews should
be used to expand on and improve the current emotional satis-
faction scale. We also recommend that the current emotional
satisfaction items as well as any future improvements on this
measure be used to collect data from a larger sample of stu-
dents. These students should represent a more diverse set of
institutions and the range of undergraduate science and math
students’ sociodemographics (gender, race/ethnicity, etc.). A
larger, more diverse, and nationally representative sample
would allow for more powerful tests of the significance and
effect size of relationships between students’ major, gender, and
race/ethnicity and their emotional satisfaction with math, as
well as any interactions among them. Both effect sizes and con-
fidence intervals should be calculated in these analyses to yield
insight into the practical importance of any differences and to
facilitate future meta-analyses (Nakagawa and Cuthill, 2007).
Finally, we recommend that further research on undergraduate
science and math students’ emotional satisfaction with math be
coupled with research in other attitudinal domains such as life
science students’ value of math. Andrews and colleagues have
recently developed the Math-Biology Values Instrument (MBVI)
for measuring life science majors’ math values from the perspec-
tive of expectancy value theory (Wigfield and Eccles, 1992,
2000; Andrews et al., 2017). Conceiving attitudes more broadly
and with stronger theoretical grounding would allow for greater
insight into the factors that influence life science students’ pur-
suit of, experiences with, and outcomes in math learning.

Ultimately, instructors may find this information useful for
tailoring instruction to suit students with different attitudes. For
example, students who report higher emotional satisfaction
may find mathematical work inherently satisfying or intrinsi-
cally motivating (Ryan and Deci, 2000a, 2000b). Students who
report neutral or lower levels of emotional satisfaction may
need mathematical work to be framed in terms of its personal
relevance or utility to find the work satisfying (Walkington
et al., 2013; Walkington and Bernacki, 2014), an idea that
could be tested using the MBVI (Andrews et al., 2017) and
emotional satisfaction scale in concert. Because there are only
four emotional satisfaction items and the MBVI has 11 items,
these small scales may provide a starting point for instructors to
examine their students’ attitudes toward math. Brief and easy
to administer, the scales could be used to begin testing ideas
about the malleability of students’ emotional satisfaction with
math and values of math, as well as the effects of particular
interventions.
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The factors we identified did not match those reported for
both the short and long forms of the ASCI (Bauer, 2008; Xu and
Lewis, 2011). This result indicates that undergraduate science
and math students’ attitudes toward mathematics are composed
of elements other than intellectual accessibility and emotional
satisfaction. Importantly, the intellectual accessibility of math is
not being captured by items 2, 3, 6, and 8, and thus should be
reconsidered. To address this, groups of undergraduate science
and math majors who hold generally positive, negative, or neu-
tral attitudes toward math could be identified and interviewed
as a starting point for identifying the constructs underpinning
these attitudinal differences. In addition, from a more technical
perspective, it is somewhat worrisome that the two- and
three-factor solutions suggested by the EFA corresponded to
whether the items were reverse scored or not. It is possible that
the effect of the valence of the items alone could explain their
groupings. In other words, the three-cluster solution from the
latent profile analysis could represent groups of students who
noticed that the valence of the items changed (positive cluster
in Figure 2), did not notice that valence of the items changed
(negative cluster in Figure 2), or were confused by or indiffer-
ent about the structure of the semantic differential (neutral
cluster in Figure 2). Future studies should present the items
using a common valence (i.e., none reversed) or with differing
valence (i.e., different items reverse scored) and with larger and
more nationally representative samples of students to deter-
mine whether the results support or refute the idea that stu-
dents can be classified according to their positive, negative, or
neutral emotions about math.

We used the emotional satisfaction with math scale and the
entire ASMI to examine the attitudes of undergraduates major-
ing in traditional life science majors versus non-life science
majors to determine empirically whether life science majors do
indeed have less favorable attitudes toward math. Our compar-
ison of the emotional satisfaction with math of life science
majors’ versus non-life science majors (i.e., astronomy, chemis-
try, computer science, mathematics, physics) was inconclusive
because it was underpowered to detect significant differences
but revealed a small to moderate effect of major (d ~ 0.3)
(Cohen, 1988; Nakagawa and Cuthill, 2007). As noted earlier,
more data from a larger and more nationally representative
pool of students are needed to confirm this effect. If the effect is
observed in future studies, it may be due to non-life science
majors having more exposure to math and developing more
positive emotions about math as a result (Hidi and Renninger,
2006), although our analyses reveal no relationship between
time in college (i.e., being upper vs. lower division) and stu-
dents’ emotional satisfaction with math. This result is consistent
with the interpretation that positive emotions about math influ-
ence students’ choices to major in math-intensive disciplines,
rather than increased math exposure leading to the develop-
ment of more favorable attitudes. The relationship between
attitudes about a subject and future school-related behavior
such as course enrollment has repeatedly been demonstrated
(Maltese and Tai, 2011; Alexander et al., 2012). However, more
longitudinal research is needed to characterize undergraduate
life science majors’ emotional satisfaction with math over time
in programs that require various levels of math course work to
determine whether attitudes predict enrollment, enrollment
predicts attitudes, or both.
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Our test of whether women and men differed in their emo-
tional satisfaction with math was also inconclusive because it
was underpowered to detect significant differences but revealed
a small effect of gender on students’ emotional satisfaction with
math (d = 0.25), with women being less emotionally satisfied
with math. Again, more data from a larger and more nationally
representative pool of students are needed to confirm this
effect. It would also be prudent for future analyses to perform
EFA on men and women separately to see whether the pattern
of results is equal across these two genders (as well as across
other subgroups of interest); we were unable to do so with the
present analyses due to sample size (i.e., power) consider-
ations. If confirmed, this result would be consistent with find-
ings from many studies and meta-analyses, namely, that on
average women hold more negative attitudes toward math than
men (e.g., Hyde et al., 1990). Women’s negative attitudes about
math have been attributed to cultural beliefs about gender and
mathematics, such as the belief that women are less competent
at math or that math is not a “feminine” task (Correll, 2001).
Women'’s negative attitudes have also been attributed to their
confidence in their ability to do math (e.g., Ellis et al., 2016)
and their anxiety about math (e.g., Stoet et al., 2016). The
higher enrollment of women in life science majors may exacer-
bate the perception that biology majors hold negative attitudes
toward math.

Future research should repeat our test of differences between
lower- and upper-division students’ emotional satisfaction with
math to determine whether the lack of effect we observed holds
for a larger and more diverse sample. Our observation of a near-
zero effect of year in school on students’ emotional satisfaction
with math raises questions of whether students’ levels of emo-
tional satisfaction with math are set by the time they reach col-
lege or remain malleable during college. It is important to note
that we made use of a cross-sectional data set. Thus, the atti-
tudes of students in our sample may be subject to bias at the
upper-division level because students with less favorable atti-
tudes may have transferred to majors outside science or math
or may have left college altogether. Tracking students’ levels of
emotional satisfaction with math over time would also be use-
ful for determining the malleability of their attitudes within and
across college. The fact that the emotional satisfaction with
math scale includes only four items will help minimize the bur-
den associated with repeated measures for both students and
researchers.
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