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Abstract

Despite the importance of data literacy skills for academic and professional careers,
learning these skills is a source of stress and difficulty for undergraduate students. This
study first introduces an online supplemental instruction resource to support student
learning in an introductory data analysis course at a large public university. To evaluate
its impact, we conduct a pre-registered double-blind within-subject experiment. Each
student is randomly assigned to a subset of the online supplemental instruction modules
and takes an exam assessing concepts covered by the course material and supplemented
by the modules. Access to the online supplemental instruction modules improves
student performance on exam questions, and students who engage with the modules
improve exam scores even more. We find no differential impacts based on pre-treatment
GPA or underrepresented status. A post-experiment survey suggests that the online
supplemental instruction modules are also well-received by students. This study shows
that asynchronous online supplemental instruction resources are a promising way to
support student learning in data literacy.

Introduction 1

Data literacy skills are foundational for academic and professional success and ever 2

more necessary for students’ everyday lives [1]. Addressing the challenges individuals 3

and communities face—locally, nationally, and globally—increasingly requires thinking 4

critically about empirical evidence. Learning these skills, however, is a source of stress 5

and difficulty for students across disciplines, particularly for those with high levels of 6

mathematics anxiety [2–24]. To fulfill the public mission of preparing citizens to address 7

21st-century problems, higher education institutions must respond to these challenges 8

by supporting student learning in data literacy. 9

In response, some universities have developed online supplemental instruction 10

resources (OSI) that complement course instruction during the academic term. Yet, we 11
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know little about the effects of OSI on student learning.1 Existing studies remain 12

limited by methodological challenges, including small sample sizes [27], selection 13

bias [28,29], or comparing in-person SI to OSI without a control group [30–32]. 14

Furthermore, to our knowledge, OSI interventions on data literacy have yet to be tested 15

empirically. 16

In this study, we introduce an OSI resource and show that it substantially improves 17

data literacy education.2 The OSI resource is a pre-built and self-contained series of 18

interactive modules with videos, quizzes, and summaries of key concepts. To evaluate 19

its impact, we conducted a double-blind, within-subject experiment in a social science 20

course at a large public university. 21

Five weeks before a midterm exam, we publicized OSI modules that supplemented 22

specific exam questions3 and circulated emails informing that using the resource was 23

optional but encouraged. Each student was randomly assigned to a different subset of 24

the modules in the OSI resource. Resultingly, each time a student answered a question, 25

there was a random chance that the question content was taught in modules that the 26

student could access. We then collected exam score data at the student-question level to 27

estimate the impact of our resources, with treated observations consisting of cases where 28

students answered questions about content in their assigned modules. Our design 29

includes fixed effects to control for student and question differences. 30

We find that the OSI modules significantly improved student performance on exam 31

questions, with larger effects for students who engaged more deeply with the resources. 32

Specifically, giving students access to the modules increased exam question grades by 33

3.8 percentage points. Students who viewed the modules increased their scores by 5.3 34

percentage points, and those who answered a module quiz increased their scores by 35

nearly 11 percentage points. Our results demonstrate the effectiveness of OSI as a tool 36

for improving data literacy in higher education. 37

Additionally, following existing research suggesting that OSI may benefit 38

non-traditional and underrepresented students [33–37] and students with lower academic 39

performance [38–40], we test for heterogeneous effects across student demographics. We 40

find this especially important given the diverse demographics of POLI 30 at UCSD: 41

When we conducted this experiment in the spring quarter of 2021, more than 40 percent 42

of our majors identified as underrepresented minority students. Interestingly, we find no 43

evidence that the treatment had statistically significant differential effects on students 44

based on their pre-treatment cumulative GPA or underrepresented status. 45

Finally, we collect information on students’ perceptions of the modules by 46

conducting a voluntary post-experiment survey. Although our sample size was small 47

and self-selection was likely present, an overwhelming majority reported that the 48

modules helped them learn and achieve higher grades and that they would recommend 49

the modules to other students. These descriptive findings suggest that OSI resources 50

may improve student learning and are well-received by students. 51

In addition to the OSI modules and the experimental results, our research design is 52

an important contribution. First, it provides a more ethical way of testing the effects of 53

OSI because it ensures that all students have access to OSI modules. Second, because 54

each student functions as a block within which modules are randomized, this design 55

allows for the inclusion of student fixed effects that absorb student-specific variance. 56

1Many universities have also developed in-person supplemental instruction and scholars have found
these to be largely successful [25, 26].

2This study was pre-registered before collecting outcome data at the EGAP Registry, accessible
at https://osf.io/scx6r. This study was conducted with the approval of UCSD’s Institutional Review
Board, protocol #170886, and a written form of consent was obtained from all participants.

3The exam is available in this paper’s Supplemental Information (SI) section. It contained short-
answer questions assessing students’ understanding of key concepts and ability to apply them to
real-world examples.
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Finally, the within-subject design generates more observations than traditional designs, 57

increasing statistical power. This may be especially useful for educational researchers 58

designing experiments constrained by small class sizes. 59

As demand for university graduates with proficiency in data literacy increases, 60

asynchronous OSI tools may offer a time- and cost-efficient way to support student 61

learning. The resource introduced here is pre-built and self-contained, requiring minimal 62

instructional support after its implementation. Modules can be accessed by students at 63

any time, and in any order, as needed, and interactive quizzes are self-graded. Moreover, 64

as this study reports, we find that the modules have significantly contributed to student 65

learning and that they have been well-received by students. 66

Data literacy education and course background 67

We follow the literature in understanding data literacy as “the ability to ask and answer 68

real-world questions from large and small data sets through an inquiry process” [41]. 69

Data literacy is based on core skills, such as collecting, manipulating, and interpreting 70

data, developing hypotheses, and transforming information into actionable 71

knowledge [41–44]. 72

Research shows that students in the social sciences struggle in data literacy courses 73

for various reasons. First, students often arrive with varying levels of prior exposure to 74

prerequisite mathematical concepts as well as “fixed mindsets” or preconceptions about 75

their ability to succeed [15,16]. Second, the type of learning required in data-related 76

courses is often different from other courses because learning data skills tends to be 77

more linear and cumulative [15, pg. 527]. Third, students often mistakenly assume they 78

can succeed in these classes by memorizing statistical formulae, rather than focusing 79

their efforts on understanding underlying principles and logic [15]. And fourth, many of 80

these courses have high student-to-faculty and student-to-TA ratios, which can 81

constrain instructors’ and TAs’ ability to provide the frequent, individualized feedback 82

that students need [45]. 83

At UC San Diego, the Department of Political Science requires that all of its 84

undergraduate majors take a 10-week introductory course on research methods and data 85

literacy, Political Inquiry (POLI 30). POLI 30 introduces students to the fundamentals 86

of data analysis, including instruction in statistical software, probability theory, 87

measurement, inference, research design, hypothesis testing, linear regression, and other 88

basic quantitative methods. These skills are a fundamental part of data literacy, 89

especially with respect to research methods, but do not address other aspects of data 90

literacy such as data privacy and ownership, data-driven processes, or predictive 91

modeling. 92

The course is offered every quarter (Fall, Winter, Spring, Summer) and typically 93

enrolls between 200 and 250 students each quarter during the academic year 94

(Fall-Spring). The course is taught by multiple instructors, resulting in some variation 95

in course content, but core concepts and learning outcomes remain consistent across 96

instructors. In each offering of the course during the academic year, students meet twice 97

a week for 50-minute lectures led by the course instructor, with an additional weekly 98

meeting (50 minutes) in smaller discussion sections (approximately 30 students per 99

section) led by graduate student TAs. 100

POLI 30 has double the average DFW rate (D grade, fail, or withdraw) of all courses 101

in the Political Science curriculum. This is perhaps not surprising, given extant research 102

on how and why social science students struggle in data courses. The authors of this 103

study have witnessed this firsthand while teaching POLI 30. Many students who enroll 104

in the course exhibit low confidence in their ability to learn its content, and 105

demonstrate high levels of stress and anxiety. Given the fast-paced nature of the 106
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Fig 1. User interface of OSI modules as seen on Canvas. Left screenshot is from
the Canvas menu showing the Research Questions, Theories, and Hypotheses module.
Right screenshot is from the Research Questions, Theories, and Hypotheses video.

10-week quarter system, students typically struggle to keep up with the content, an 107

issue exacerbated by the cumulative nature of learning in the course where mastery of 108

new knowledge and skills is contingent on mastery of earlier material. The challenges 109

faced by students in learning such core skills have motivated us to develop supplemental 110

material to support their learning. 111

Foundations of data analysis for social science 112

To address the challenges of data literacy education, we created an asynchronous OSI 113

resource, “Foundations of Data Analysis for Social Science.” The OSI resource contains 114

ten modules, four of which are tested in our experiment. The modules focus on 115

foundational data literacy topics students have historically struggled with: (1) 116

Introduction, (2) Research Questions, Theories, and Hypotheses, (3) Introduction to 117

Variables, (4) Confounding and Intervening Variables, (5) Research Design, (6) 118

Introduction to Inference, (7) Hypothesis Testing, (8) Regression Analysis, (9) Working 119

with Data, and (10) Visualizing Data. Modules 3-6 are tested in our experiment, with 120

each student obtaining access to a random subset of two modules from the start of the 121

course until the midterm exam. Modules 1 and 2 were accessible to all students since 122

the course started, and modules 7-10 were not taught during the first half of the course 123

when we implemented the experiment. After the midterm exam, all students were given 124

access to all ten modules. This constrained our ability to test the efficacy of additional 125

modules but was necessary so that students had full support for the final exam.4 126

Each of the content-based modules includes: (1) a brief textual overview of the 127

module’s content and learning outcomes; (2) one or more short videos (approximately 128

seven to ten minutes) that embed concepts within a motivating social or political 129

problem, focus on addressing misconceptions, and explain the logic underlying concepts; 130

(3) a brief textual summary or “recap” of the module with links to additional 131

supplementary materials for students to “dig deeper,” (4) a “knowledge 132

check”—interactive quiz(zes) with feedback to assess how well students understood the 133

module, and (5) a “reflection” opportunity that invites students to identify what they 134

have learned and provide feedback on the module. Fig 1 displays the user interface of 135

one of the modules and a screenshot from an instructional video. 136

All modules begin with a clear statement of learning outcomes, which aligns with 137

research on effective pedagogy [46,47]. Following previous research on teaching data 138

literacy [15,16] and effective pedagogy [46,48], the modules are designed to introduce 139

fundamental concepts in an intuitive way, rather than a more math-heavy or highly 140

technical approach. The modules introduce real-world problems to motivate the logic 141

underlying key concepts, address common misconceptions, and provide examples that 142

highlight the potential applications of key concepts. 143

Building on research from cognitive science [48] and multimedia learning [49], as well 144

as guidance from educational and technology specialists at UCSD, videos were kept 145

relatively short (approximately seven to ten minutes) and were filmed in UCSD’s 146

professional studio. Each video is accompanied by a “quick recap” that briefly 147

summarizes the main learning objectives of the video as recommended by prior research 148

in this area [27,45,46,48,50]. Module summaries are then followed by “knowledge 149

checks” (i.e., quizzes) that provide students with opportunities to check their mastery of 150

4See S1 Appendix for details on the content of each module.
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the module’s concepts. Knowledge check questions were carefully designed to probe 151

common misconceptions and question banks were created to enable students to take 152

multiple self-tests with immediate feedback on their level of mastery. The pedagogical 153

value of providing students self-testing opportunities with prompt formative feedback is 154

well established in the literature on human cognition [45,46, 48, 48, 50], but as discussed 155

above, is often challenging to implement in large-enrollment courses such as POLI 30. 156

The final section of each module asks students to reflect on their learning and to provide 157

feedback on the module itself—both of which are pedagogical practices that research has 158

demonstrated deepen learning, improve retention, and build metacognitive skills [46, 48]. 159

Questions include: (1) “What are your main takeaways from this module?” (2) “What 160

questions remain for you?” (3) “Do you have any feedback about this module to share? 161

How can this module be improved?” and (4) “Please rate your agreement with the 162

following statements,” with statements including (a) “I found this module helpful,” (b) 163

“The video(s) in this module improved my understanding of this module’s content,” and 164

(c) “The knowledge check(s) in this module improved my understanding of this 165

module’s content.” Questions 3 and 4 were added after we conducted our experiment, 166

but we include them here as a recommendation for obtaining low-effort student 167

feedback, as students may not want to spend the time to answer open-ended questions. 168

Beyond these common elements of each module, the modules themselves are 169

generally ordered from more foundational to more complex concepts. Depending on 170

their needs, students are free to engage with modules in whichever order they choose. 171

For ease of use, we chose to host the modules on UCSD’s central learning management 172

system (LMS), Canvas. Canvas is an online learning management system (LMS) 173

developed by Instructure5 and used by universities, educators, and students to manage 174

and access course content, and is the default LMS at UCSD. This has the additional 175

benefit of being able to share the resources broadly beyond UCSD using the “Canvas 176

Commons” platform. At the time of writing this paper, the modules are available to all 177

students in the University of California system via Canvas Commons. In typical 178

offerings of POLI 30, students have access to all ten modules on a single Canvas course 179

via a “join” link during the first week of the quarter. Once students join the OSI 180

Canvas “course”, the modules populate their home Canvas page as a separate course. In 181

our study, students received weekly email reminders to access the OSI resources to 182

support their learning and help them prepare for exams. S5 Appendix shows descriptive 183

statistics about student use of the modules. We find that that students were generally 184

motivated to view OSI pages but not as willing to answer quiz questions. 185

While the modules were designed by the authors, four of whom have been section 186

leaders for POLI 30, we sought additional feedback to ensure the validity of the module 187

content. First, we had four faculty members who teach POLI 30 regularly review the 188

materials.6 We also received support from education specialists at the UCSD Teaching 189

and Learning Commons and Education Technology Services. Finally, to improve 190

accessibility and ease of use, we recruited five undergraduate research apprentices (RAs) 191

who had recently taken POLI 30 to provide feedback and suggestions to ensure that the 192

language in the modules was accessible and engaging for undergraduate students. 193

Materials and methods 194

To evaluate the impact of the modules on student learning, we conducted a 195

pre-registered double-blind experiment using a within-subject design. First, we designed 196

a midterm exam where each question evaluated student knowledge on course material 197

that was supplemented by a corresponding OSI module. This ensured that no student 198

5https://www.instructure.com/
6Dan Butler, Scott Desposato, Peter Galderisi, and Thad Kousser.
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was disadvantaged since the midterm questions could be answered with just course 199

material. We then randomly assigned each student to a subset of the OSI modules by 200

giving them access to a Canvas page that only included the modules they were assigned. 201

This means that students only received the treatment for some exam questions and not 202

others. Thus, for any given student, an untreated exam question tested their knowledge 203

on a topic that was presented in standard course material (textbook, lectures, discussion 204

sections, and office hours), but for which they did not have access to the relevant OSI 205

module. By contrast, a treated question tested a student’s knowledge on a topic 206

presented in both standard course material and the corresponding OSI module. This 207

design assured that each student had the opportunity to engage with two out of four 208

supplementary modules. 209

Our sample consists of undergraduate students at UCSD who were enrolled in the 210

course during Spring term of 2021, excluding those who opted out or did not take the 211

midterm exam. All students who consented to participating in the experiment were 212

assigned to treatment, including students who enrolled late. For the purposes of the 213

experiment, we created six different Canvas courses, one for each treatment group. 214

Students enrolled in POLI 30 during the Spring quarter of 2021 were randomly assigned 215

to one of these six treatment groups. Students were introduced to the study and the 216

opt-out IRB form during week 1 of the quarter. 217

Two modules were available for every treatment group: the module that introduced 218

the resources and a module on research questions, theories, and hypotheses (these 219

contain foundational knowledge and are therefore crucial to understanding subsequent 220

modules). Each treatment group was also provided access to two additional modules 221

randomly selected from a set of four (Introduction to Variables, Confounding and 222

Intervening Variables, Research Design, and Introduction to Inference), with each 223

treatment group having access to a different set of modules. Table 1 shows a complete 224

description of access to modules by treatment group. 225

Table 1. Access to modules by treatment group. All groups had access to the
Introduction and Research Questions, Theories, and Hypotheses modules. Each group
was then randomly given access to two of the four remaining modules.

Treatment Group

Module 1 2 3 4 5 6
Introduction x x x x x x
Research Questions, Theories, and Hypotheses x x x x x x
Introduction to Variables x x x
Confounding and Intervening Variables x x x
Research Design x x x
Introduction to Inference x x x

Students were provided with access to their respective Canvas pages during the first 226

week of the course and were notified about materials both via email and in class. 227

Students were also aware that the effectiveness of the resource was being tested, but not 228

aware of design details, including their treatment group. Students were sent invitations 229

to their Canvas page multiple times in the weeks leading up to the midterm exam. It is 230

important to note that students were encouraged, but not required, to use the 231

supplementary materials, and no additional incentives (e.g., extra credit points) were 232

awarded for their use. Moreover, because we controlled access to the Canvas pages, 233

students could not access the Canvas pages for other treatment groups. 234

A particular strength of our design is that it was double-blind. Neither the students 235

nor the instructors (professor and TAs) were aware of the treatment assignment of each 236

student. We also did not provide instructors access to the Canvas pages or OSI modules 237
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to prevent them from adjusting their teaching given the contents of the OSI modules. 238

Five weeks into the 10-week course, students took a midterm exam worth 20% of the 239

course grade. The midterm exam (included in S2 Appendix) consisted of 18 questions, 240

13 of which are the focus of our impact evaluation. Four questions (1a-1d) asked about 241

course content that was not covered by the supplemental resources, and one (2a) asked 242

about content taught in the “Research Questions, Theories, and Hypotheses” OSI 243

module, which was available to all six treatment groups. Consequently, these questions 244

were dropped from our study. By limiting ourselves to this subset of 13 questions, we 245

limit our analysis to questions that focused on content covered in the OSI materials and 246

that were available to some treatment groups, but not others. S6 Appendix presents 247

descriptive statistics about student performance on exam questions. Table 2 shows a 248

complete description of how modules and questions overlap. Question 3a asks about 249

information covered by two modules, which should bias our estimates towards zero. 250

Table 2. Exam questions and OSI modules. Mapping between material covered in
each module and material covered in each exam question.

Q2 Q3 Q4 Q5

Module b c d a b a b c d a b c d
Introduction
Research Questions, Theories, and Hypotheses
Introduction to Variables x x x
Confounding and Intervening Variables x x
Research Design x x x x x
Introduction to Inference x x x x

The unit of observation in this study is student-question. Treated units include those 251

questions answered by students who had access to a relevant OSI module. Untreated 252

units include student answers to questions covered by OSI material but not available to 253

them. The main advantage of this research design is that errors associated with 254

differences in skill and effort between students are reduced—each student acts as their 255

own control group. 256

In total, there were 216 students enrolled in the course during the first week of the 257

quarter. Of those, 189 students took the midterm exam. Forty-six students were 258

dropped from the study either because they opted out or were minors at time of consent. 259

Thus, our study includes 143 students and our student-question data set contains 1,859 260

observations (143 students × 13 questions). Treatment groups ranged in size from 18 to 261

28. We chose to evaluate the impact of the supplementary material on midterm exam 262

performance so that students could have full access to the modules for the remainder of 263

the quarter after they took the exam. 264

The exams were graded by five Political Science PhD students using the Gradescope 265

application, with each PhD student grading the same set of questions across all 266

students. To ensure consistency, we created a detailed rubric for each question and 267

trained each grader on the grading rubric. Questions 3a and 3b were graded by one of 268

the co-authors of this study, and all remaining questions were graded by PhD students 269

serving as TAs for POLI 30, none of whom were directly involved in the study. TAs 270

were not aware of treatment assignments when grading. TAs also had no access to the 271

online modules, which eliminates the concern that they would modify their teaching to 272

fit the material covered by the modules. As a robustness check, we conducted our 273

impact evaluation with a subsample that excludes questions 3a and 3b to account for 274

potential sources of bias. Results of this robustness check, shown in S7 Appendix, are 275

consistent with the main results. 276

Several strengths of the research design are worth highlighting. First, designing the 277

midterm allows us to measure the effects on specific learning outcomes, rather than 278
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effects on overall course or exam grades, enabling us to provide direct evidence that the 279

modules affect the specific outcomes for which they were intended. Second, the 280

within-subject design offers various strengths that have been highlighted by the 281

literature [51,52]. It provides a more ethical way of testing the effects of OSI than 282

alternative experimental designs since it ensures that all students receive some randomly 283

determined subset of modules. That is, it was not the case that some students were 284

given access while others were not. Additionally, the within-subject design increases the 285

number of observations since each student is observed multiple times, increasing 286

statistical power. It also allows for the inclusion of student fixed effects, which absorb 287

student-specific variance. If student performance across outcomes looks very different 288

from one student to another, then this fixed effect becomes a good predictor of the 289

outcome and leads to more precisely estimated estimates. Finally, the within-subject 290

design allows us to better detect student-level heterogeneity across subgroups of 291

students since the individual treatment effects can be estimated for each student. 292

OSI availability 293

Our experiment was implemented as an encouragement design where the assignment to 294

treatment was randomized but treatment compliance was not obligatory. As a result, 295

non-compliance (students having access to but not using the OSI modules) is present, 296

meaning we cannot estimate the average treatment effect (ATE). We therefore first 297

estimate the intent-to-treat effect (ITT); that is, the effect of having access to the 298

instructional materials on exam question scores. We use OLS linear regression to 299

estimate the ITT. 300

We estimate the regression using question-student level data. The regression model 301

is: 302

Yiq = βTreatmentAssignmentiq + γi + λq + ϵiq (1)

where q denotes each question and i denotes each student. β is the causal coefficient 303

of interest. Yiq denotes student performance on each exam question, which we measure 304

using both percentages (0%-100%) and standardized scores. The treatment is a dummy 305

variable indicating whether student i had access to supplemental modules addressing 306

question q. γi are student fixed effects, and λq are question fixed effects. The exam 307

question fixed effects should absorb any differences in grading across exam questions as 308

well as factors that affect each question equally across students. For models that 309

measure the dependent variable as standardized scores we do not include question fixed 310

effects. Additional models with student-specific controls are included in S7 Appendix 311

and are consistent with the main results. 312

Student fixed effects control for any time-invariant observable or unobservable 313

student-specific characteristic. The within-subject design means that each student acts 314

as their own control group, allowing us to estimate within-subject variation in outcomes 315

when they received treatment versus when they did not. Finally, because our treatment 316

is assigned at the student level, we cluster the standard errors at the student level for all 317

models. As a robustness check, we conduct randomization inference (shown in S3 318

Appendix) and find that our main estimate is larger than 99.68% (p− value = 0.0032) 319

of the 5,000 placebo estimates. 320

One concern may be spillover effects—students accessing OSI modules they were not 321

assigned—which would violate identification assumptions and bias the estimates. We 322

believe this is unlikely because students could not access OSI modules they were not 323

assigned. Still, students may have shared their modules with other students. This also 324

seems improbable because students would have needed either to share their confidential 325

university username and passwords, or physically show the modules on their computers 326
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to other students. Because the experiment was conducted during the Covid-19 327

pandemic when courses were virtual, university facilities were closed, and many students 328

were not living on campus, this seems unlikely. Even if spillover was present, this would 329

mean students may have improved their scores for control questions, which would bias 330

our estimates towards zero. In other words, even if spillover effects were present, they 331

would bias estimates against finding treatment effects. 332

OSI compliance 333

The ITT does not tell us the effect of students using the OSI resource on student 334

learning, which is of great interest. By hosting the OSI modules on Canvas, we were 335

able to collect information on treatment compliance—students engaging with the 336

modules they were assigned. Yet, simply regressing module use on student outcomes 337

would result in biased results because compliance is likely endogenous. Indeed, we find 338

suggestive evidence of this: there is a positive correlation between pre-treatment GPA 339

and engagement with the resource and suggestive evidence that underrepresented 340

students engaged more with the resource, though neither of these differences are 341

statistically significant. 342

Nevertheless, information on compliance does enable us to estimate the causal effect 343

of the OSI resource on compliers, or the local average treatment effect (LATE) for 344

compliers, also called the complier average causal effect (CACE), which estimates the 345

average treatment effect (ATE) for compliers [53, Ch. 5]. In this study, the LATE is 346

especially useful because it estimates the effect of the OSI resource on students who 347

engaged with the resource. 348

We measure compliance in two ways (see Table 3 for descriptive statistics). First, we 349

measure compliance by whether students viewed at least one OSI module at least once. 350

This is a conservative measure that simply identifies whether a student was exposed to 351

the treatment by looking at the modules available to them. Of the 182 students in the 352

dataset, 122 students viewed at least one page. Second, we measure compliance by 353

whether a student completed at least one quiz. Of the 182 students, 93 completed at 354

least one module quiz. This measure aligns more with our conceptual understanding of 355

the treatment: actual engagement with the OSI modules. However, we interpret this 356

second measure with caution as it categorizes students that used the OSI modules 357

without answering quiz questions as noncompliers. 358

Since compliance is endogenous to student-specific characteristics, we estimate the 359

LATE with an instrumental variables (IV) design [53, 157-160] where we regress the 360

outcome on the treatment compliance, using treatment assignment as an instrument for 361

treatment compliance. We use the two-stage least squares (2SLS) to estimate the LATE. 362

The first stage is: 363

Treatediq = β1TreatmentAssignmentiq + γi + λq + ϵiq (2)

where TreatmentAssignmentiq denotes whether student i had access to online 364

supplemental modules addressing question q. Treatediq denotes whether student i used 365

online supplemental modules addressing question q. Results for the first stage show that 366

the treatment assignment is a valid and strong instrument for whether students used 367

the modules. We report the results of the first stage in S4 Appendix. 368

In the second stage, we regress the outcome on the fitted values from the first stage: 369

Yiq = β2
ˆTreatediq + γi + λq + eiq (3)

The coefficient of interest is Yiq, which estimates the LATE. The reduced form for 370

this instrumental variable is the ITT analysis from the previous section. 371
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Table 3. Summary statistics. Student-level summary statistics: modules use, GPA,
exam question scores, and underepresented student status.

Variable N Mean Median Std. Dev. Min Max

Page views 143 29.25 24.00 27.93 0.00 141.00
Quiz completions 143 2.64 3.00 2.90 0.00 8.00
Incoming GPA 141 3.48 3.61 0.50 1.10 4.00
Exam Question Score 143 78.10 80.77 13.26 29.21 98.97

Variable N Perc.

Viewed ≥ one page 143
... Yes 117 81.8%
... No 26 18.2%
Completed ≥ one quiz 143
... Yes 73 51%
... No 70 49%
URM Status 131
... Not URM 92 70.2%
... URM 39 29.8%

Heterogeneous effects 372

To explore heterogeneous effects, also known as treatment-by-covariate effects [53, Ch. 373

9] or conditional average treatment effects (CATE), we obtained de-identified student 374

information on cumulative GPA prior to taking POLI 30 and minority student status. 375

While we pre-registered the model specification presented here, we did not pre-register 376

the particular student-specific covariates to be analyzed as there was uncertainty about 377

which student-specific information would be made available to us by UCSD. The 378

student-specific information we received from UCSD was anonymized so that we could 379

not identify individual participants. The results should therefore be considered 380

exploratory. Table 3 shows descriptive statistics for these variables. 381

We estimate heterogeneous effects using linear regression: 382

Yiq = δTreatmentAssignmentiq × StudentChari + γi + λq + ϵiq (4)

where StudentChari denotes the student-specific characteristic for which we have 383

data (underrepresented or pre-treatment cumulative GPA). The interaction between 384

this variable and the treatment assignment allows us to estimate the heterogeneous 385

effects of interest, making δ the main coefficient of interest. 386

Results 387

We find that access to the OSI modules significantly increased student performance. Fig 388

2 visualizes the main results using exam question scores in percent as the outcome 389

variable. On average, having access to the modules increased question scores by 3.8 390

percentage points, which translates to an increase of 0.14 standard deviations. While 391

these estimates may appear small, they translate to about one third of a letter grade 392

increase in the overall exam grade. That is, the average effects suggest that if students 393

had access to the treatment for all four modules, their exam grades would have 394

increased by 3 points out of 100. Further, point estimates from the LATE analysis of 395

compliers suggest that questions scores were 5.3 points higher when students viewed at 396

least one page related to that question, and nearly 11 percentage points higher when 397
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Fig 2. Coefficient plot of main results. Plot shows point estimates from the main
results using exam question scores in percent as the outcome measure with 90% and
95% confidence intervals represented with thick and thin lines, respectively. From top to
bottom, plot shows effect of OSI availability (ITT) and OSI use (LATE) measured as
viewing a page and completing a quiz, respectively, and effects of OSI availability
conditional on student GPA and underrepresented status (URM) on exam question
scores. Analysis includes student and question fixed effects. Robust standard errors are
clustered at the student level. ITT = Intent to treat. LATE = Local average treatment
effect. URM = student underrepresented status.

students completed at least one quiz. Finally, we do not find evidence that treatment 398

effects varied across students depending on their pre-treatment cumulative GPA or 399

underrepresented status. 400

Table 4 shows the full regression output of the main results for both ITT and LATE 401

estimations using both measures of the outcome variable. Models 1 and 4 show the 402

results for OSI availability (ITT), while Models 2, 3, 5, and 6 show the second stage 403

results for OSI compliance (LATE) using both measures of compliance (viewing a page 404

and completing a quiz). For the IV-2SLS models, we estimate the first-stage 405

cluster-robust F statistics and find that they are above conventional levels for a strong 406

instrument, meaning that the treatment assignment is a valid instrument for both 407

measurements of compliance (F = 425.8 for page views and F = 116.3 for quiz 408

completion). The instrument being randomly assigned as part of an experimental design 409

further validates its use. We report results for the first stage in S4 Appendix. 410

Table 4. Main results. Effects of OSI on student grades in exam questions. Models
1-3 use question grades in percent as outcome measure. Models 4-6 use standardized
question grade as outcome measure. Models 1 and 4 estimate the ITT, models 2 and 4
estimate the LATE using module view as compliance, models 3 and 6 estimate the
LATE using quiz taking as compliance.

Question Score
Percent Standardized

(1) (2) (3) (4) (5) (6)

OSI Available 3.801∗∗∗ 0.143∗∗∗

(1.371) (0.050)

OSI Compliance - viewed a page 5.325∗∗∗ 0.198∗∗∗

(instrumented) (1.870) (0.069)

OSI Compliance - completed a quiz 10.943∗∗∗ 0.418∗∗∗

(instrumented) (3.886) (0.146)

Model OLS IV-2SLS IV-2SLS OLS IV-2SLS IV-2SLS
Student FE Yes Yes Yes Yes Yes Yes
Question FE Yes Yes Yes No No No
Observations 1,859 1,859 1,859 1,859 1,859 1,859
R2 0.466 0.465 0.461 0.257 0.255 0.250

Note: Standard errors clustered by student in all models.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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As expected, the LATE estimates are larger than the ITT estimates, and LATE 411

estimates for compliance measured as quiz-taking are larger than those of compliance 412

measured as exposure to the treatment. Fig 2 and Table 4 show that giving students 413

access to OSI resources improved question scores (Models 1 and 4), and the effect was 414

larger for students who viewed the resource (Models 2 and 5), and even larger for 415

students who engaged with it (Models 3 and 6). This suggests that the OSI modules 416

help students more the more they engage with them. 417

Table 5 shows full regression output for heterogenous effects. We find that the 418

direction of both interaction estimates are positive, perhaps suggesting that students 419

with higher GPAs and underrepresented students benefited more from the modules. 420

However, the estimates are not statistically significant at any conventional level. We 421

therefore find no evidence that the modules had differential impacts on students 422

depending on their GPAs or underrepresented status. 423

Table 5. Heterogeneous treatment effects. Treatment-by-covariate effects of OSI
access on exam question grades given students’ incoming cumulative GPA and
underrepresented minority status. Models 1 and 2 use question grade in percent as
outcome. Models 3 and 4 use standardized question grade as outcome.

Question Score
Percent Standardized

(1) (2) (3) (4)

OSI Available −3.861 3.343∗∗ −0.177 0.134∗∗

(9.543) (1.570) (0.353) (0.059)

OSI Available × GPA 2.197 0.092
(2.620) (0.097)

OSI Available × URM 2.136 0.059
(3.464) (0.130)

Student FE Yes Yes Yes Yes
Question FE Yes Yes No No
Observations 1,833 1,703 1,833 1,703
R2 0.469 0.465 0.258 0.255

Note: Standard errors clustered by student in all models.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.

Survey results 424

In addition to encouraging empirical results, we received positive feedback from 425

students. We conducted a survey at the end of the POLI 30 course to elicit student 426

views on the course and the supplemental modules. While the sample is relatively small, 427

it suggests that the modules were well-received. 428

Of those who answered the survey, 17 out of 19 respondents reported using the 429

resources. All 17 of these students reported that the resources were helpful (Yes/No 430

question, “Did you find these resources helpful?”) Further, on a scale of 0-5, where 0 431

indicates “strongly disagree” and 5 indicates “strongly agree,” students generally agreed 432

that the resources helped them get a better grade (mean = 4, range = 3-5); that they 433

would recommend these resources to future POLI 30 students (mean = 4.53; range = 434

3-5), and that they would like to continue having access to the materials (mean = 4.63; 435

range = 3-5). 436
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Discussion 437

This study presents a successful effort to improve undergraduate data literacy education 438

by complementing a data course with asynchronous OSI. Using a pre-registered 439

experimental design, we find that OSI resources significantly improve student learning, 440

and that all students benefit equally regardless of their prior academic performance or 441

minority student status. Moreover, point estimates suggest that the benefits for student 442

learning are greater the more deeply students engage with the OSI resources. 443

Our findings carry important implications for instruction in data literacy in higher 444

education. As many colleges and universities struggle to support the development of 445

students’ data literacy skills in increasingly resource constrained environments, this 446

study provides compelling evidence that asynchronous OSI can provide a time- and 447

cost-efficient means of improving student learning in this critical area. 448

An important caveat is that the study was implemented during the Covid-19 449

pandemic when classes were held entirely remotely. Future research could study the 450

effect of OSI resources on student learning when classes are held in-person, as 451

engagement may differ in important ways. For example, students might have gained 452

more from the resources if they had the opportunity to sit together to work on quizzes 453

and discuss instructional videos. On the other hand, remote instruction may have made 454

it more natural for students to learn from online modules, given that online instruction 455

was the default setting for the class. Furthermore, while we provide evidence that these 456

resources strengthen data literacy skills in an introductory course, further research is 457

needed to examine their downstream effects, for example, on performance in subsequent 458

advanced courses, GPA, graduation, and labor market outcomes. 459

To conclude, given the importance of data literacy and the difficulties students face, 460

we present evidence that OSI resources such as ours can play an important role in 461

supporting student learning and closing achievement gaps. They may also benefit 462

faculty and TAs who teach these courses, especially those in resource-constrained 463

environments often shaped by high student-to-TA and faculty ratios. We hope these 464

materials are widely shared, replicated, or used to inspire new projects to support 465

student learning in this critical area of higher learning. 466
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9. Núñez-Peña MI, Suárez-Pellicioni M, Bono R. Effects of math anxiety on student
success in higher education. International Journal of Educational Research.
2013;58:36–43.

10. Yang S, Hazlehurst J, Taniguchi DA. Cats Teach Stats: An Interactive Module to
Help Reduce Anxiety When Learning Statistics in Biology. The American
Biology Teacher. 2021;83(8):542–544. doi:10.1525/abt.2021.83.8.542.

January 25, 2024 14/17



11. Flanagan K, Einarson J. Gender, math confidence, and grit: Relationships with
quantitative skills and performance in an undergraduate biology course.
CBE-Life Sciences Education. 2017;16(3).

12. Speth EB, Momsen JL, Moyerbrailean GA, Ebert-May D, Long TM, Wyse S,
et al. 1, 2, 3, 4: Infusing Quantitative Literacy into Introductory Biology.
CBE-Life Sciences Education. 2010;9(3):323–332.

13. Feser J, Vasaly H, Herrera J. On the edge of mathematics and biology
integration: improving quantitative skills in undergraduate biology education.
CBE-Life Sciences Education. 2013;12(2):124–128.

14. Payne G, Williams M. In: How to teach the reluctant and terrified to love
statistics: The importance of context in teaching quantitative methods in the
social sciences. Sage Publications; 2011. p. 85–98.

15. Buchler J. Teaching Quantitative Methodology to the Math Averse. PS: Political
Science & Politics. 2009;42(3):527–530.

16. Adriaensen J, Kerremans B, Slootmaeckers K. Editors’ Introduction to the
Thematic Issue: Mad about Methods? Teaching Research Methods in Political
Science. Journal of Political Science Education. 2015;11(1):1–10.
doi:10.1080/15512169.2014.985017.

17. Slocum-Schaffer SA, Bohrer RE. Information Literacy for Everyone: Using
Practical Strategies to Overcome ‘Fear and Loathing’in the Undergraduate
Research Methods Course. Journal of Political Science Education.
2021;17(sup1):363–379.

18. Brown DS, Bryant KV, Philips AQ. Integrating the Use of Statistical Software
into Undergraduate Political Methodology Courses. PS: Political Science &
Politics. 2022;55(1):210–215.

19. Harden JJ, Esarey JE. Introduction to the Symposium on Teaching Political
Methodology. PS: Political Science & Politics. 2022;55(1):203–205.

20. Ralston K. ‘Sociologists shouldn’t have to study statistics’: Epistemology and
anxiety of statistics in sociology students. Sociological Research Online.
2020;25(2):219–235.

21. Macheski GE, Buhrmann J, Lowney KS, Bush ME. Overcoming student
disengagement and anxiety in theory, methods, and statistics courses by building
a community of learners. Teaching Sociology. 2008;36(1):42–48.

22. DeCesare M. “Statistics anxiety” among sociology majors: A first diagnosis and
some treatment options. Teaching Sociology. 2007;35(4):360–367.

23. Conners FA, McCown SM, Roskos-Ewoldson B. Unique challenges in teaching
undergraduates statistics. Teaching of Psychology. 1998;25(1):40–42.

24. Dempster M, McCorry NK. The role of previous experience and attitudes toward
statistics in statistics assessment outcomes among undergraduate psychology
students. Journal of Statistics Education. 2009;17(2).

25. Dawson P, van der Meer J, Skalicky K, Cowley K. On the Effectiveness of
Supplemental Instruction: A Systematic Review of Supplemental Instruction and
Peer-Assisted Study Sessions Literature Between 2001 and 2010. Review of
Educational Research. 2014;84(4):609–639.

January 25, 2024 15/17



26. Ogden P, Thompson D, Russell A, Simons C. Supplemental Instruction: Short-
and Long-Term Impact. Journal of Developmental Education. 2003;26(3):2.

27. Moradi M, Liu L, Luchies C, Patterson MM, Darban B. Enhancing
Teaching-Learning Effectiveness by Creating Online Interactive Instructional
Modules for Fundamental Concepts of Physics and Mathematics. Education
sciences. 2018;8(3):109.

28. Paloyo AR. A note on evaluating supplemental instruction. Journal of Peer
Learning. 2015;8(1):1–4.

29. Bowman NA, Preschel S, Martinez D. Does supplemental instruction improve
grades and retention? A propensity score analysis approach. The Journal of
Experimental Education. 2021;91(2):1–25.

30. Spaniol-Mathews P, Letourneau LE, Rice E. The Impact of Online Supplemental
Instruction on Academic Performance and Persistence in Undergraduate STEM
Courses. Grantee Submission. 2016;2(1):19–32.

31. Hizer SE, Schultz PW, Bray R. Supplemental Instruction Online: As Effective as
the Traditional Face-to-Face Model? Journal of Science Education and
Technology. 2017;26(1):100—115.

32. Zvoch K, Letourneau LE, Spaniol-Mathews P. The Effect of Supplemental
Instruction on STEM Course Performance. American Journal of Distance
Education. 2023;0(0):1—15.

33. Peterfreund AR, Rath KA, Xenos SP, Bayliss F. The Impact of Supplemental
Instruction on Students in Stem Courses: Results from San Francisco State
University. Journal of College Student Retention: Research, Theory & Practice.
2008;9(4):487–503. doi:10.2190/CS.9.4.e.

34. Rabitoy ER, Hoffman JL, Person DR. Supplemental Instruction: The Effect of
Demographic and Academic Preparation Variables on Community College
Student Academic Achievement in STEM-Related Fields. Journal of Hispanic
Higher Education. 2015;14(3):240–255. doi:10.1177/1538192714568808.

35. Rath KA, Peterfreund AR, Xenos SP, Bayliss F, Carnal N. Supplemental
Instruction in Introductory Biology I: Enhancing the Performance and Retention
of Underrepresented Minority Students. CBE - Life Sciences Education.
2007;6(3):203–216. doi:10.1187/cbe.06-10-0198.

36. Buchanan EM, Valentine KD, Frizell ML. Supplemental Instruction:
Understanding Academic Assistance in Underrepresented Groups. The Journal of
Experimental Education. 2019;87(2):288–298.
doi:10.1080/00220973.2017.1421517.

37. Yue H, Rico RS, Vang MK, Giuffrida TA. Supplemental Instruction: Helping
Disadvantaged Students Reduce Performance Gap. Journal of Developmental
Education. 2018;41(2):18–25.

38. Congos DH, Schoeps N. Does Supplemental Instruction Really Work and What
Is It Anyway? Studies in Higher Education. 1993;18(2):165–176.
doi:10.1080/03075079312331382349.

39. Ramirez M. Supplemental Instruction: The Long-Term Impact. Journal of
Developmental Education. 1997;21(1):2–8.

January 25, 2024 16/17



40. Skoglund K, Wall TJ, Kiene D. Impact of Supplemental Instruction Participation
on College Freshman Retention. Learning Assistance Review. 2018;23(1):115–135.

41. Wolff A, Gooch D, Montaner JJC, Rashid U, Kortuem G. Creating an
understanding of data literacy for a data-driven society. The Journal of
Community Informatics. 2016;12(3):9–26.

42. Mandinach EB, Gummer ES. A systemic view of implementing data literacy in
educator preparation. Educational Researcher. 2013;42(1):30–37.

43. Gummer ES, Mandinach EB. Building a conceptual framework for data literacy.
Teachers College Record. 2015;117(4):1–22.

44. Gould R. Data literacy is statistical literacy. Statistics Education Research
Journal. 2017;16(1):22–25.

45. Brown P, Roediger H, McDaniel M. Make It Stick: The Science of Successful
Learning. Cambridge, MA: Harvard University Press; 2014.

46. Ambrose SA, Bridges MW, DiPietro M, Lovett MC, Norman MK. How learning
works seven research-based principles for smart teaching. San Francisco, CA:
Jossey-Bass; 2010.

47. Nilson LB. Teaching at its best: A research-based resource for college instructors.
John Wiley & Sons; 2016.

48. National Research Council. How People Learn: Brain, Mind, Experience, and
School: Expanded Edition. Washington, DC: The National Academies Press;
2000.

49. Mayer RE. Incorporating Motivation into Multimedia Learning. Learning and
Instruction. 2014;29:171–173. doi:10.1016/j.learninstruc.2013.04.003.

50. Roediger HL, Karpicke JD. Test-Enhanced Learning: Taking Memory Tests
Improves Long-Term Retention. Psychological Science. 2006;17(3):249–255.
doi:10.1111/j.1467-9280.2006.01693.x.

51. Clifford S, Sheagley G, Piston S. Increasing Precision without Altering Treatment
Effects: Repeated Measures Designs in Survey Experiments. American Political
Science Review. 2021;115(3):1048–1065.

52. Charness G, Gneezy U, Kuhn MA. Experimental methods: Between-subject and
within-subject design. Journal of Economic Behavior & Organization.
2012;81(1):1–8.

53. Gerber AS, Green DP. Field Experiments: Design, Analysis, and Interpretation.
Illustrated edition ed. New York: W. W. Norton & Company; 2012.

January 25, 2024 17/17


