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Teaching beginner-level
computational social science:
Interactive open education
resources with learnr and shiny

apps

Manyu Li*

Department of Psychology, University of Louisiana at Lafayette, Lafayette, LA, United States

The article presents the use of open, inclusive pedagogical frameworks to
develop a series of open education resources (OERs), specifically, interactive
shiny web applications for teaching beginner-level computational social science
(CSS) in undergraduate social science education. CSS is an emerging discipline
that integrates data science methods with social science theories and research
designs. However, undergraduate social science students could face a lack of
a sense of STEM identity or belonging. Also, compared to STEM majors in
natural science or engineering, average undergraduate social science students
come in with limited mathematical or statistical knowledge. The OERs developed
and tested in this article are designed with pedagogical frameworks that help
overcome these barriers faced by students from diverse backgrounds and offer
students a jump-start in learning CSS. This article presents the details of the
tools, classroom implementation (in the form of a 6-week workshop series), the
pedagogy frameworks applied, and the assessment methods and outcomes.
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computational social science, R programming, social science, research methods,
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1. Introduction

Computational Social Science (CSS), formalized and popularized in the phenomenal
paper by Lazer et al. (2009), is an emerging and evolving discipline defined as “the
development and application of computational methods to complex, typically large-scale,
human (sometimes simulated) behavioral data” (Lazer et al., 2020, p. 1060). In a little over a
decade of development, CSS has attracted support and investments from top-tier institutions
and the industry (Kim, 2021), creating a workforce with high demand in the tech industry,
public policy decision-making, etc. The rise of CSS calls for a “paradigm for training new
scholars” (Lazer et al., 2009, p. 722). Developing instructional methods for CSS education in
social science is thus needed to improve the field.

This article aims at contributing to the CSS education literature by introducing
instructional innovations, paired with open and inclusive pedagogical frameworks, that can
be used to connect social science novices to the world of CSS learning. Specifically, to
help students overcome challenges to step into the CSS world, a series of openly-available
Rapport-building, Equitable, Learner-centered, Authentic Computational Social Science
(RELACSS) web applications written in R language was developed and implemented in
undergraduate social science education settings.
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1.1. Preparing students to enter the CSS
curriculum

Training “computationally literate social scientists” (Lazer et al.,
2009, p. 722) may face several challenges. Firstly, undergraduate
social science students were found to often lack a sense of
STEM identity or belonging (Berndt et al., 2021; Esnard et al,
2021). This lack of STEM identity may contribute to barriers to
learning computation-related skills (Berndt et al., 2021; Esnard
et al,, 2021). For example, their low sense of belonging/identity
in computing (Chew and Dillon, 2014; Davies et al, 2015;
Lawton and Taylor, 2020) may result in attentional biases
(Okon-Singer, 2018; Cui et al, 2019) that further lower their
engagement and motivation (Lawton and Taylor, 2020) and
prohibit them from moving on to the next level (Davies et al,
2015). Additionally, these challenges have been identified among
the under-resourced, marginalized under-represented minoritized
(URM) population in STEM (Lisberg and Woods, 2018; Singer
et al, 2020). Non-inclusive practices in the teaching process,
stereotypes communicated, and perceived stereotype threats were
suggested as potential reasons behind the achievement and
belonging gap in URMs (Steele et al, 2002; Walton et al,
2015; Rattan et al., 2018; Liu et al, 2021; Yeager et al,
2022).

Second, compared to STEM majors in natural science or
engineering, average undergraduate social science students come
in with limited mathematical or statistical knowledge (Berndt
et al, 2021) and thus find data science challenging (Dong
et al., 2020). The lack of a foundation may have contributed
to students’ low motivation to learn and to advance in subjects
that require prior knowledge in computation (Davies et al,
2015; Lawton and Taylor, 2020). Further, many do not expect to
use statistics/computation to analyze data when choosing social
sciences as their major (Esnard et al., 2021), nor do they expect
to use the knowledge after graduation (Berndt et al., 2021). Thus,
despite the availability of some free beginner materials online,
students may not have the motivation to approach the materials.
Even if students attempt to access the free resources available in
data science or CSS (e.g., YouTube videos, free Massive Online
Open Courses, etc.), complete novices may find the materials to
be challenging and may even feel confused when accessing the
materials. Therefore, the materials, even though they are freely
available, may hinder students from exploring their interest in
CSS.

RELACSS is designed to address these challenges and to
increase students’ interest in pursuing the CSS curriculum. First,
in terms of content knowledge, RELACSS web apps focused on the
very basics of what data analysis and coding are in social science.
The goal is not to include all CSS topics, but to create interesting
and approachable introductory CSS materials for complete novices.
It is designed to reshape students’ beliefs that data science is
not for them and to increase their interest in further pursuing
CSS. Second, as further detailed in the pedagogical frameworks,
RELACSS web apps were designed with scaffolding and learner-
centered principles to help students relate to the materials. Also,
the web apps were built on social science students’ background
knowledge, rather than computer science; therefore, students are
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less likely to feel distant or out of place when learning the materials.
Finally, RELACSS web apps are all built as interactive open
education resources (OER)*. in the form of Shiny web applications.
The interactive nature of the web apps helps students visualize and
interact with the codes and materials without being overwhelmed
with math or statistics symbols. The OER nature of the materials
makes accessing the materials affordable (free) for all students and
instructors who may adapt the materials to their courses.

1.2. Using multicultural data to create
adaptable OERs and open assignments

Part of the lesson design for instructors from CSS or related
fields is to identify data topics or data sets to which students can
relate. Identifying topics or data examples that students relate to
increases the personal relevance and authenticity of the learning
materials, which in turn, increases students’ learning outcomes
(Lee et al,, 2021). RELACSS addresses this by using multicultural
data examples, allowing instructors from different backgrounds to
adapt the materials and further contextualize the materials for their
unique student population.

The RELACSS lessons developed in this study include data
examples created using the World Value Survey data. The World
Value Survey is an open data project with data collected from up to
80 countries around the world (Inglehart et al., 2022). The survey
contains various questions on values and attitudes in work, family,
politics, etc. The data were used throughout the lessons, including
data examples, practice exercises, and a final project. Therefore,
instructors can choose variables and countries that fit their learning
contexts.

Using open data with a large number of variables and sub-
samples (e.g., individuals nested within countries) also helps
to create open assignments. Open assignments or OER-enabled
assignments are assignments that meet the 5R principle of OERs
(Wiley and Hilton, 2018). The 5R principle states that for materials
to be OERs, they must allow the public to freely reuse, retain,
revise, remix, and redistribute. Open assignments build upon this
to encourage students to create renewable assignments that use
OERs and then share with the 5R principle of OERs (Wiley and
Hilton, 2018). In other words, instead of creating non-sustainable
assignments that students discard after finishing the course, open
assignments encourage students to take ownership by creating their
own works and sharing for future learners openly (Wiley and
Hilton, 2018; Allen and Katz, 2019). This type of open pedagogy
also helps generate diverse, localized examples for future use
(Ryan, 2022). In the final project built into the RELACSS learning
experiences, students are asked to generate a new research question
and conduct data analyses. Instead of discarding the assignments
after the workshop, students share them openly.

1 Open Education Materials (OER) are defined as educational materials that
follow the 5R principle, i.e., allowing users to freely reuse, retain, revise, remix,
and redistribute (Wiley et al., 2013).
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203 Below is the code to "paint" a table to represent the pattern of
happiness reported by Americans from the first wave to the last
wave. Hit "Run Code" to produce your graph.

204

205+ ** " {r UShappybywaves, exercise=TRUE} z
206 2
207 ggplot (happyusdata) + 3
208 geom line(aes (x=Year,y=Happiness), size=1)+ 2

209 scale x_continuous (labels=happyusdata$Year,
breaks=happyusdata$Year) +
xlab ("Study Waves (Years)")+

ylab ("Happiness")

210
211
212
2o S
214
215 Don't worry too much about the codes. They are just the
"paintbrush" or tool artists use draw patterns. We will learn
the tool later. Can you interpret the graph?

216
217
218
219
220
221

Happiness

v ' {r happybywave_intp, echo=FALSE} =

question ("Which year did Americans report the lowest hapiness?",
answer ("1981") ,
answer ("1990"),

answer ("1995", correct=TRUE),

Editable codes in RMarkdown
format for instructors to
adapt to their learning
contexts

FIGURE 1

Source code (left) of the interactive shiny web applications (right) can be edited by instructors to teach in unique learning contexts.

Below is the code to “paint” a table to represent the pattern of happiness reported by Americans from the first wave to

the last wave. Hit “Run Code” to produce your graph.

R Code

1 ggplot (happyusdata) +
2 geom_line(aes (x-Year, y-Happiness),

xlab ("Study Waves
ylab ("Happiness")

1981

Which year did Americans report the lowest hapiness?

1981

1990

1995

1999

2006

2011

2017

Previous Topic Next Topic

& Start Over

size=1)+
scale_x_continuous (labels=happyusdata$¥ear, breaks=happyusdatasYear)+
(Years)")+

Shiny web
applications with
interactive features
for students.

1995 2008 2011 2017

Study Waves (Years)

1990

1.3. Using Shiny and Learnr to create
adaptable interactive OERs

Interactive features are crucial in overcoming students’
challenges. Many previous studies in STEM learning have
demonstrated that interactivity is crucial in sustaining students’
interest and attention in the materials and to improve
performance (Lindgren and DeLiema, 2022). For teaching
topics like coding, it is important to have a comprehensive
environment where teaching materials, examples, data, codes,
and practices are all in one place. The teaching and learning
experiences can also flow smoothly when students do not have
to shift from various sources (platforms, books, software). To
achieve these purposes, RELACSS lessons are built on two
R packages, shiny and learnr, and are launched on a single
website.

Shiny is an R package that allows app developers to design
interactive web applications using R languages (Chang et al,
2022). The web applications can be deployed locally or on a
server (e.g., the shiny apps server) and shared with others.
Shiny has been used for creating educational materials in various
STEM subjects, such as ecology (Moore et al., 2022), statistics
(Doi et al, 2016), and biology (Weigelt et al, 2021). The
package, learnr was developed to increase efficiency in writing
interactive shiny apps for education purposes (Aden-Buie et al,
2022).
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Shiny web applications, being open-sourced, are great
candidates for creating interactive OERs. Developers can easily
share source codes for app users to not only retain and reuse,
but also to revise, remix, and redistribute (i.e., the 5Rs of OERs).
For example, as shown in Figure 1, in the introductory materials
developed, the World Value Survey data (Inglehart et al., 2022)
were used to demonstrate how to understand happiness ratings
among US people in the past 40 years. Instructors from another
country can edit the source codes and change the target country or
target variables. Instructors may also add practice questions and
charts by editing the codes.

In summary, to overcome the challenges of social science novice
students in starting to learn computational knowledge, RELACSS
beginner OERs were developed with interactive and open features.
Several pedagogical frameworks were then applied in designing the
learning objectives, contents, and in-class activities. RELACSS was
then implemented as a 6-week workshop for university students
majoring in social sciences.

2. Pedagogical goals and frameworks

As explained in Section 1, the ultimate pedagogical goal of
RELACSS is to prepare students to enter the CSS curriculum
by overcoming students’ challenges, mainly, (1) creating learner-
centered, authentic (approachable) content, (2) cultivating a
rapport-building, inclusive climate to increase students’ STEM
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identity or sense of STEM belonging, and (3) generating open
and interactive materials to make CSS affordable and interesting
to students. Several pedagogical frameworks were employed to
achieve the goals.

2.1. Scaffolding: learner-centered,
authentic learning experiences

Scaffolding is an instructional strategy (often computer-based)
to guide students in building new knowledge systematically (Kim
et al, 2017). Scaffolding has been suggested to be effective in
helping students master skills or learn materials that they would
otherwise not be able to do by themselves (Sherin et al., 2004;
Holmes et al., 2013). Scaffolding requires instructors to be learner-
centered and to focus on the current state of the students.
Specifically, scaffolding requires instructors to identify students’
zone of proximal development (ZPD), i.e., the distance between
what learners cannot do on their own and what they can do on
their own (Vygotskii, 1978; Wertsch, 1984). Scaffolding is realized
in three ways in the design of RELACSS.

First, the content knowledge is taught progressively, starting
with content that students can easily interpret and scaffold
new knowledge. As previously mentioned, average undergraduate
social science students often enter the university with limited
mathematical and statistical knowledge to sufficiently understand
beginner computation (Dong et al., 2020; Berndt et al., 2021).
Students may find it difficult to step right into analyzing data
and coding. Therefore, the content knowledge taught in RELACSS
begins with describing and visualizing data using basic knowledge
that is commonly taught in high schools, such as examining trends
of a variable in a line graph or histogram. Further, RELACSS is
designed for students who are complete novices. Donoho (2017)
also suggested that beginner data science education should focus
on teaching data gathering, preparation, and exploration (GPE)
over modeling at the beginner level. Therefore, RELACSS materials
focus on using R codes to learn basic GPE content, including
reading data into R, data structure and variables types, exploratory
research questions, data cleaning, data visualization, descriptive
data analysis, and interpreting and communicating research results.

Second, the overall RELACSS beginner materials follow a
progressive four-module structure of Bird-eye view, Use, Modify,
and Create (BUMC). In the first module, Bird-eye view, students
are exposed to a data story (Lee et al., 2015) that contains a
sample “end-product’, i.e., an engaging narrative and visualization
explaining a data example. The design of this task is uniquely
catered to social science students’ lack of interest in data science
(Berndt et al., 2021; Esnard et al., 2021) and to motivate students
to pursue the next steps. The second to fourth modules follow
the Use-Modify-Create structure (Lee et al., 2011) to increase the
authenticity of the beginner computation exploration (Franklin
et al,, 2020; Weintrop, 2021). Specifically, in the second module,
Use, students use existing materials and codes to learn basic data
analytic skills. Then, the third module, Modify, invites students to
consider how they can modify the RQs based on their interests and
real-life experiences. In this stage, students modify the analytic plan
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and R codes and share their modifications with the class. Finally,
the last module, Create, challenges students to collaboratively come
up with new RQs and write a basic analytic plan and codes from
scratch. As detailed in the next section, in addition to the cross-
cultural tasks, each module will contain group reflections and co-
design discussions to enhance equitable social ecologies in the
learning process of RELACSS.

Third, RELACSS materials use social science research questions
and data examples to build on social science students’ existing
knowledge and add new knowledge step-by-step. For example,
students are guided to describe and visualize the trend of
reported happiness among people in the US. Happiness or
life satisfaction, being a topic examined across social science
disciplines, can easily connect to social science students. After
interpreting basic visualization, students then discuss and come up
with factors relating to happiness to test. The analytic concepts
and coding methods are embedded in these examples. Through
these approachable social science analytic examples, students can
associate new knowledge with their existing knowledge.

2.2. Rapport-building, equitable
collaborative learning

Peer support is a key feature of RELACSS. As previously
mentioned, because of stereotype threats and other associated
factors, students, particularly URMs, may feel out of place when
learning STEM subjects, resulting in a low sense of belonging and
STEM identity (Sax et al., 2018). Collaborative learning can help
cultivate an inclusive classroom climate (Nishina et al., 2019) which
is crucial to students’ success and sense of belonging (Rodriguez
and Blaney, 2021; Goering et al., 2022). Collaborative learning has
also been consistently found to improve student learning processes
and outcomes (Echeverria et al., 2019; Micari and Pazos, 2020).

In the design of RELACSS, in-class discussion questions are
embedded in the materials. Further, during the “Modify” stage,
two to three students are grouped to modify research questions
and codes to conduct analyses using the guided prompt embedded
in the lessons. Finally, at the end of each class meeting, 5-
10 min are reserved for group reflection. Students first fill
out a brief form asking them to summarize their knowledge
gained and the challenges experienced. Students shared their
responses with one another and collaboratively reflected on the
learning experiences. During the workshop, students were also
asked to make design suggestions that enable them to learn the
materials more effectively. The group reflections and co-design
discussions both serve to enhance two-way communications and
equitable social ecologies in the learning process of RELACSS
(Gutiérrez and Jurow, 2016).

2.3. OER-enabled pedagogy
As briefly mentioned in Section 1.2, OER-enabled pedagogy

(Wiley and Hilton, 2018) is employed in the “Create” module.
Open or OER-enabled pedagogy can be referred to as the design of
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TABLE 1 Module-level learning objectives.

Module Module-level learning objectives

1 1.1 | Describe what data analysis is

Bird-
ira-eye 1.2 | State how social scientist solves RQs through data analysis
view
1.3 | Identify the role of data analysis in social science
2 Use 2.1 Describe fundamental steps of research process and data

analysis

2.2 | Identify data structure through the use of cross-cultural
open data

2.3 | Interpret the meaning of existing RQs

2.4 | Run existing R codes to solve RQs

2.5 | Interpret the results of the analysis performed

3 Modify 3.1 | Modify RQ based on learners’ interest in the cross-cultural

open data

3.2 | Compare basic R codes and distinguish codes based on
analytic purposes;

3.3 | Repeat the data analysis process from Module 2 with
modified RQs

3.4 | Interpret the results of the analysis performed

4 Create 4.1 Design new RQs from the real-world cross-cultural open

data

4.2 | Formulate a data analysis plan to answer the RQs developed

4.3 | Write and run R codes to administer the data analysis plan

44 | Present the findings and interpretation of the results

RQ = Research Question.

renewable or sustainable assignments or classroom activities using
OERs (Wiley and Hilton, 2018). In the “Create” module, learners
are asked to use the cross-cultural World Value Survey open data
and the RELACSS OERs learned in the previous class meetings to
generate a new research question, analytic plan, and codes. Then,
students share the end product openly as a shiny web application,
allowing other learners to access and learn from their analytic
products.

2.4. Learning objectives

The design of RELACSS beginner OERs is guided by the
following course-level learning objectives:

Identify basic social science data analytic steps;

Explore a real-world, open cross-cultural dataset and
formulate testable research questions;

Write simple R codes to execute data analytic tasks;

Interpret and present data analysis results.

The module-level learning objectives can be found in Table 1.
The contents of RELACSS materials can be found on the RELACSS
instructional site (bit.ly/RELACSSweb). R language was chosen as
the coding language taught in RELACSS because R is the most
common coding language among social scientists (Eiler et al., 2020;
Vance, 2021).
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3. Method of implementation

3.1. Learning environment

RELACSS beginner materials were implemented as a 6-week,
non-credit workshop for social science students in a university
setting. None of the students had prior experience in analyzing data
using R codes. Each week, the students met for one hour as a group.
A total of 16 students spread across two groups completed the
workshop. Students ranged from first-year undergraduate students
to graduate students. Students were invited to bring their laptops,
but computers were also provided for the students to learn. There
were no technical requirements for the computers except that the
device must be able to use any web browser to access the lessons
(Chrome, Firefox, etc.). The author who is a faculty member in
psychology taught the lessons.

During each session, students arrived at the classroom and
prepared the lesson by opening the URL of the shiny app lessons.
Students were first guided to read the learning objectives of the
lesson (the first section of every lesson). The instructor then guided
the students to go over the interactive shiny web applications.
Embedded prompts were provided to students for participation
in peer discussions. Students also had the opportunity to run the
codes, respond to the interactive practice questions, and discuss the
concepts learned.

The first week was the “Bird-eye View” module, inviting
students to examine a data example. During the second to the
third week, students applied existing codes and examples to learn
the knowledge (the “Use” module). In the fourth week, students
collaboratively modified the codes (the “Modify” module). Finally,
during the last 2 weeks, students engaged in the “Create” module
and complete the final project during class time. Students were
encouraged to ask questions and discuss with peers when they
create their final project products.

3.2. Assessment

Assessments were conducted according to the pedagogical goals
of RELACSS. Student learning outcomes were measured in the
format of a final project. The final project was assessed on the
accuracy of the data analytic steps and codes, as well as the level
of creativity. Students’ CSS skills were scored using an adapted
version of the American Statistical Association (ASA) Project
Competition Rubric (ASA, 2022). The grading categories include
(1) research question quality (clearly stated research questions
and alignment with analytic methods), (2) raw data management,
(3) data visualization, (4) data analysis, (5) conclusion (e.g., clear
answers to research questions), and (6) overall presentation.

Additionally, after the workshop, students were assessed on
their perception of the learning process. The assessments were
developed based on the challenges the tools aimed to address (see
Section 1) and the pedagogy goals. The assessment questions (AQ)
and the associated assessment tools included

e AQIL. What is students’ perception of interactivity and

authenticity (i.e., being approachable and relatable) of the
RELACSS OERs?
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e AQ2. What is students perception of the social aspects
of the classroom experiences (rapport-building collaborative
learning)?

e AQ3a. What are students” perceived changes before and after
the lessons on their confidence in data analysis, interest in
data analysis, knowledge of data analysis, and anxiety when
thinking about data analysis?

e AQ3b. What are students’ CSS identity, interests, and plans for
pursuing data analysis/CSS further?

3.2.1. Materials and data analysis

The assessment tools, the final project rubric, along with
the anonymized data can be found on the projects Open
Science Foundation (OSF) site (https://osf.io/m87kh/). Details
of the assessments are also reported along with the results
in Section 4. The assessment and human research associated
with the assessments were approved by the author’s Institutional
Review Board (IRB) under the approval number: IRB-22-123-
PSYC-Gird. The data analysis for the assessment is primarily
descriptive. Students’ final project outcomes were summarized
using the adapted version of the American Statistical Association
(ASA) Project Competition Rubric (ASA, 2022) mentioned earlier.
Then, to answer AQs, descriptive statistics (means and standard
deviations) were computed and reported.

3.2.2. Study participants

Participation in the assessment portion is completely voluntary.
A total of 10 students filled out the feedback form. Among
the nine students who reported demographics, six identified as
females, and three as males. Students were mostly URMs, including
African/Black (n = 5), Middle-eastern (n = 1), and Mixed-race
(n = 1). Only two identified as White. Students were spread
among lower-class undergraduate students (n = 1), upper-class
undergraduate students (junior or above; n = 6), and graduate
students (n = 2).

4. Results and discussion

4.1. Final project outcomes

With the help of the instructor and peers, all students were
able to produce their unique final project products. All final
products can be viewed openly in the RELACSS instructional
site (bit.ly/RELACSSweb). All students produced satisfactory final
project products according to the rubric. Specifically, all students
were able to formulate their unique research questions based on
variables and countries available in the World Value Survey data.
Ten out of the 16 students chose to compare groups or countries,
and six students chose to examine relationships between chosen
variables. All students produced an excellent level of research
questions. In terms of data management codes, all students were
able to take materials from previous RELACSS modules to guide
them to write the codes. However, most students needed to ask
questions in the process to clarify or confirm their coding accuracy.
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Students also tended to run redundant codes (lack of efficiency) or
place codes in incorrect orders.

The biggest challenge in the final project creation appeared to
be choosing the right visualization (e.g., box plots vs. line plots)
and writing the visualization codes. This may be due to insufficient
lesson time to go over a variety of plots. The in-class time was
only sufficient for going over limited visualization examples. These
examples did not necessarily match the types of research questions
students are asking. Also, students were mostly unfamiliar with
the principles of visualizing data based on variable types (e.g.,
differences in visualizing categorical and continuous variables).
One way to resolve this is to limit the type of research questions
students ask; alternatively, more time can be devoted to going over
visualization rather than the codes.

Despite the challenges, with the help of the instructor, all
students were able to identify the codes used to visualize their
results. Students expressed that the visualization helps them
write and present their interpretation of the results. This further
underlines the importance of teaching visualization at the beginner
level.

4.2. Students’ perception of the learning
process

In terms of students’ perception of interactivity and authenticity
of the RELACSS OERs (AQ1), students were asked to rate on a
Likert scale from 0 to 10 their perception of whether the RELACSS
web applications are authentic (relatable and approachable),
learner-centered, informative, and interactive, as well as whether
RELACSS helps them gain new knowledge. As shown in Figure 2,
students reported high scores across all aspects. Specifically,
students perceived RELACSS to be highly interactive (M = 9.11,
SD = 0.99), learner-centered (M = 8.89, SD = 0.99), and
authentic/relatable (M = 9.11, SD = 0.99). Students also perceived
RELACSS to be informative (M = 9.22, SD = 1.31) and help gain
new knowledge (M = 8.44, SD = 1.07).

Students’ perception of the social aspects (rapport-building
collaborative learning; AQ2) was assessed using one open-ended
question, “Is there anything you like or dislike about the classroom
learning experience?” Students, in general, responded positively
to the classroom climate. Specifically, many students expressed
that they felt bonded to other students (e.g., “felt connected to
other students”, “felt cared for and respected”, “felt included and
respected”, etc.). Others mentioned that they “liked the group
setting” and that “the group was small so all my questions were able
to be answered and everyone was able to have individual help”. One
student mentioned that they wished to have more in-class time and
suggested increasing class time and having homework assignments
in the future.

Next, students were asked to rate their perceived change before
and after the lessons (AQ3a) on their confidence in data analysis,
interest in data analysis, knowledge of data analysis, and anxiety
when thinking about data analysis using a 5-point Likert scale
from 1 (strongly disagree) to 5 (strongly agree). “Data analysis” was
chosen as the prompt because data analysis was the umbrella term
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Average ratings of students’ perception toward the RELACSS learning experiences.
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FIGURE 3

Average ratings of students’ perception of change before and after the RELACSS learning experiences.
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Anxiety in data

used to refer to the different aspects of knowledge taught during the
implementation (e.g., coding, data management, data visualization,
data description, etc.). As shown in Figure 3, students” average self-
ratings on their confidence in data analysis (Mafer—before = 1.80,
SDafter—before = 0.98), interest in data analysis (Mafer—before =
1.60, SDgfier—before = 1.11), and knowledge in data analysis
(Mafter—before = 1.80, SDyfter—pefore = 0.87) were about double after
participating in RELACSS. Students’ anxiety in data analysis also
slightly dropped after the RELACSS experiences (Mafier—before =
—1.60, SDfter—before = 0.80). No inferential tests were performed
due to a small assessment sample size.

Students’ CSS identity, interests, and plans for pursuing data
analysis/CSS in the future (AQ3b) were explored using multiple

Frontiersin Education

assessment questions. Students’ CSS identity was assessed by asking
students to rate from 0 to 10 their agreement on whether they see
themselves as a future computational social scientist or data analyst.
All students rated highly on the item (M = 9.44, SD = 0.68).
Similarly, when using the same scale to report interest in further
pursuing social science, students rated their interest highly (M =
8.44, SD = 1.42). Students were also asked if they would sign up for
the next level of the CSS workshop in the following semester. All
students were interested in signing up.

Finally, students’ interest was further gauged using an
open-ended question asking them in what ways the RELACSS
experiences “has any impact on your future academic and career
development or plan”. Some students explicitly expressed that
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they became interested in a data science or CSS career and
that the RELACSS experiences opened a new career possibility
for them (e.g, “I would like to go into a career in data

»

analysis”, “The workshop definitely opened my eyes to career

» o«

opportunities.”, “I think I will be a lot more interested in doing
data analysis and statistics for research studies during graduate
school”, “I am now more comfortable pursuing a career in data
analysis related fields”). Students also shared that the RELACSS
experiences changed how they saw their roles in data analysis
(e.g., “This workshop made me feel like I have the ability to
actually learn R and apply it in my future career, which I didn’t
think I had the capacity to do before.”, “I would have been
too scared to even consider data analysis as a career before the

workshop”).

4.3. Implications and lesson learned

The RELACSS open, interactive shiny web applications and
the associated pedagogical frameworks are teaching innovations
developed to address challenges novice social sciences may
experience when learning CSS-related knowledge. The open nature
of RELACSS will allow future instructors to adapt the web
applications to their localized context. In addition to being open,
the advantage of using the shiny applications for classroom
instruction instead of having students work in R Studio or R console
is that the tools do not require any software download or account
registration/login. Instructors and students simply need to open the
URLs for the shiny app and start typing codes and analyzing data
using the embedded data examples. This saves time downloading
software, opening the software, importing data, etc.

Results from the implementation showed that students felt
positive toward the RELACSS experiences and agreed that
RELACSS helped them gain new knowledge and move forward
in pursuing the data science pathway further as social scientists.
Specifically, students rated RELACSS to be highly interactive,
learner-centered, and relatable. In terms of the social design of
RELACSS, students expressed that they felt included during the
experiences and felt comfortable joining the learning group weekly.
Students found the instructional environment to be supportive,
offering them individual help when needed. In addition, RELACSS
appears to help students create a CSS/data analysis identity.
Students shared that the RELACSS experiences helped them see
what they could achieve in data analysis.

However, because of limited time, some aspects were not
assessed. For example, students perceived difficulties were not
examined. Similarly, the effect of scaffolding was not fully
examined. However, informal observations made during the 6-
week interaction seemed to show that students were able to
resolve challenges by asking questions during class, as they all
managed to complete the tasks assigned during each lesson.
Students’ success in persisting to the end of the workshop and
generating the final project end products (with in-class help) also
supported that the level of difficulty appeared to be appropriate.
Future researchers and educators may consider conducting a more
thorough assessment, such as using formal classroom observations,
interviewing students, or conducting focus groups. Researchers
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may also conduct design-based research to examine the different
design/pedagogical components of the lessons. In addition, there
was no quantitative assessment of students’ perceived belonging
and perception of classroom climate. The benefit of using merely
a brief open-ended question for all social aspects is to allow
students to freely share their perception of the classroom climate,
particularly in aspects that the instructor may not notice. Future
studies may consider using mixed methods to assess the social
aspects.

One important lesson learned in the implementation process
is that students may need more time to complete the RELACSS
beginner materials. The implementation reported in this study
was one hour per week for 6 weeks out of concerns about
beginners’ attention spans. Scheduling more than one hour outside
everyone’s class time was also a challenge. Some students expressed
in the survey that they wanted more time to go deeper into the
materials. These students tended to be lower-class undergraduate
students. On the other hand, graduate students and some upper-
class undergraduate students appeared to be comfortable with the
current time setting. Future instructors (especially those who are
teaching lower-class undergraduate students) may consider doing
1.5 h per week or extending the RELACSS experiences into an 8-
week program. Another alternative is to incorporate the materials
in regular 3-credit research methods or beginner computational
social science courses. This option may fit better in institutions that
are more open to creating a new course on CSS or updating current
research methods or data analysis courses to include computational
knowledge.
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