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Abstract— This full research paper looks at data science, which 

is an increasingly important topic of interest across all academic 

disciplines and industry sectors. As such, the need for curricula 

and learning designs for teaching data science has never been 

greater. One increasingly useful institutional initiative for building 

critical skills is living learning communities. This study reports on 

a data science learning community, called The Data Mine. As part 

of this learning community, students worked on similar tasks, took 

classes together, and participated in industry related assignments. 

This exploratory study aims to understand how students navigated 

learning challenges, what self-regulation strategies were adopted, 

and what students ultimately learned through participating in the 

Data Mine Learning Community.  Students were grouped into 

achievement categories using a developed rubric on course 

assignments and their responses to open ended questions were 

evaluated for patterns among those in their achievement group. 

The results indicate that the highest performing students avoided 

coding errors and were highly focused on learning gains.  

Keywords—learning communities, higher education,  

data science 

I. INTRODUCTION 

Computational and data science are critical pieces to all 
levels of education in the 21st century across academic 
disciplines [1], [2]. The challenge for data science education is 
that it is inherently interdisciplinary, requiring skills from 
statistics, computer science, and domain knowledge to which it 
is applied [3]. One potential solution that allows for both 
disciplinary content and data science skills to be taught is the use 
of living learning communities. 

Living learning communities are intentional educational 
interventions [4], [5] that allow students to live and learn 
alongside students of diverse interests and backgrounds in 
pursuit of some common goal or academic pursuit. Oftentimes, 
living learning communities integrate the classroom with 
activities that happen external to the classroom. In our study we 
investigated a learning community focused on the learning of 
data science skills called The Data Mine Learning Community 
(DMLC).  

This exploratory study will use a mixed-methods approach 
to analyze student assignments and self-reported survey data 
from students who participated in the DMLC. The study focuses 
on answering the following research questions: (1) What types 
of learning challenges, self-regulation strategies, and learning 
outcomes do students report after completing an individualized 
data science assignment? (2) How does achievement on the 
individual assignment impact the types of learning challenges, 
self-regulation strategies, and learning outcomes that students 
reported? 

II. BACKGROUND 

The background for this study consists of multiple bodies of 
literature. First is the literature around how data science is taught 
and learned within higher education contexts. Second is an 
understanding of the research and potential impact of using 
learning communities in education and its interest to the current 
study.  

A. Data Science Education 

One of the biggest issues facing data science education is 

that it has no obvious home within higher education [6]. Yet, it 

is needed in nearly every academic discipline, but it is often 

unclear to what degree and what is even meant by the term itself 

[7]. While there seems to be some overlap with traditional fields 

such as statistics, the term is much more interdisciplinary and 

has risen out of the need for professionals capable of working 

with the enormous amounts of data collected day to day [7].  

Researchers and educators have tried many different 

strategies to incorporate data science into the curriculum, 

ranging from including it as a stand-alone introductory course 

at the undergraduate level [8] to developing data hackathons for 

data science learning [9]. While these interventions have often 

seen moderate to good success, curriculum space and 

extracurricular resources may not allow some educators the 

ability to use these developed interventions.  

 



B. Living Learning Communities for Education 

One opportunity for educators may be to look into living 
learning communities to help develop data science skills for 
students across disciplines. Living learning communities, or 
residential learning communities, are arrangements where 
students of similar interests live close together and often take 
similar coursework or programming [10]. Living learning 
communities are becoming more prominent within higher 
education settings [10].  

This increase in prevalence is due to the numerous benefits 
that living learning communities can provide to students. Studies 
have shown increases in student engagement [11], increased 
sense of meaning and support [12], and ultimately both retention 
and academic performance [13]. Not only do these living 
learning communities have benefits on various student metrics, 
but also have been shown to broaden participation of 
underrepresented groups in fields such as STEM [14].  

Living learning communities can address the needs of the 
data science education community in that they largely allow this 
learning to occur in parallel with the existing disciplinary 
curricula. Our study is primarily interested in the learning 
challenges students face, their interest in the subject matter, the 
self-regulation strategies that they use, and the learning 
outcomes student experience while participating in a living 
learning community focused on teaching data science.  

C. Sociocultural Learning 

Living learning communities benefit from the importance of 
sociocultural factors in the learning process. Sociocultural 
learning theories postulate that learning is heavily impacted by 
social interactions, sharing understanding and new perspectives 
with each other, and allowing diverse views of the world to 
impact the way an individual thinks [15]. These benefits emerge 
from allowing students to interact with each other during their 
learning process, an important characteristic of any healthy 
living learning community where individuals are frequently 
interacting with each other in common learning situations.  

 Additionally, Vygotsky theorized that there is a zone of 
proximal development, which is bounded by the potential of 
what a student can learn on their own and also by what the 
student can learn with the help of a knowledgeable other [15]–
[17]. Living learning communities do just that, by putting 
students into communities of individuals that can help each other 
share understanding, build new perspectives, and perhaps learn 
more than they could on their own. One other aspect of the 
DMLC is that students are given access to mentors and experts 
which may allow them to learn even more by potentially 
expanding each students’ zone of proximal development [16].  

III. METHODS 

This study uses a sequential mixed-methods design to 

investigate student experiences within a living learning 

community [18].  

A. The Data Mine Learning Community [DMLC] 

The Data Mine Learning Community (DMLC) is a living 

learning community situated in a large Midwestern University. 

The DMLC allows the students of various disciplines with or 

without any prior knowledge of data science to join the learning 

community and develop data science skills [19]. The focus of 

DMLC is to create a data-driven workforce for the future. The 

vast amount of data being generated every moment has created 

an urge to develop a data driven workforce. The students in the 

DMLC learn data science skills by engaging in collaborative 

real-world projects. They work under the guidance of 

experienced mentors, staff, and faculty. The focus of DMLC is 

to help students develop an identity and foster socialization 

within the learning community. 

B. Data Collection 

Participants for this study were first-year undergraduate 

students from multiple academic disciplines, who were part of 

the DMLC. The 15 students for this study were selected on the 

basis of a voluntary survey conducted in December of 2020. 

Demographic information such as race/ethnicity or gender were 

not collected as part of the study. 

As part of their first-year experience, students were asked 

to turn in one assignment of their choice for assessment in the 

class. In addition to turning in this assignment, students were 

asked to answer multiple survey questions along with the 

assignment for instructors to understand why it was selected 

and what the student learned as part of the process. The survey 

questions collected are listed below: 

1. Why did you select this assignment? 

2. What data science practices/skills did you think you 

learned best by completing this assignment? 

3. What was the biggest challenge you encountered in 

solving this assignment? 

4. What are the strategies that you adopted or would adopt 

to plan, monitor, and evaluate your assignment/project? 

 

The student assignments were the basis for the quantitative 

analysis, while the free response survey questions were used as 

the basis for the qualitative analysis to understand the 

challenges, self-regulation strategies, and learning outcomes of 

the students. 

C. Quantitative Analysis 

Students turned in one assignment at the end of the semester 

for them to be assessed by the instructor. A rubric was 

developed that was able to assess student performance across a 

multitude of different assignments. Appendix I shows the rubric 

used by the researchers to evaluate student performance on the 

data science assignment. The rubric evaluated two criteria: (1) 

the coding style of the student on the programming portion of 

the assignment, and (2) deployment of disciplinary concepts 

used in the assignment. Together all student assignments were 

evaluated on these criteria by two researchers independently 

with a correlation between the two raters of 0.89.  

The students (n=15) were then split into two groups, high 

performers (n==6, greater than the median) and moderate 

performers (n=9, equal or less than the median). These two 

groups then formed the basis for the comparison to understand 

the different challenges, strategies, and learning outcomes 

based on student achievement on the assignment.  



D. Qualitative Analysis 

Survey questions were then qualitatively analyzed for 

different codes throughout the participant sample. Each 

question was analyzed independently of the other questions. A 

thematic analysis process was used to identify the initial codes 

and converting them into eventual categories [20]. Once two 

researchers had finished coding the survey responses, they met 

together to discuss any differences between their codes and 

came to consensus on all student responses.  

IV. RESULTS 

The results indicate that students generally performed at a 

moderate to good level on their submitted assignments. The 

overall descriptive statistics for student scores based on the 

rubric (Appendix I) are shown in Table I. Additionally, Table I 

shows the statistics for the high performers (those above the 

median score) and for the moderate performers (those equal to 

or below the median score).  

TABLE I.  OVERALL DESCRIPTIVE STATISTICS 

Grouping Descriptive Statistics 

Overall Sample (n=15) 

Mean 4.26 

Median 4.00 

St Dev 1.10 

 

High Performers (n=6) 

Mean 5.33 

St Dev 0.52 

 

Moderate Performer (n=9) 
Mean 3.56 

St Dev 0.73 

 

The second group is considered moderate in that their 

average is still nearly at the midpoint for the rubric (4), while 

the high group is closer to the upper limit for the rubric (6). The 

following sections describe the specific categories that resulted 

from the qualitative analysis of the open-response questions of 

the survey.  Four categories were identified in the topics of 

motivation, learning, challenges, and strategies used to 

overcome those challenges. Each of them include a list of 

identified codes, along with an overall description of the 

categories. 

A. Motivation 

Students discussed a variety of reasons why they chose the 

selected problem to be used for their course assessment.  

TABLE II.  CATEGORIES OF MOTIVATION 

   Category Name Freq.(%) Definition 

Learned a lot/Specific 

Learning 

T: 60 Reported learning a lot through the 

assignment, or mentioned specific 

topical learning because of the 

assignment.  

 

H: 83 

M: 44 

Interesting 
Assignment/Fun 

T: 40 Reported that the assignment was of 
interest or was fun. 

 

 

 

H: 17 

M: 

 

56 

Allowed Creativity T: 20 Reported that the assignment allowed 

creativity or to create new 

code/solutions.  

 

H: 33 

M: 11 

 

 

Brought New 

Perspective/Way of 

Thinking 

T:  7  Reported that the assignment allowed 

them to have a new perspective about 

the world/discipline or allowed them 

to change the way they thought.  

 

H: 17 

M: 0 

Real-world Data T: 7 Reported that the assignment allowed 

them to use real-world data/practices. 

 

 

 

H: 17 

M: 

 

0 

Uninterested T:  7 Lack of interest/no motivation for 

submitting assignment.  H: 0 

M: 11 

 

Many of these codes illuminate the characteristics of 

assignments that motivated students. Table II above lists the    

categories of motivation found in the responses to the survey 

question: (1) Why did you select this assignment? 

The codes pertaining students’ motivation ranged from the 

assignment allowing them to see the world differently, to 

assignments allowing creativity. These codes suggest a 

prescriptive framework for how instructors can instill 

motivation into their students through data science 

assignments, namely: (1) give real-world data, (2) make the 

problem sufficiently open-ended to allow for creativity, (3) 

embed the problem into disciplinary context for specific 

learning, and (4) try to create problems that create enough 

transfer to allow students to think about problems differently.  

High performing students were more likely to focus on the 

learning gains as a motivator whereas the moderate group had 

a higher focus on how fun or interesting the topic was. The 

highest performers also mentioned unique motivators such as 

the assignment using real-world data was well as allowing them 

to bring a new perspective to their understanding.  

B. Learning 

In addition to the motivations for why students chose the 

assignment they did, students reported a wide variety of topics 

and concepts that were learned through this assignment while 

participating as part of the living learning community. Table III 

lists the categories found in response to the survey question: (2) 

What data science practices/skills did you think you learned 

best by completing this assignment?  

One interesting finding from the codes of learning is the 

emergence of computational thinking concepts such as pattern 

recognition/generalization, algorithmic thinking, and 

decomposing large datasets [21]. However, there were other 

data science areas learned such as specific programming syntax 

and languages as well as how to work with real-world problem 

solving.  

The moderate learner groups seemed to focus more on 

writing functions and learning the programming language, 

while the higher performing learners focused more on 

understanding and analyzing patterns within the data. Although 

the differences aren’t large, they indicate that further research 

may be able to illuminate differences in student focus during 

the data science interventions.  

 

 



TABLE III.  CATEGORIES OF LEARNING 

   Category Name 
Freq. 

(%) 

Definition 

Writing Functions 

T: 40 Reported writing their own 

functions as a learning.  H: 17 

M: 56 

 

Using Specific Functions 

T: 27 Reported that they learned about 
and how to use specific functions. H: 33 

M: 22 

 

Analyze/Understand/Patterns 

in Datasets 

T: 20 Reported that the assignment 

allowed them to analyze or see 

patterns in datasets. 

H: 33 

M: 11 

 

Large Datasets 

T: 13 Reported that they learned how to 

work with large datasets.  H: 17 

M: 11 

 

Data Visualization 

T: 13 Reported that they learned about 

data visualization/plotting.  H: 17 

M: 11 

 

Loops/Logic/Indexing/Syntax 

T: 13 Reported that the assignment 

taught them about specific syntax 

and the logic of coding.  

H: 17 

M: 11 

 

Programming Languages 

T: 7 Reported they the assignment 

allowed them to learn a new 

programming language.  

H: 0 

M: 11 

 

Real-world Problems 

T: 7 Reported that the assignment 

allowed them to learn about real-

world problems. 

 

H: 0 

M: 11 

 

Independent Analysis 

T: 

H: 

M: 

7 

0 

11 

Reported that the assignment 

allowed them to learn because 

they worked independently.  

Writing Functions 

 

T: 

H:  

M: 

 

7 

0 

11 

 

Reported writing their own 

functions as a learning.  

    

C. Challenges 

Students reported multiple challenges from the data science 

assignment of their choosing, with a large range from 

programming related issues to conceptual difficulty with the 

material. Table IV lists the different codes regarding challenges 

identified in response to the survey question: (3) What was the 

biggest challenge you encountered in solving this assignment? 

While some of these challenges were directly related to the 

learning goals for the assignment (concepts given or 

understanding the logic needed to solve the problem), others 

were challenges from peripheral requirements of the 

assignment (formatting). One challenge encountered was a lack 

of examples given by the instructional team. 

The high performing students seemed to struggle more with 

understanding the syntax and logic behind the programs they 

were creating while the moderate performing students seemed 

to struggle with coding errors. This difference may highlight 

either prior programming experience or self-efficacy gaps 

between the two groups [22], [23].  

D. Strategies 

Finally, there were categories of strategy that students used 

to overcome challenges as part of their data science assignment. 

Table V overviews the different codes related to strategies that 

students reported in response to the final survey question: (4) 

What are the strategies that you adopted or would adopt to plan, 

monitor, and evaluate your assignment/project? 

While some students used metacognitive strategies such as 

reflection, allowing failure, and breaking down the problem, 

some students discussed extrinsic strategies such as looking for 

help from other examples, the instructor, or previous course 

materials. One external resource notably missing from this list 

of strategies would be other students within the learning 

community.  

Most notably, it was the moderate performers who were 

much more likely to look to the TA or teacher for help when 

they were experiencing challenges, whereas the biggest strategy 

for many of the highest performers was focused on time 

management during the problem solving process.  

TABLE IV.  CATEGORIES OF CHALLENGE 

   Category Name Freq. (%) Definition 

Creating Code/Coding 
Errors 

T: 40 Challenges were in writing code or 

errors from the code.  H: 17 
M: 56 

 

Understanding 

Syntax/Logic 

T: 33 Challenges were in understanding the 

specific syntax or logic of 

programming the assignment.  

H: 50 

M: 22 

 

Understanding the 
Problem 

T: 13 Challenges were in understanding the 

actual problem or concepts that were 
given.  

H: 17 
M: 11 

 

Formatting Errors 

T: 13 Challenges were in how to format the 

assignment.  H: 17 

M: 11 

 

Lack of Examples 

T: 7 Challenges were in there being a lack 
of examples of how to do the 

assignment.  
H: 0 

M: 11 

 

 

V. DISCUSSION 

The discussion is divided into two discrete sections. In the 

first section, a discussion of the overall results as they relate to 

research question one is presented. From there, the differences 

that may be indicated from the results as it relates to research 

question two.  

A. Overall results 

When students discussed their motivation for the 

assignment they chose to submit for grading, it is not surprising 

that how much they learned was the most frequent response. It 

is interesting that many students mentioned how interesting or 

fun the work was in choosing which assignment to submit for 

grading. This result does support the growing trend in the 

literature for the need for interesting and engaging learning 

approaches, some of which are currently growing trends in the 

educational literature as game-based learning [24], [25] and 

inquiry-based learning [26], [27]. Continued research into 

bringing these pedagogical practices into data science 

education is encouraged by our results.  

 



TABLE V.  CATEGORIES OF STRATEGY 

   Category Name Freq. (%) Definition 

Reviewing Materials 

T: 40 Discusses reviewing the problem, 

materials, or notes as a strategy.  H: 33 

M: 44 

 

Other 

Examples/Practice 

T: 33 Discusses using other examples or 

practicing to overcome challenges 

they are experiencing.  

H: 33 

M: 33 
 

TA/Teacher 

T: 27 Discusses reaching out to the teaching 

assistant or teacher as a strategy.  H: 0 

M: 44 

 

Time Management 

T: 27 Discusses time management/break or 

planning ahead as a strategy.  H: 50 
M: 11 

 

Testing Code 

T: 13 Discusses testing/validating the code 

as a strategy.  H: 0 

M: 22 

 

Reflection 

T: 7 Discusses using reflection as a 

practice to overcome challenges.  H: 17 
M: 0 

 

Breaking down the 

problem 

T: 7 Discusses breaking down the problem 

to overcome challenges.  H: 0 

M: 11 

 

Allowing Failure 

T: 7 Discusses allowing failure or to reach 

the point of failure before looking for 
additional help.  

H: 17 
M: 0 

 

 

Additionally, the biggest challenges that students 

encountered during the submitted assignments was coding 

errors as well as understanding the logic of the code. This is to 

be expected in that the educational system is often lacking in 

programming and computational thinking curriculum [1], [28]. 

It is encouraging from our results that the biggest challenges 

were not the data practices themselves, but often coding errors 

and issues with the programming. One pivot that the DMLC 

program could make to lessen these challenges would be to 

partner with the computer science department to help develop 

programming skills, or to put the problems into disciplinary 

contexts which has been shown to help improve programming 

skills while teaching focused content [29], [30].  

Finally, in terms of strategy of overcoming challenges, one 

glaring omission from the results is that students did not report 

reaching out to others in their learning community. One 

encouraging result is that higher order strategies emerged from 

a small percentage of students, such as reflecting on their 

struggles which is a basis for metacognition[31], and allowing 

themselves to get to a failure point for their own learning which 

has been shown to increase learning gains [32], [33]. These 

results may indicate that incorporating these topics into data 

science interventions may prove very effective, although a 

larger sample size and further research is needed to evaluate the 

efficacy of doing so.  

B. Differences by achievement level 

There were a few notable differences between the high and 

moderate achievers in terms of learnings, strategies, challenges, 

and motivations. While our exploratory study has too small of 

a sample size to do meaningful statistical differentiation, results 

here may indicate areas for further study in the literature.  

In terms of the motivation for turning in the assignment that 

they did, the highest achievers seemed to focus on the learning 

gains, whereas the moderate achievers seemed to focus more on 

how interesting the assignment was. This difference is likely 

the reason that the students ended up being either high or 

moderate achievers in the first place, as those who felt like they 

learned the most were also more likely to perform better on the 

assignment itself.  

As for the challenges, the moderate performers were more 

likely to mention coding errors and struggles with writing the 

actual code. While more research on the previous experiences 

would be needed to completely understand this difference, the 

difference may lie in which students felt comfortable with the 

assignment compared to others, which can have a significant 

effect on actual performance [34], [35]. Future research should 

monitor student previous experiences and self-efficacy of 

students.  

One striking difference between the two groups is that the 

high performers mentioned time management strategies more 

frequently than the moderate performers. In contrast, the 

moderate performers mentioned asking the teaching assistant or 

teacher questions as a strategy for overcoming challenges. This 

could partly be because the higher performers were well 

integrated into the learning community, or because they felt that 

they already had the tools necessary to complete the assignment 

[35]. In discussing time management, as well as things like 

reflection and allowing failure, the higher performers seem to 

embody some practices of indicative of expertise [36], [37].  

VI. CONCLUSIONS AND LIMITATIONS 

While exploratory in nature, there are a few conclusions to 

draw from the current study. Our study investigate the reported 

challenges, motivations, learnings, and strategies that students 

used on a data science assignment while involved in the Data 

Mine Learning Community. The results indicate that high 

performers felt that they learned a lot, that understanding the 

underlying logic was challenging, and that time management 

was a successful strategy for learning. The other group, the 

moderate performers, felt that their assignments were 

interesting, but struggled with coding errors and felt the need to 

reach out to teaching assistants and teachers when struggling. 

Our study has limitations in the small sample size and that 

the data is primarily self-reported data from students 

themselves. Additionally, our study is limited by the lack of 

information on student demographics or prevous expereinces. 

Our plan is that our future research will be able to take some of 

these exploratory findings to develop future research questions, 

such as: (1)  what is the role of self-efficacy of students in The 

Data Mine Learning Community?, (2) what impact does The 

Data Mine Learning Community have on building expert 

practices?, (3) what pedagogical practices futher build a sense 

of student belongingness and community  within The Data 

Mine Learning Community?, and (4) what pedagogical 

practices may limit the computing programming barriers to 

success in TThe Data Mine Learning community?  
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Appendix I. Rubric used to assess student assignments.  

 

Rubric Category: Low (1) Good (2) Excellent (3) 

Coding Style 
Measures the extent to which the code is 

presented in a manner that is clearly readable 
by others. 

Is the code indented, commented and are 

variable and function names chosen to 
enhance readability?  

 

 
 

- Code has no to  few 

comments. 

- Code is not properly 
indented. 

- Variable and function 

names are declared but  do 
not make sense 

 

- Code is adequately commented. 

- Code is properly indented and variable and 

function names are well chosen. 
- Code could be made more readable in one or 

more ways by additional commenting or by 

more logically organizing its structure. 

- Code is well commented. 

- Code is properly indented 

and variable and function 
names are well chosen. 

- Code is well structured. 

Deployment of Disciplinary Concepts 
Evaluates whether the student can use the 
solution to approach a disciplinary problem. 

Can the student use their code to address the 

disciplinary issue or to solve a related 
problem? 

 

- Some solution/explanation 

provided. 

- A solution is provided that would adequately 

address the issue or problem, but it is presented 
in a way that is unclear, or improperly 

documented. (E.g. graphs without axes, no 

written description when requested.) 

- A solution is provided that 

is correct, clear and well 
documented. 

 

 

 

 

 

  

    


