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ABSTRACT

Self-efficacy is associated with a range of educational outcomes, including science and math degree attain-
ment. Project-based statistics courses have the potential to increase students’ math self-efficacy because
projects may represent a mastery experience, but students enter courses with preexisting math self-efficacy.
This study explored associations between pre-course math confidence and coding confidence with post-
course statistical intentions and perceived achievement among students in a project-based statistics course
at 28 private and public colleges and universities between fall 2018 and winter 2020 (n=2801) using
multilevel mixed-effects multivariate linear regression within multiply imputed data with a cross-validation
approach (testing n =508 at 20 colleges/universities). We found that pre-course coding confidence was
associated with, respectively, 9 points greater post-course statistical intentions and 10 points greater
perceived achievement on a scale 0-100 (0.09, 95% confidence interval (0.02, 0.17), p=0.02; 0.10, 95%
C1(0.01, 0.19), p=0.04), and that minoritized students have greater post-course statistical intentions than
nonminoritized students. These results concur with past research showing the potential effectiveness of
the project-based approach for increasing the interest of minoritized students in statistics. Pre-course
interventions to increase coding confidence such as pre-college coding experiences may improve students’
post-course motivations and perceived achievement in a project-based course. Supplementary materials

ARTICLE HISTORY
Received December 2019
Accepted January 2023

KEYWORDS

Math; Passion-driven
statistics; Programming;
Self-efficacy; Statistics
education

for this article are available online.

1. Introduction

Self-efficacy, an individual’s belief that they can accomplish a
task despite challenges (Bandura 1977), is associated with a
broad range of higher education outcomes including achieve-
ment (Honicke and Broadbent 2016). Self-efficacy is a stronger
predictor of educational outcomes than self-concept or moti-
vation (Zimmerman 2000) and is also predictive of science,
technology, engineering, and math (STEM) degree attainment
among first-generation college students (Bettencourt et al.
2020). Low-efficacy students may believe that quantitative abil-
ities are innate or acquired in early life, so these students may
feel like their efforts will not improve their outcomes, leading to
low morale and counterproductive behavior (Claro, Paunesku,
and Dweck 2016).

Past studies have suggested that low statistics self-efficacy
is a barrier to the successful completion of statistics courses
(Gal and Ginsburg 1994; Gal, Ginsburg, and Shau 1997; Finney
and Schraw 2003). The introductory statistics course can be
a particular barrier for many students because students have
negative feelings about the course and gain few skills from it (Gal
and Ginsburg 1994; Slootmaeckers, Kerremans, and Adriaensen

2014). Attrition from introductory statistics is a particular
concern because populations under-represented in quantitative
fields, such as under-represented minorities (URM) and low
socioeconomic status (SES) students are more likely to leave
these fields by leaving college (Chen 2013). The revised Guide-
lines for Assessment and Instruction in Statistics Education
(GAISE) College Report (Carver et al. 2016), Nolan and Temple
Lang (2010), and others propose that statistics students master a
wide array of computational tools at all levels of undergraduate
statistics education to remedy these problems (Nolan and Tem-
ple Lang 2010; Carver et al. 2016). This study explores whether
pre-course self-efficacy predicts students’ interest in advanced
statistical coursework and perceived achievement after taking
a multidisciplinary, project-based introductory statistics course
aimed at engaging students in applied statistical projects across
both divisional and departmental boundaries (Dierker et al.
2012).

1.1. Project-Based Statistics Curriculum

Bandura and colleagues (1977) hypothesized that self-
efficacy arises from performance accomplishments, vicarious

CONTACT Janet E. Rosenbaum 9 janet.rosenbaum@downstate.edu e Department of Epidemiology and Biostatistics, School of Public Health, State University of New
York (SUNY) Downstate Health Sciences University 450 Clarkson Ave MS 43, Brooklyn, NY 11203.
0 Supplementary materials for this article are available online. Please go to www.tandfonline.com/ujse.

© 2023 The Author(s). Published with license by Taylor and Francis Group, LLC.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (hitp:/creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work is properly cited. The terms on which this article has been published allow the posting of the Accepted Manuscript in a repository by

the author(s) or with their consent.


https://doi.org/10.1080/26939169.2023.2183287
https://crossmark.crossref.org/dialog/?doi=10.1080/26939169.2023.2183287&domain=pdf&date_stamp=2023-04-13
http://orcid.org/0000-0001-9796-513X
mailto:janet.rosenbaum@downstate.edu
http://www.tandfonline.com/ujse
http://creativecommons.org/licenses/by/4.0/

2 (&) J.E.ROSENBAUM AND L.C.DIERKER

experience, verbal persuasion, and emotional arousal, but
performance accomplishments are believed to be the most
reliable source of self-efficacy; this component is also most
relevant to project-based statistics. A project-based statistics
curriculum provides the opportunity for an “enactive mastery
experience” that can increase students’ statistical self-efficacy
and perceived achievement (Parsons, Croft, and Harrison
2011).

A project-based statistics course offers students the oppor-
tunity to increase students’ self-efficacy by posing a challenge
and supporting students in completing the challenge. Ideally,
introductory statistics courses encourage students to continue
taking further statistics courses, especially students who pre-
viously had no intention to pursue statistics beyond required
courses. However, students’ level of pre-course quantitative self-
efficacies may affect how students regard their achievement
during the class and predict their likelihood of pursuing future
statistical coursework. This research evaluates to what extent
students’ interest in pursuing further courses in statistics after
taking a project-based statistics course is associated with their
pre-course self-efficacy.

In a project-based course, students choose their research
project, requiring them to think critically about statistical issues
(Chance 2002; Nolan and Temple Lang 2010), recognize the
usefulness of data for answering questions of interest to them
and to society (Neumann, Hood, and Neumann 2013; Horton
and Hardin 2015), tackle complicated real-world questions that
involve more than one or two variables (De Veaux 2015), and
emphasize practical problem-solving skills that are necessary
to answer statistical questions (Garfield, delMas, and Zieffler
2012). The project-based statistics course emphasizes concep-
tual understanding and application.

Introductory statistics courses have used project-based
approaches even with large classes (Halvorsen 2010). Several
studies suggest that across many fields, project-based learning
promotes students” problem solving and reasoning skills, appli-
cation of knowledge to solve problems, and communication
skills more than traditional didactic approaches, such as solving
problems isolated from their research context on traditional
problem sets (Hickey et al. 1999; Hickey, Wolfe, and Kindfield
2000; Langer 2001; Harada and Yoshina 2004; Lynch et al. 2005).
Students who finish a project have a work product that they
can describe at job interviews, put in a portfolio, or present at
research conferences to demonstrate their skills. Performance
accomplishments are hypothesized to increase self-efficacy and
self-confidence beliefs as an individual’s demonstration of mas-
tery (Bandura 1977, 1986, 1990), so we would expect that stu-
dents’ independent research projects would increase their self-
efficacy. A student who completes a project successfully will be
more likely to believe in their ability to complete more complex
future projects, so they would have higher math self-efficacy.
Math self-efficacy would lead the student to be more likely
to be interested in taking additional quantitative coursework,
majoring in quantitative fields, and attaining a STEM degree
(Bettencourt et al. 2020).

We organized this project-based statistics course to focus on
the decisions and skills involved in statistical inquiry. Funded
by the U.S. National Science Foundation and first introduced

into the curriculum at a selective liberal arts college, the project-
based course follows each of the recommendations of the revised
GAISE college report (Aliaga et al. 2005; ASA 2014; Carver et al.
2016) and the undergraduate data science education recom-
mendations of the National Academies of Sciences, Engineer-
ing, and Medicine to increase the use of real-world data appli-
cations (National Academies 2018). Students learn to manage
data, describe data with plots and numerical summaries, and
inferential methods to test hypotheses and explore the empir-
ical structure of data (Cobb 2007; Gould 2010; Horton 2015).
Students are provided with opportunities to select the most
appropriate tools to address their research question(s) and apply
the methods using statistical software (e.g., R, SAS, Stata, SPSS).
Statistical topics are introduced alongside the development of
the research project, so each statistical topic is immediately
applied to the student’s research project in addition to standard
textbook problems.

Evaluations of the project-based course at the originating
liberal arts college suggest that this course attracts more students
from populations who are under-represented in statistics to
statistics compared to a traditional introductory statistics course
(Dierker et al. 2015). Although under-represented minority
(URM) students reported perceiving the material in the project-
based course as more difficult than non-URM students did
and scored lower on average on three multiple-choice in-class
exams, URM students were twice as likely as non-URM students
to report that their interest in conducting research increased
after completing the project-based course, and they demon-
strated similar levels of increased confidence in applied skills
and interest in follow up courses (Dierker et al. 2016).

Students completing the project-based course reported more
confidence in concrete statistical skills (choosing the correct
statistical test, managing data, and writing syntax or code to run
statistical analyses) and interest in pursuing advanced statistics
coursework than students enrolled in a traditional introductory
statistics course (Dierker et al. 2018). The project-based statis-
tics course also attracts students with a wider range of math SAT
scores (mean (M) =686, standard deviation (sd) =69) than
traditional introductory statistics (M = 696, sd =59) (Dierker
et al. 2015).

Statistical analysis uses several skills of computer program-
ming, such as creating variables, commenting code, debugging
code, and managing complex projects (Bentley 1985). Faculty
support students as they make decisions about how to visu-
alize, explore, and analyze data, and explain their statistical
decisions and results orally and in writing, including com-
menting statistical code. Faculty also support students when
the students encounter software errors, so students learn to
identify the typographical mistakes or logical errors that cause
statistical commands not to function. Because of a focus on
programming in the context of data analysis, we have previ-
ously compared the project-based course with traditional intro-
ductory programming experiences. Compared with traditional
introductory programming courses (a general programming
course and a computer science major introductory course), the
project-based statistics course attracts more female and URM
students (Cooper and Dierker 2017). Students in the project-
based statistics course had a wider range of math SAT scores
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Figure 1. Conceptual model. White nodes are control variables determined prior to the course. Green nodes are the exposure variables: coding confidence and math
confidence. Blue nodes are outcome variables: perceived achievement and statistical intentions.

(M =685, sd=69) than students in introductory program-
ming courses (M = 722, sd = 58) and computer science gateway
courses (M =739, sd = 55) (Cooper and Dierker 2017).

Project-based courses offer potentially great gains for stu-
dents’ self-efficacy because projects are performance accom-
plishments. However, students enter project-based statistics
courses with preexisting levels of quantitative self-efficacy. Stu-
dents with high quantitative self-efficacy see themselves as capa-
ble of difficult quantitative material and may be more likely
to take courses that challenge and expand their quantitative
skills, whereas students who have lower quantitative self-efficacy
may not attempt challenging quantitative courses. Greater self-
efficacies in mathematics and statistics are associated with
greater educational gains and better performance in mathemat-
ics and statistics courses (Zimmerman 2000; Perepicska, Chan-
dler, and Becerra 2011; Peters et al. 2019). To some extent, self-
efficacy is circular: students may increase in quantitative self-
efficacy as they attempt challenges and complete the challenges,
thus adding to their performance accomplishments, whereas
students who never attempt challenges do not have as many
opportunities to increase their quantitative self-efficacy through
performance accomplishments (Kung 2009; Peters et al. 2017).

Students who complete semester-long statistics projects
have created knowledge corresponding to real-world applica-
tions of statistics; this type of performance accomplishment
may increase students’ self-efficacy. However, students enter
a project-based statistics course with existing endowments of
math and coding self-efficacy that may modify the courses
outcomes. This study will explore whether pre-course math self-
efficacy and coding self-efficacy predict students’ post-course
statistical intentions and perceived achievement among students
enrolled in project-based statistics courses.

2. Methods

This study explores the association between post-course sta-
tistical intentions and perceived achievement and pre-course
coding and math confidence in a sample of 801 students attend-
ing 28 colleges and universities in the United States. Across
these heterogeneous settings, this project-based statistics course

constitutes a coherent curriculum due to a shared approach to
the semester-long projects, shared materials, communication
between instructors, and shared help resources available to stu-
dents. For the projects, instructors start with real-world data
sets, students choose their research questions, course material
supports students in answering their research questions, and
the final product is a research article or poster in the model
of a course-based undergraduate research experience (CURE).
The instructors also have access to common materials: a 39-
page electronic textbook with code samples, professionally pro-
duced instructional videos demonstrating statistical skills in
SAS, R, Stata, SPSS, and Python (one video playlist for each
statistical programming language or software), and a repository
of datasets, quiz questions, and sample exams. Instructors also
communicate together to share ideas and resources including
datasets and handouts at an annual webinar and through pop-
ular business communication software. All students can post
on a business communication platform for student questions,
and instructors at other universities answer students’ questions.
Students also have access to weekly evening office hours by
teaching staff at the originating liberal arts college.

Figure 1 shows the hypothesized relationships between vari-
ables. This study explores whether this project-based course’s
effectiveness in increasing students’ statistical intentions and
perceived achievement is lower among students with less math
and coding confidence. We compare students enrolled in this
course to each other, rather than evaluating the project-based
curriculum by comparing students in this course to students in
another course, as done previously (Dierker et al. 2017, 2018).
The outcome measures are aggregate measures of statistical
intentions and perceived achievement, as described in the mea-
sures subsection.

2.1. Sample

Students in project-based statistics courses completed
computer-administered surveys during the first and last week
of the semester, which took about 10-15 min each. Data were
drawn from pre-course and post-course surveys administered
to students enrolled in an introductory, project-based statistics
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Figure 2. Distribution of student ages stratified by school type.

Table 1. Enrollment by semester: number of sections, courses, students, and range of number of students per section.

Fall 2019 Spring 2019 Fall 2018 (n = 35),
Winter 2019 (n=15)
Summer 2019 (n=11)
Winter 2020 (n = 14)
No.sections  No.courses  No.students No.sections MNo.courses No.students No.sections  No. courses No. students

Liberal arts 14 12 270 (5-29) 6 3 118 (15-23) 5 5 75(11-22)
Flagship university 1+ 1 65 2 2 26 (4-22)
Regional university 5+ 5 111 (4-48) 9 79
Community college 2 2 27 1 1 9
Total 18+ 20 473 15 232 5 5 75

NOTE: Low enroliment semesters were grouped. + Number of sections unknown.

or research methods course (Dierker et al. 2012). This project-
based introductory statistics course was taught in 28 courses
at 28 universities in the United States (n =801) between fall
2018 and winter 2020: 11 private liberal arts colleges, 3 flagship
state universities, 12 regional city or state universities, and
2 community colleges (Table 1). These data include courses
from departments other than statistics or mathematics, such as
sociology, epidemiology, and psychology; course titles are listed
in Appendix 2 (supplementary materials).

In addition to the 28 US colleges and universities, the course
was also taught at a nonprofit private small college in Ghana
(n=116). This college chose not to ask citizenship, race, and
ethnicity questions in their survey administration due to cul-
tural sensitivities (Appiah and Adeyeye 2020; Erasmus Kofi
Appiah, personal communication, November 5, 2021), so these
data were not included in this analysis. The outcomes of the
implementation of this course in Ghana during prior years
have been described elsewhere (Awuah, Gallagher, and Dierker
2020).

The course was created in the Department of Psychology
at Wesleyan University in Middletown, Connecticut, United
States, a private liberal arts college that offered different sections
of the project-based introductory course that taught the course
in one of three statistics software, so students chose their section
based on instructor and schedule: R (51% of students), Stata
(21% of students), or SAS (29% of students). Two regional
universities taught in R one semester and SPSS another semester.
The remaining academic settings used only one statistical soft-
ware per course. The statistics software included StatCrunch, a

web-based statistics software developed by Pearson Education
(one community college); SPSS (two private liberal arts colleges,
one flagship public university, and eight regional universities);
R (two flagship public universities, four regional universities,
three liberal arts colleges, and one community college); and SAS
(seven liberal arts colleges).

Because interest in taking further quantitative courses is
one outcome, an earlier year in school signifies the potential
to take more quantitative courses. The full sample comprised
less than 1% high school students, 9% first-year undergrad-
uates, 40% second-year, 21% third-year, 19% fourth-year, 8%
graduate students, and 2% “other” status, which could include
nonmatriculated certificate students. Students at the private
liberal arts colleges (interquartile range (IQR) 19, 21 years old)
were on average younger with lower variation in age than the
students at the flagship state universities (IQR (20, 28)), regional
state and city universities (IQR 20, 27), and community colleges
(IQR 19, 24) (Figure 2).

These data were designated exempt per 45 CFR 46.104(d)(2)
as research that only involves the use of educational tests, sur-
veys, interviews, or observations of public behavior by Wesleyan
University’s Institutional Review Board (Project ID 20190701).

2.2. Measures

2.2.1. Outcome Variables

The outcome variables were post-course perceived achieve-
ment and statistical intentions. The perceived achievement
construct was an existing scale, the Undergraduate Research



Student Self- Assessment: Student Assessment of Learning Gains
(URSSA-SALG) (Hunter et al. 2009).

2.2.2. Perceived Achievement

We defined post-course perceived achievement as the sum of
28 items from three URSSA-SALG subscales with the same
Likert-scale answers: thinking and working like a scientist,
personal gains from research work, and gains in skills. These
items were combined because all areas of potential gain were
preceded by a single prompt “How much did you gain in the
following areas as a result of your experiences in this course?”
and the same 5-point Likert scale ranging from no gains to
great gain (Hunter et al. 2009.) We used confirmatory factor
analysis for a single factor using the principal-factor method
without rotation. Although the scale had 31 items, we omit-
ted three items because the topics were not relevant for some
students’ fields of study: “Keeping a detailed lab notebook™
(loading 0.68), “Conducting observations in the lab or field”
(loading 0.70), “Calibrating instruments needed for measure-
ment” (loading 0.66). The remaining 28 items in the per-
ceived achievement factor loaded onto a single factor in the
exploratory factor analysis (Table S1), which was normalized
to the unit interval (Cronbach’s coefficient alpha = 0.97) (Taber
2018).

2.2.3. Statistical Intentions

The construct of statistical intentions was the sum of 13 Likert
scale items (Cronbach’s coefficient alpha = 0.92) normalized to
the unit interval including example items “Are you interested in
pursuing advanced coursework in statistics or data analysis?”
and “In the field in which you hope to be employed when
you finish school, how much do you hope to use statistics?”
(Table S2).

Statistical Intentions: Exploratory Factor Analysis. We per-
formed an exploratory factor analysis to create the statistical
intentions factor because the items that related to statistical
intentions subjectively by face validity were not a prior scale:
some items were used in previous research evaluating statistics
courses (Wise 1985; Schau et al. 1995; Gasiewski et al. 2012) and
some items were original to the project. Beginning with 23 items
that concerned motivation to continue in statistics, we identified
13 items with all pairwise correlations exceeding 0.3 in the initial
dataset from fall 2018, winter 2019, spring 2019, and summer
2019 (n=291) (Figure S1).

Using these 13 items, we performed a principal factor anal-
ysis with maximum likelihood and determined that these 13
items comprised 1 factor by Kaiser’s rule to retain factors
with eigenvalues greater than 1 (Kaiser 1960). All items loaded
with 0.6 or above in each factor, which gives reliable results
in exploratory factor analysis in multiply imputed data using
predictive mean matching with small sample sizes (McNeish
2017).

As a further analysis, we identified the same 13-item factor
using a multiple likelihood principal factor analysis with the
23 items with the oblimin rotation; the scree criterion identi-
fied three factors (Rosseel 2012), but we discarded two factors
because loadings were less than 0.5. When the larger dataset
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from fall 2019 and winter 2020 (n=624) became available,
we performed confirmatory factor analysis (Knekta, Runyon,
and Eddy 2019; Revelle 2021). The loadings from these fac-
tor analyses are in Table §2. We did not modify these con-
structs after analysis to avoid false significance due to multiple
comparisons.

2.2.4. Exposure Variables

Math self-efficacy was measured by the question “How good
are you at mathematics?” an item from Looking at the Sur-
vey of Attitudes Toward Statistics (Bond 2007). Coding self-
efficacy was measured as self-confidence for learning program-
ming, agreement with the statement “I have a lot of self-
confidence when it comes to learning programming” from
the Adapted Computer Science Attitude Survey (Wiebe et al.
2003). Both predictors were scored on a 5-item Likert scale.
The Likert scale versions were used in the multivariate analysis.
For bivariate analysis, math confidence and coding confidence
were dichotomized with positive answers (“very good” and
“good”; “strongly agree” and “agree”) versus neutral or negative
answers. The single-item measure of mathematical confidence
is associated with broader multi-dimensional measures of self-
efficacy (Parsons, Croft, and Harrison 2011). The dichotomous
versions of the math and coding confidence variables allowed
the display of pre-course variables associated with high versus
low confidence more clearly than the 5-level variable would
allow.

2.2.5. Control Variables

The control variables were potential confounding variables
between math confidence and coding confidence and per-
ceived achievement, based on past research: demographics
(race/ethnicity, gender, year in school), socioeconomic status
(first-generation college status, free/reduced lunch status during
secondary school), and prior experience with coding and statis-
tical packages.

Demographics included race/ethnicity, male versus non-
male gender, and year in school. Year in school was coded
as high school student; first, second, third, and fourth-year
undergraduate; graduate or medical student; and other. Race
affects student educational outcomes primarily through the
effects of racism. One of many mechanisms for the effect
of race on educational outcomes is stereotype threat theory,
which posits that students from marginalized groups have lower
academic performance when negative stereotypes are made
salient to them through even subtle cues (Steele and Aronson
1995; Spencer, Steele, and Quinn 1999). Students reported their
race/ethnicity in response to the question “What is your eth-
nicity or racial background? If you are multiple races, mark all
that apply” with the following possible answers: Hispanic or
Latino/Latina; Black, African, African- American, West Indian,
or Afro-Latino/Latina; Asian, Southeast Asian, or Middle East-
ern; White or Caucasian; Native Hawaiian or Pacific Islander;
American Indian or Alaskan Native; Prefer not to answer;
Other (please specify). Race/ethnicity was categorized as Black
for students who reported Black, African, African American,
West Indian, or Afro-Latino/Latina identity. The race/ethnicity
variable used in the regression analyses was under-represented
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minority status, which was coded as 1 for students reporting
Black, Hispanic, American Indian, or Native Hawaiian or Pacific
Islander race/ethnicity and 0 for others. The dichotomous gen-
der measure is limited by not permitting analysis of differential
effects for gender minorities.

Socioeconomic status (SES) was measured by two variables:
parents’ educational attainment (i.e., first-generation college
status) and free/reduced-price lunch. Students from lower SES
backgrounds are likely to have more educational disadvantage
on average, and thus have lower math and coding confidence
and have lower statistical intentions and perceived achievement
(Niu 2017).

First course in statistics was a binary variable coded as 1 for
respondents who reported that this course was their first course
in statistics and 0 for respondents who had taken general statis-
tics in high school, advanced placement, or international bac-
calaureate statistics in high school, or another statistics course in
college. We classified project-based course statistics software as
text-based (command-driven) (Stata, SAS, and R) or graphical
user interface (menu-driven) (SPSS, StatCrunch).

2.2.6. Missing Data
The multi-item statistical intentions and perceived achievement
outcome variables were missing, respectively, for 72 and 239
observations out of 801. Missing data occurred because students
selected “not applicable” to at least one of the component items,
but they answered other items. It was not feasible to construct
the multi-item outcome variables with only items answered by
all students or different numbers of questions for each student.
Using complete cases risked inducing bias because missingness
was not completely at random. We concluded that the students
likely chose “not applicable” because their course did not cover
the topic or because the topic isn't relevant to their major (e.g.,
“Taking greater care in conducting procedures in the lab or
field”). We believe that the missing data are missing at random
because missingness is related to observed information, such
as the student’s institution and year in school, and we address
missingness using multiple imputation. Imputations for “not
applicable” are the predicted answers that the students would
have given under the counterfactual that they had given a valid
answer. Some students may have chosen “not applicable” due to
self-presentation bias: rather than reporting a negative response
that they did not gain in that domain or do not intend further
statistics courses, they chose “not applicable,” so the data would
be missing not at random because missingness is related to the
unobserved data, so it could not be imputed. However, negative
responses of no or little gain or intention to take further statistics
were common in these self-administered surveys, suggesting
many students had low self-presentation bias, so it seems most
likely that most missing data are missing at random. Other
variables with missing observations were programming confi-
dence (24 cases), math self-efficacy (22 cases), age in years (28
cases), and student’s year in school (1 case). However, we note
that missingness at random is an assumption that cannot be
definitively tested.

We used multiple imputation with 35 imputations, following
the guideline that the number of imputations should exceed the
percent of all data with at least one variable missing. We used a

multivariate normal imputation model with the following:
demographics (gender, year in school, Hispanic, Black,
Asian/Southeast Asian/Middle Eastern, white race/ethnicity);
socioeconomic status (first-generation, free/reduced lunch in
high school); first course in statistics; and school type. We
judged that the multiple imputation model was appropriate for
the outcomes of statistical intentions (missing 72 observations)
and perceived achievement (missing 239) using visual
inspection of kernel density plots and the Kolmogorov-
Smirnov test (Abayomi, Gelman, and Levy 2008; Eddings and
Marchenko 2012).

2.3. Statistical Analysis

Our statistical analysis used a cross-validation approach,
enabled by a delay in full data availability. We formulated all
statistical models in the data from fall 2018-summer 2019
(n=291) and then repeated the models in the fall 2019 and
winter 2020 data (n =508, 20 groups) once these data became
available.

For bivariate analysis, we used the Wilcoxon rank-sum test
and CuzicK’s test for trend because the continuous variables had
nonsymmetric distributions. Cuzick’s test for trend is a general-
ization of the Wilcoxon rank-sum test to test for differences in
a continuous variable across ordered categorical variables. We
identified a set of items from the survey that were theoretically
important; these items appear in Table 2. We identified possible
confounders with bivariate analysis using chi-square tests; we
did not correct for multiple comparisons because the goal was
to identify the most important potential confounders for further
analysis.

For multivariate analysis in the multiply imputed data, we
used multi-level mixed-effects linear regression with maxi-
mum likelihood, clustered by academic setting (Gelman and
Hill 2007). The outcomes were statistical intentions and per-
ceived achievement, and the primary predictors were pre-
course coding self-efficacy and mathematical self-efficacy. We
checked the conditions of linear regression by visual inspection
of plots of residuals versus fitted values and quantile-quantile
plots comparing the residuals with the quantiles of the normal
distribution.

Models were formulated using individual and contextual
factors from theories of self-efficacy and using Gelman and Hill’s
criteria for inclusion of covariates (Gelman and Hill 2007). We
included theoretically important nonsignificant control vari-
ables if inclusion does not change the direction of the main
effect (Gelman and Hill 2007). The control variables chosen
from the analysis of the fall 2018-summer 2019 data were
demographics (three variables: male gender, age in years, and
under-represented minority vs. not), socioeconomic status (two
variables: free/reduced lunch and first-generation college stu-
dent), first statistics course indicator, and an indicator variable
for whether the course used text-based statistical programs (R,
Stata, or SAS) vs. graphical user interface statistical programs
(SPSS or Statcrunch). Past research suggests that confidence
impacts under-represented minorities and females dispropor-
tionately, but terms for effect modification by gender and URM
status were not significant in the presence of the other variables.
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Table 2. Descriptive statistics of participants and association with pre-course coding and math confidence (n = 801).

Pre-course Coding confidence Pre-course Math confidence
N % High (%) Low (%) P High (%) Low (%) p
N 801 100 152 649 334 467
Male 292 36.5 50.0 333 <0.001 43.4 ns 0.001
Traditional college age (17-22 years old) 600 776 68.4 79.9 0.002 75.9 789 0.3

Race/ethnicity

Hispanic/Latino/Latina 134 16.7 23.0 153 0.02 159 173 0.6
Black 80 10.0 1.8 9.6 04 10.5 9.6 0.7
Asian, Southeast Asian, or Middle Eastern 102 12.7 14.5 123 0.5 14.4 11.6 0.2
White 497 62.1 55.9 63.5 0.08 63.8 60.8 04
Native Hawaiian or Pacific Islander 6 0.8 0.7 0.8 0.9 0.9 0.6 0.7
American Indian or Alaskan Native 6 0.8 1.3 0.6 04 0.3 1.1 0.2
Free/reduced lunch 190 237 21.7 24.2 0.5 231 24.2 0.7
First generation college student 193 24.1 283 23.1 0.2 249 236 0.7

Year in school

High school student 3 04 0 0.5 04 0.3 04 0.8
First-year undergraduate 77 9.6 9.2 9.7 0.9 10.5 9.0 0.5
Second-year undergraduate 270 337 27.0 353 0.05 29.3 36.8 0.03
Third-year undergraduate 191 239 211 245 04 21.3 257 0.1
Fourth-year undergraduate 172 215 25.7 20.5 0.2 25.8 184 0.01
Graduate student 7 89 12.5 8.0 0.08 10.2 79 0.3
Other 16 20 4.6 14 0.01 27 1.5 0.2
Software
R 428 534 61.2 51.6 0.03 58.1 50.1 0.03
SAS 205 25.6 27.6 25.1 0.5 26.7 248 0.6
SPSS 84 10.5 4.6 11.9 0.009 5.1 14.4 <0.001
StatCrunch 9 1.1 1.3 1.1 0.8 0.9 13 0.6
Stata 42 5.2 2.0 6.0 0.05 6.0 47 0.4
Semester
Fall 2018 35 44 26 48 0.2 33 5.1 0.2
Winter 2019 15 1.9 4.6 1.2 0.006 27 13 0.1
Spring 2019 232 29.0 26.3 29.6 0.4 284 29.3 0.8
Summer 2019 1n 1.4 26 1.1 0.1 1.5 13 0.8
Fall 2019 494 61.7 59.9 62.1 0.6 60.8 62.3 0.7
Winter 2020 14 1.8 4.0 1.2 0.02 33 0.6 0.005

Type of institution

Liberal arts colleges (11) 47 58.8 56.6 59.3 0.5 60.2 57.8 0.5
Flagship state university (3) 91 11.4 184 97 0.3 126 10.5 0.4
Regional university (12) 194 24.2 211 25.0 0.002 24.0 244 0.9
Community college (2) 45 56 4.0 6.0 0.3 33 7.3 0.02

Coding or statistical software experience

R 76 9.5 20.4 5.9 <0.001 156 5.1 <0.001
Stata 32 4.0 10.5 25 <0.001 8.1 1.1 <0.001
SAS 15 1.9 5.3 1.1 0.001 3.0 1.1 0.05
HTML 39 49 13.8 28 <0.001 7.8 28 0.001
SPSS 70 8.7 9.2 8.6 0.8 8.7 8.8 0.96
Java 54 6.7 184 4.0 <0.001 126 26 <0.001
Matlab 42 5.2 1.8 37 <0.001 9.0 26 <0.001
Python 108 135 355 83 <0.001 237 6.2 <0.001

Previous statistics instruction

No previous statistics 306 382 290 404 0.009 320 426 0.002
AP Statistics 134 16.7 23.7 15.1 0.01 24.0 11.6 <0.001
High school statistics 113 14.1 16.5 136 04 13.8 144 0.8
College statistics 316 395 49.3 371 0.006 446 358 0.01

NOTE: All percentages are the percent of the column total. Race/ethnicity and previous statistics instruction responses are not mutually exclusive, so the percentages do
not add to 100%, so no omnibus statistical test is possible. P-value determined from chi-square test.

To combine the results from the multiply imputed variance: within-imputation, between-imputation, and the
datasets, the regression coefficients were the mean of the between imputation divided by the number of imputations.
regression coefficients from each imputed dataset. The We estimated Cohen’s f2 measure of effect size in the
standard errors for regression coefficients from the multiply mixed model from the residual variances (Selya et al
imputed datasets were derived from the three sources of 2012).
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3. Results
3.1. Math and Coding Confidence

Among these project-based statistics students, 45% reported
high math confidence and only 19% reported high coding con-
fidence before taking the course. Although coding confidence
is more common among students with math confidence than
without math confidence (32% versus 9%, p < 0.001), most stu-
dents with math confidence lack coding confidence. Likewise,
38% of students reported coding experience, but only 34% of
students with coding experience reported high coding confi-
dence. Although coding confidence is more common among
students with coding experience than without coding experi-
ence (34% vs. 11%, p < 0.001), most students with prior coding
experience lack coding confidence.

The following pre-course variables were positively associated
with coding confidence: male gender (50% of confident re male
vs. 33% of nonconfident, p < 0.001); age over 22 years (32% of
confident are over 22 vs. 20% of nonconfident, p = 0.002); His-
panic ethnicity (23% vs. 15%, p = 0.02); status as a nongraduate
and nonundergraduate student (5% vs. 1%, p=0.01); taking a
course using R (61% vs. 52%, p=0.03); taking a compressed
winter course (all at liberal arts college) (5% vs. 1%, p = 0.006);
past AP (24% vs. 15%, p = 0.01) or past college statistics courses
(49% vs. 37%, p = 0.006); and coding experience with R (20% vs.
6%, p < 0.001), Stata (11% vs. 3%, p < 0.001), SAS (5% vs. 1%,
p=0.001), HTML (14% vs. 3%, p < 0.001), Java (18% vs. 4%,
P < 0.001), Matlab (12% vs. 4%, p < 0.001), and Python (36%
vs. 8%, p < 0.001) (Table 2). Variables negatively associated with
coding confidence include being traditional college age (17—
22) (68% of confident vs. 80% of nonconfident, p=0.002);
being a second-year undergraduate (27% of confident vs. 35%
of nonconfident, p = 0.05); attending a regional university (21%
vs. 25%, p=0.002); taking a course using SPSS (5% vs. 12%,
p=0.009) or Stata (2% vs. 6%, p = 0.05); and no previous statis-
tics course (29% vs. 40%, p = 0.009) (Table 2).

Pre-course variables positively associated with math confi-
dence include male gender (43% vs. 14%, p=0.001); being a
fourth-year undergraduate (26% vs. 18%, p=0.01); taking a
course using R (58% vs. 50%, p =0.03); AP statistics (24% vs.
12%, p < 0.001) or college statistics (45% vs. 36%, p = 0.01); and
coding experience with R (16% vs. 5%, p < 0.001), Stata (8%
vs. 1%, p < 0.001), SAS (3% vs. 1%, p=0.05), HTML (8% vs.
3%, p=0.001), Java (13% vs. 3%, p < 0.001), Matlab (9% vs.
3%, p < 0.001), and Python (24% vs. 6%, p < 0.001) (Table 2).
Variables negatively associated with math confidence include
being a second-year undergraduate (29% of confident vs. 37%
of nonconfident, p=0.03), attending community college (3%
vs. 7%, p=0.02), taking a course using SPSS (5% vs. 14%,
P <0.001), and no previous statistics course (32% vs. 43%,
p=0.002) (Table 2).

The association between confidence and course statistical
software suggests that students with higher average coding or
math confidence may self-select into project-based statistics
courses/sections that use the R statistical software, that instruc-
tors who anticipate that their students have greater coding and
math confidence may be more likely to choose R, and/or instruc-
tors who anticipate low coding confidence may be more likely to
choose statistical software with more menu functionality, such

as SPSS. Students who took prior statistics courses may have
higher average coding or math confidence as a result, or they
selected into prior statistics courses because of earlier coding or
math confidence.

3.2. Statistical Intentions and Perceived Achievement

Statistical intentions and perceived achievement appear to be
associated with pre-course coding and math confidence, as
illustrated in a kernel plot (Figure 3). Students with pre-course
coding confidence reported post-course statistical intentions
and post-course perceived achievement that are on average,
respectively, 9 points and 10 points higher on a 0-100 scale (0.09,
95% confidence interval (0.02, 0.17), p=0.02, 2 =0.027; 0.10,
95% CI (0.01, 0.19), p = 0.04, 2 = 0.024), controlling for demo-
graphics, socioeconomic status, and prior courses in statistics
(Table 3, Figure 4). The association between pre-course coding
confidence and post-course statistical intentions and perceived
achievement are small but nonnegligible effects according to
Cohen’s measure of local effect size f>. Male and minoritized
students reported higher post-course statistical intentions, and
older students reported lower post-course perceived achieve-
ment. (Table 3, Figure 4).

3.3. Evaluation of Potential Effect Modification by Gender
and URM Status

We tested for effect modification by gender and underrepre-
sented minority (URM) status in eight separate models: two
outcomes (perceived achievement and statistical intentions) by
two predictors (math confidence and coding confidence) by
two potential effect modifiers (gender and under-represented
minority status). We could not reject the null hypothesis that
there was no effect modification by under-represented minority
status or gender.

4. Discussion

This study of a project-based introductory statistics course finds
that pre-course coding confidence is associated with higher
statistical intentions and greater perceived achievement, but
pre-course math confidence is not associated with statistical
intentions or perceived achievements. Students enter a project-
based statistics course with levels of coding confidence that
were formed over the students’ lifetimes. In this class, male stu-
dents entered the class with higher average coding confidence.
This confidence is associated with subsequent achievement, and
achievement is associated with subsequent confidence (Bandura
1990; Kung 2009). For low confidence, the cycle requires inter-
ruption. Statistics students may benefit from brief interventions
to improve students’ coding self-efficacy, such as engaging in
values affirmation and increasing the salience of students’ past
successes (Siegle and McCoach 2007; Peters et al. 2017).
Minoritized students in the course reported greater average
post-course statistical intentions than nonminoritized students.
These findings are encouraging for the project-based statistics
model and concur with past findings that the project-based
course is accessible to students who are under-represented
in statistics (Dierker et al. 2015, 2016). Pre-course coding
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Figure 3. Kernel plot of statistical intentions and perceived achievement gains after the course, stratified by coding confidence and math confidence (n=801).

Table 3. Multilevel linear regression with outcomes statistical intentions and perceived achievement, normalized to 1, limited to the testing dataset from Fall 2019 and

Winter 2020 (n = 508, 20 groups).

Statistical intentions Perceived achievement

Coef. 95% Cl P Coef. 95% Cl P
Coding confidence 0.09 (0.02,0.17) 0.02 0.10 (0.01, 0.19) 0.04
Math confidence 0.08 (—0.02,017) 0.1 —0.03 (—0.13, 0.06) 0.6
Text-based (vs. graphical user interface) statistics software 0.03 (—0.07,0.14) 0.5 0.002 (—0.06, 0.0.) 0.96
Age (years) 0.003 (—0.001, 0.007) 0.2 —0.006 (—0.01, —0.001) 0.02
Free/reduced lunch —0.03 (—0.08, 0.02) 03 0.006 (—0.05, 0.07) 0.8
First generation college student 0.02 (—0.02,0.07) 0.3 0.04 (—0.02, 0.09) 0.2
Minoritized status 0.05 (0.001, 0.09) 0.04 0.01 (—0.05, 0.06) 0.7
Male 0.05 (0.01, 0.09) 0.02 0.01 (—0.04, 0.05) 0.7
First statistics course 0.005 (—0.03, 0.04) 0.8 —0.009 (—0.05, 0.04) 0.7
Intercept 0.40 (0.27,0.54) <0.001 0.76 (0.61,0.92) <0.001
Residual standard deviation 0.19 (0.17,0.20) 0.20 (0.19,0.22)

NOTE: The model was formulated in the prior data and applied to these data. These data were multiply imputed with 35 imputations. Minoritized status included students
who reported any of the following identities: Black, Hispanic, American Indian or Alaskan Native, or Native Hawaiian or Pacific Islander.

confidence had a modest effect on statistical intentions and
perceived achievement, as the 95% confidence intervals were
close to the null value of no outcome difference between con-
fident and not confident. Pre-course math confidence was not
associated with statistical intentions and perceived achievement.

4.1. Nontraditional Undergraduates

We would expect older, nontraditional students to tend to have
lower confidence based on past research in math education
(Hendy, Schorschinsky, and Wade 2014; Jameson and Fusco
2014) and employment outcome disparities (Purcell, Wilton,
and Elias, 2007). However, greater coding confidence was more
common in nontraditional undergraduate students in bivariate
analysis and each year of age is associated with greater predicted
post-course statistical intentions in the regression analysis. This
protective effect of age may be due to greater coding experience,
and the older students have had more experiences with coding
through employment or past educational experiences. Older

college students are more likely to be taking courses for instru-
mental reasons such as job advancement, so they may be implic-
itly engaging in values affirmation to improve their persistence
in the course in the face of obstacles, which improves quanti-
tative self-efficacy (Peters et al. 2017). Second, “life experience
and common sense” improves statistics abilities in ways that
are orthogonal to students” mathematical abilities (DeVeaux and
Velleman 2008), so pursuing statistics may be more appealing to
older students than to younger students in these courses.

4.2. Students’ Statistical Intentions Are Feasible

One goal of a project-based statistics course is for all stu-
dents to increase their self-efficacy and interest in taking
advanced courses. We have previously demonstrated that
the project-based model yields a greater interest in pursu-
ing advanced coursework than traditional statistics courses
(Dierker et al. 2018). Half of the students taking this class were
second-year undergraduates or earlier, so they still had time
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Figure 4. Multilevel linear regression with outcomes statistical intentions and per-
ceived achievement, normalized to 1, limited to students in the United States in the
replication sample from fall 2019 and winter (January) 2020 (n = 508, 20 groups).
Note: The model was formulated in the prior data and applied to these data.
These data were multiply imputed with 35 imputations. Minoritized status included
students who reported any of the following identities: Black, Hispanic, American
Indian or Alaskan Native, or Native Hawaiian or Pacific Islander. These data were
designated exempt per 45 CFR 46.104(d)(2) as research that only involves the use
of educational tests, surveys, interviews, or observations of public behavior by
Wesleyan University's Institutional Review Board (Project ID 20190701).

during their undergraduate education to take more advanced
statistics courses and choose quantitative majors; however, year
in school did not predict either statistical intentions or perceived
achievement, suggesting that students did not answer these
questions with regard to the feasibility of implementing their
intentions within their current degree program.

4.3. Statistical Software Choice

Prior experience with code-based statistical and mathematical
software (R, SAS, Stata, Matlab) was associated with pre-course
coding confidence, but prior experience with SPSS was not asso-
ciated with pre-course coding confidence. However, students
who used code-based statistical software (R, SAS, and Stata vs.
SPSS and StatCrunch) in the project-based course did not have
greater statistical intentions or perceived achievement. Project-
based statistics instructors seem to adapt their project-based
courses to students’ pre-course coding and math self-efficacy:
students with lower pre-course coding and pre-course math
self-efficacy were more likely to enroll in courses using SPSS,
which may have a less steep learning curve because it is menu-
driven. Stata can be used with either code or a graphical user
interface; although students with pre-course experience with
Stata reported greater pre-course coding and math confidence,
students with lower pre-course coding confidence were more
likely to enroll in courses using Stata. Instructors appeared to
choose their course’s statistical software by correctly anticipating
their students’ pre-course coding self-efficacy.

4.4. Strengths and Limitations

4.4.1. Statistical Strengths and Limitations
We addressed the potential for false significance due to multi-
ple comparisons by identifying factors using exploratory factor

analysis, formulating the analysis, and performing the full anal-
ysis of the data between fall 2018 and summer 2019 (n=291).
We then implemented the model with minimal changes in new,
previously unavailable data from fall 2019 and winter 2020
(n=508). The only changes between the model building and
model implementation stages were to correct oversights (omit-
ting a socioeconomic control variable from the multivariate
model and bivariate analysis of previous coding experience) and
evaluate potential effect modification.

Because a randomized experiment could not assign people
to different levels of confidence, no causal inference would be
possible even with the most rigorous statistical design, follow-
ing Paul Holland’s dictum (1986) that causation requires even
potential manipulation. However, this study did not attempt to
model the assignment mechanism to math and coding con-
fidence, or match on important factors using a propensity
matching method because of the lack of temporal ordering: for
instance, higher math or coding confidence likely contributed
to many variables examined in the bivariate analysis, such as
decisions to take statistics during high school or college, or
decisions to learn programming languages before taking the
project-based statistics.

The project-based framework was designed for a first course
in statistics for undergraduates in a selective liberal arts college.
In these data, this curriculum was used in a variety of set-
tings, including advanced statistics courses or research methods
courses for psychology, sociology, or public health, as well as
high schools (see list of course names in Appendix 2, supple-
mentary materials). We have not defined measures of interven-
tion fidelity or collected data from instructors to assess fidelity.
However, the shared materials, communication platform for
instructors, and communications platform for students at all
universities to ask questions of instructors at all universities
unify these courses.

This study could not evaluate either whether the specific
statistical software (e.g., R, SAS, SPSS, Stata, or StatCrunch) or
text-based versus graphical user interface statistics software pre-
dicted greater perceived achievement or higher statistical inten-
tions because of the endogeneity of statistical software choice.
We have seen that students may have self-selected into courses
according to their level of coding confidence and instructors at
institutions with lower average coding confidence chose graph-
ical user interface statistics software, correctly anticipating their
students’ level of coding confidence.

As with any curriculum using computation, this project-
based curriculum requires that students can access statis-
tical software on computers, in cloud-based statistical soft-
ware platforms, or in university computer labs where a cam-
pus instructional technology department has installed statis-
tical software. Instructors must also have access to comput-
ers with statistical software installed for in-class demonstra-
tions. However, students in multiple types of institutions have
been able to access computational resources to complete their
projects.

We addressed missing data using multiple imputation to
address missing data and portray variability in the missing data.
Multiple imputation assumes that data are missing at random,
which we believe is the most likely explanation for the pattern
of missing data.



4.4.2. Survey Limitations

This survey was written originally for full-time traditional-age
college students who are not employed in full-time jobs, so
the survey does not ask about labor market status, whether the
job is on a career path in a quantitative field, and whether the
curriculum helps students in their current job. Questions about
employment ask about future employment intentions, but some
students may have current employment in which they aim to
advance. This study also used a single-item measure for math
confidence, not a multi-item measure for statistical or mathe-
matical self-efficacy (Finney and Schraw 2003). However, the
single-item math confidence measure is associated with multi-
item self-efficacy measures (Parsons, Croft, and Harrison 2011)
and with achievement.

The survey did not ask students to report their grades in
their statistics course or any other academic course, and the
survey results were not linked to students’ academic records, so
we do not have any objective measure of students’ achievement
in the course. Even in the absence of objective measures of stu-
dents’ achievement, improving students’ willingness to take fur-
ther quantitative courses represents meaningful progress toward
improving racial and gender diversity in quantitative fields,
based on earlier research finding that this course attracts more
under-represented students than traditional statistics courses
(Dierker et al. 2015).

5. Conclusions

Project-based statistics courses have great potential to improve
students’ statistics self-efficacy because the project is a per-
formance accomplishment. This research reveals a confidence
disparity in gains from this project-based course. Students who
begin the course with greater coding confidence gain more
statistical intentions and have greater perceived achievements.
This research finds that minoritized students have greater gains
in statistical intentions, which concurs with past research that
suggests that the course attracts under-represented students
who may not otherwise take statistics courses and improves
their interest in further statistics courses. Experiments can eval-
uate whether students in project-based statistics courses may
benefit from using explicit confidence-building exercises at the
beginning of the course.

Supplementary Materials

In this supplement we provide results from the confirmatory factor analysis
for the Undergraduate Research Student Self-Assessment: Student Assess-
ment of Learning Gains scale; the correlation analysis and exploratory

factor analysis for the statistical intentions scale; and a list of titles of courses
implementing the project-based curriculum.
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