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Introduction

I Nolan and Temple Lang’s (2010) paper on “Computing in the
Statistics Curriculum” led many statistics educators to
advocate integrating computing in statistics courses starting
with the Introductory Statistics (Intro Stats) course.

I The need for computationally-infused statistics curriculum was
further signified by the fast-growing demands on graduates
with computational and data analytical skills who can work as
data scientists.

I As a result, a significant body of literature on integrating
computing in statistics courses emerged during the last decade
I see the JSDSE Special Issue - Horton and Hardin (2021):

“Integrating computing in the statistics and data science
curriculum: Creative structures, novel skills and habits, and
ways to teach computational thinking”.
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Study Objectives

In this study, we aim to

I introduce an Intro Stats course design that integrates
computing as a core component of the course and

I evaluate the effectiveness of such design for
I enhancing students’ statistical gains,
I boosting students’ levels of data science (DS) awareness,

aspiration, and readiness, and
I improving students’ overall course performance.
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Study Setting

I The study took place at North Carolina A&T State University
(NCA&T)

I NC A&T is a public, high-research activity land-grant university

I The largest Historically Black College and University (HBCU)
in the United States

I Medium-sized university with Fall 2022 enrollment over 13,000

I Strong focus on STEM education
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Study Setting

I “Introduction to Probability & Statistics” (MATH224)

I Algebra-based 3.00 credits course

I Serves as one of the Gen Ed courses for Mathematical, Logical,
and Analytical Reasoning (MLAR)

I Serves STEM (~46%) and non-STEM (~54%) majors

I Most students in the course are from groups underrepresented
in Statistics/DS
I ~82% are African Americans and ~69% are females

I About 7 sections each semester (~45 students in each section)
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The “Traditional” Intro Stats Course Design
I “Consensus” course content (see below)
I 3 hours of lecture per week
I Use of a calculator and/or excel for course computation
I All inference rely on distribution tables (e.g., z/t tables)
I This design prevailed at NCA&T until before Spring 2022
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Consequences of the “Traditional” Intro Stats Design

I Low statistical learning gains
I In Fall 2019, we measured students’ learning gains from the

course by the improvement in their scores on the Comprehensive
Assessment of Outcomes in a First Statistics Course (CAOS)
scale

I the average learning gain (posttest - pretest) was 5.4%
compared to a 9.1% national average (delMas et al., 2007)

I High overall course repeat rate
I The course DFW rate was 24.4%
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Opportunities for Intro Stats

I Intro Stats can (and should) help us attract and prepare a large
diverse pool of undergraduates for further Statistics and Data
Science (DS) education

I Intro Stats students are likely unaware of Statistics/DS
educational/career opportunities
I In Fall 2019, we survey our Intro Stats students (n = 181)

about their awareness and interest in DS
I Only 33.15% of students surveyed had heard about DS
I Of those, only 27.12% knew NCA&T offers DS courses and

only 18.64% knew NCA&T offers an undergrad DS certificate

9 / 55



Infusion of Data Science and Computation into Intro Stats

Guiding Literature:

I The Intro Stats course should
I introduce students to the entire data analysis cycle rather than

pieces of it (Cobb, 2015),
I expose students to multivariable thinking (GAISE #1),
I leverage the use of technology for exploring concepts with

simulations (GAISE #2),
I help students learn statistics actively while analyzing real data

using technology (GAISE #3, 4 & 5),
I train students to think structurally with data and become

data-savvy (Horton et al., 2015), and
I expose students, early and frequently, to the elements of the DS

workflow and the data scientist’s toolbox (Horton et al., 2015)
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Infusion of Data Science and Computation into Intro Stats

I Revised course content adopted in Spring 2022:
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DS/Computationally-Infused Intro Stats
I Redesigned Intro Stats Course – Phase I (Fall 2022)

I Implementation: 2 treatment sections and 2 control sections
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DS/Computationally-Infused Intro Stats: Phase I-FA22

I Interactive Shiny Pre-Lab Tutorial
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DS/Computationally-Infused Intro Stats: Phase I-FA22
I Computing Lab Description (Static)
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DS/Computationally-Infused Intro Stats: Phase I-FA22

I Computing Lab R Markdown Template
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DS/Computationally-Infused Intro Stats
I Redesigned Intro Stats Course – Phase II (Spring 2023)

I Implementation: 4 treatment sections and 2 control sections
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DS/Computationally-Infused Intro Stats: Phase II-SP23
I Interactive Computing Lab (using the learnr package)
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DS/Computationally-Infused Intro Stats: Phase II-SP23
I Slides with Interactive Coding
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DS/Computationally-Infused Intro Stats: Phase II-SP23
I Interactive R Calculator
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Evaluating the DS-Infused Intro Stats Design

I DS awareness, readiness & aspirations
I Students completed a DS awareness, readiness, and aspirations

survey in Qualtrics
I Pre-survey was completed during 1st week of semester;

post-survey was completed during second-to-last week in
semester

I Statistical learning gains
I Students completed a revised version of the CAOS scale (e.g.,

Tintle et al., 2018)
I Pre-test was completed during 1st week of semester; post-test

was completed during second-to-last week in semester

I Overall performance
I Measured by final course grade (focus on DFW rate)
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Evaluating the DS-Infused Intro Stats Design

I DS awareness, readiness & aspirations: EFA results

21 / 55



Evaluating the DS-Infused Intro Stats Design

I DS awareness, readiness & aspirations: EFA results
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Awareness of Data Science
I DS awareness gains by course design

Course Type n Mean_Pre SD_Pre Mean_Post SD_Post Mean_Diff SD_Diff
Traditional 75 0.11 0.27 0.40 0.46 0.29 0.43

DS-Infused-FA22-Design 45 0.18 0.33 0.67 0.46 0.49 0.44
DS-Infused-SP23-Design 71 0.21 0.37 0.65 0.46 0.44 0.46
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Awareness of Data Science
I DS awareness by gender

Gender = F Gender = M
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Awareness of Data Science
I DS awareness by STEM status

STEM = N STEM = Y
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Awareness of Data Science
I DS awareness by PELL status

PELL = N PELL = Y
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Awareness of Data Science
I DS awareness by pre-course GPA

GPA = <3 GPA = >=3
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Awareness of Data Science

I Gains in DS awareness: regression on course design
Regression Term Estimate LCL UCL p.value Sig.

Intercept 0.43 -0.13 0.99 0.1301 Not Sig.
Type: DS-Infused-FA22-Design 0.26 0.08 0.44 0.0050 **
Type: DS-Infused-SP23-Design 0.18 0.02 0.33 0.0230 _*

Sex: Male -0.09 -0.24 0.06 0.2439 Not Sig.
Race: Not Black -0.14 -0.32 0.04 0.1225 Not Sig.

PELL Recepient: Yes -0.21 -0.40 -0.02 0.0290 _*
Rural: Yes 0.11 -0.10 0.32 0.3135 Not Sig.

Residency: Out-of-State 0.05 -0.11 0.21 0.5109 Not Sig.
STEM: Yes -0.15 -0.29 0.00 0.0431 _*

AP Stat: Yes 0.09 -0.07 0.25 0.2813 Not Sig.
Pre-Course Cum GPA 0.00 -0.14 0.14 0.9858 Not Sig.

Attendance 0.00 0.00 0.01 0.6380 Not Sig.
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Readiness for Data Science
I Gains in DS readiness by course design

Course Type n Mean_Pre SD_Pre Mean_Post SD_Post Mean_Diff SD_Diff
Traditional 54 2.10 0.88 2.96 1.10 0.87 0.92

DS-Infused-FA22-Design 35 2.32 0.80 3.62 1.08 1.30 1.06
DS-Infused-SP23-Design 65 2.51 1.05 4.11 0.87 1.60 1.11
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Readiness for Data Science
I DS readiness by course design & gender

Gender = F Gender = M
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Readiness for Data Science
I DS readiness by course design & STEM status

STEM = N STEM = Y
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Readiness for Data Science
I DS readiness by course design & PELL status

PELL = N PELL = Y
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Readiness for Data Science
I DS readiness by course design & pre-course GPA

GPA = <3 GPA = >=3
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Readiness for Data Science

I Gains in DS readiness: regression on course design
Regression Term Estimate LCL UCL p.value Sig.

Intercept 0.94 -0.53 2.42 0.2087 Not Sig.
Type: DS-Infused-FA22-Design 0.43 -0.04 0.90 0.0740 Not Sig.
Type: DS-Infused-SP23-Design 0.84 0.46 1.22 0.0000 ****

Sex: Male -0.16 -0.54 0.22 0.4079 Not Sig.
Race: Not Black -0.21 -0.67 0.25 0.3687 Not Sig.

PELL Recepient: Yes -0.62 -1.11 -0.13 0.0130 _*
Rural: Yes -0.58 -1.10 -0.06 0.0296 _*

Residency: Out-of-State 0.30 -0.09 0.70 0.1300 Not Sig.
STEM: Yes -0.06 -0.44 0.32 0.7428 Not Sig.

AP Stat: Yes -0.27 -0.68 0.14 0.1934 Not Sig.
Pre-Course Cum GPA 0.15 -0.19 0.49 0.3932 Not Sig.

Attendance 0.00 -0.01 0.01 0.9119 Not Sig.
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Data Science Aspirations
I Level of DS aspiration by course design

Course Type n Mean_Pre SD_Pre Mean_Post SD_Post Mean_Diff SD_Diff
Traditional 81 0.22 0.36 0.33 0.50 0.11 0.50

DS-Infused-FA22-Design 47 0.37 0.51 0.30 0.50 -0.07 0.55
DS-Infused-SP23-Design 72 0.22 0.36 0.23 0.39 0.01 0.37
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Data Science Aspirations
I Level of DS aspiration by course design & gender

Gender = F Gender = M

Pre Post Pre Post

0.2

0.3

0.4

0.5

Time

M
ea

n 
A

sp
ira

tio
n 

S
co

re

Design Traditional DS−Infused−FA22−Design DS−Infused−SP23−Design

36 / 55



Data Science Aspirations
I Level of DS aspiration by course design & STEM status

STEM = N STEM = Y
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Data Science Aspirations
I Level of DS aspiration by course design & PELL status

PELL = N PELL = Y
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Data Science Aspirations
I Level of DS aspiration by course design & pre-course GPA

GPA.Binary = <3 GPA.Binary = >=3
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Data Science Aspirations

I Change in DS aspiration: regression on course design
Regression Term Estimate LCL UCL p.value Sig.

Intercept 0.05 -0.53 0.63 0.8688 Not Sig.
Type: DS-Infused-FA22-Design -0.25 -0.44 -0.07 0.0074 **
Type: DS-Infused-SP23-Design -0.10 -0.26 0.05 0.2030 Not Sig.

Sex: Male 0.04 -0.11 0.19 0.5946 Not Sig.
Race: Not Black -0.03 -0.21 0.16 0.7821 Not Sig.

PELL Recepient: Yes 0.14 -0.06 0.33 0.1645 Not Sig.
Rural: Yes -0.01 -0.22 0.20 0.9514 Not Sig.

Residency: Out-of-State -0.04 -0.20 0.13 0.6532 Not Sig.
STEM: Yes -0.04 -0.19 0.11 0.5902 Not Sig.

AP Stat: Yes 0.17 0.01 0.33 0.0426 _*
Pre-Course Cum GPA -0.07 -0.22 0.07 0.3156 Not Sig.

Attendance 0.00 0.00 0.01 0.4408 Not Sig.
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Statistical Learning Gains
I Statistical learning gains by course design

Course Type n Mean_Pre SD_Pre Mean_Post SD_Post Mean_Diff SD_Diff
Traditional 75 40.40 10.90 48.13 14.84 7.73 16.75

DS-Infused-FA22-Design 57 39.50 11.24 44.82 12.20 5.32 12.86
DS-Infused-SP23-Design 112 39.64 12.43 47.48 14.77 7.85 18.54
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Statistical Learning Gains
I Statistical learning gains by course design & gender:

Gender = F Gender = M
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Statistical Learning Gains
I Statistical learning gains by course design & STEM status:

STEM = N STEM = Y
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Statistical Learning Gains
I Statistical learning gains by course design & PELL status:

PELL = N PELL = Y
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Statistical Learning Gains

I Statistical learning gains (Change): regression on course design

Regression Term Estimate LCL UCL p.value Sig.
Intercept 0.25 -19.37 19.87 0.9800 Not Sig.

Type: DS-Infused-FA22-Design -0.82 -7.34 5.70 0.8049 Not Sig.
Type: DS-Infused-SP23-Design 0.28 -5.08 5.65 0.9172 Not Sig.

Sex: Male -1.54 -6.46 3.37 0.5373 Not Sig.
Race: Not Black 1.15 -5.53 7.84 0.7340 Not Sig.

PELL Recepient: Yes 0.69 -5.52 6.89 0.8277 Not Sig.
Rural: Yes -5.74 -12.38 0.90 0.0901 Not Sig.

Residency: Out-of-State -6.29 -11.71 -0.88 0.0229 -*
STEM: Yes 1.14 -3.68 5.95 0.6422 Not Sig.

Pre-Course Cum GPA -1.96 -6.69 2.76 0.4139 Not Sig.
Attendance 0.18 0.01 0.36 0.0408 -*
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Overall Student Performance

I Overall student performance by course design:

Course Type Grade n percent
Traditional ABC 99 72.26
Traditional DFW 38 27.74

DS-Infused-FA22-Design ABC 56 65.12
DS-Infused-FA22-Design DFW 30 34.88
DS-Infused-SP23-Design ABC 120 83.92

DS-Infused-SP23-Design DFW 23 16.08
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Overall Student Performance

I Overall student performance by course design & gender:

Course Type Gender Grade n percent
Traditional F DFW 28 30.77
Traditional M DFW 10 21.74

DS-Infused-FA22-Design F DFW 13 24.07
DS-Infused-FA22-Design M DFW 17 53.12
DS-Infused-SP23-Design F DFW 13 14.77
DS-Infused-SP23-Design M DFW 10 18.18
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Overall Student Performance

I Overall student performance by course design & STEM status:

Course Type STEM Grade n percent
Traditional N DFW 16 32.00
Traditional Y DFW 22 25.29

DS-Infused-FA22-Design N DFW 9 29.03
DS-Infused-FA22-Design Y DFW 21 38.18
DS-Infused-SP23-Design N DFW 12 20.34
DS-Infused-SP23-Design Y DFW 11 13.10
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Overall Student Performance

I Overall student performance by course design & PELL status:

Course Type PELL Grade n percent
Traditional N DFW 6 15.38
Traditional Y DFW 32 32.65

DS-Infused-FA22-Design N DFW 4 36.36
DS-Infused-FA22-Design Y DFW 26 34.67
DS-Infused-SP23-Design N DFW 4 15.38
DS-Infused-SP23-Design Y DFW 19 16.24
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Concluding Remarks

I Infusing computation and DS tools/knowledge into Intro Stats
was associated with
I significant gains in students’ levels of awareness of and

readiness for Statistics/DS education opportunities
I modest statistical learning gains (to be confirmed by further

data collection)
I substantial improvement in the course success rate

I Infusing computation and DS tools/knowledge into Intro Stats
seemed to drive some students away from aspiring for further
DS education
I This is somewhat in line with other findings in the literature

that hinted at the complexity of computing and the challenges
of integrating computing into introductory courses (e.g.,
Woodard and Lee, 2021)
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Resources for Teaching a DS-Infused Intro Stats Course

I Project’s Website on GitHub: https://introtostatncat.github.io
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Future Work

I Continue to implement, evaluate, and refine the course design

I Evaluation of students’ computational competency (e.g.,
competency in R coding)
I We are not aware of an existing tool to assess computational

competency
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