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Abstract 

To respond to this increased attention to statistics in society and work force, 

as well as to contribute to improved career preparation for students, it is 

imperative that we foster data literacy in our university student population. 

This paper discusses 13 learning outcomes that describe Advanced Data 

Literacy for university level students across different disciplines.   
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1. Introduction 

The demand for people educated in statistics and data science has grown tremendously over 

the past decade. Jobs related to statistics are expected to grow by about 27% between 2012 

and 2022 according to the Bureau of Labor Statistics (Bureau of Labor Statistics, 2013). 

Key attributes to be successful in such jobs are good computing, analytic and statistical 

skills, good communication skills, ability to work with real data, ability in storytelling with 

data both verbally and visually, and the ability to work as a team (Davenport and Patil, 

2012).  

To respond to this increased attention to statistics in society and work force, as well as to 

contribute to improved career preparation for students, it is imperative that we foster data 

proficiency in our university population. Following the recommendations of the American 

Statistical Association put forth in the new Curriculum Guidelines for Undergraduate 

Programs in Statistics (ASA, 2014), this paper discusses how statistics and data analysis 

bridges many disciplines and how the different discipline approaches can be integrated.  In 

this paper, we outline a series of common learning outcomes across disciplines for 

achieving data proficiency on a university campus.  

2. Statistics and Data Science Education at the Universities Across Disciplines 

Universities typically have several different statistics course offerings across campus. 

Because it is very common to have statistics courses housed in different disciplines (e.g., 

mathematics, computer science, psychology, economics), the American Statistical 

Association (ASA) and Mathematical Association of America (MAA) have offered 

guidelines for teaching introductory statistics targeted at non-statistics departments 

(ASA/MAA Joint Statement, 2014). Often times these courses overlap and yet their 

prerequisite structures do not allow a student to move from a statistics course offered in one 

department to a more advanced course offered by another department. Departments, often 

rightfully argue that the type of statistical techniques needed are discipline specific and thus 

necessitate the offering of a course within a specific discipline.  

Although specific techniques do vary from discipline to discipline, certain basic themes of 

working with data should be present in all courses. Three important, fundamental, and 

particularly timely themes are that students need to (1) be employing technology, (2) be 

exploring real data sets, and (3) be practicing communicating statistical ideas and results. 

Moreover, in all disciplines, statistics should be guided and taught through the statistical 

investigative process of formulating a question, collecting appropriate data to answer that 

question, choosing the appropriate analysis technique to answer that question, and 

interpreting the results to answer the question (Franklin et al, 2007). The material 

commonly taught in introductory statistics courses often focuses on techniques, but such 
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methods are often “necessary but not sufficient” for modern data science (Hardin et al, 

2015; Ridgeway, 2015). 

Several important reports have stated the need for students to work with real data. The 

Committee on the Undergraduate Program in Mathematics Curriculum Guide 2015 

(CUPMC, 2015) states “Working mathematicians often face quantitative problems to which 

analytic methods do not apply. Solutions often require data analysis, complex mathematical 

models, simulation, and tools from computational science.” This report recommends that all 

mathematical sciences major programs include concepts and methods from data analysis 

and computing. The Guidelines for Assessment and Instruction in Statistics Education 

(GAISE) college guidelines also included working with real data as one of the necessary six 

components of structuring a statistics course (ASA, 2016). In addition, the 

recommendations of the ASA on undergraduate programs in data science include Real 

Applications and Problem Solving as two of their Background and Guiding Principles. 

They state programs should “emphasize concepts and approaches for working with 

complex data and provide experiences in designing studies and analyzing real data (defined 

as data that have been collected to solve an authentic and relevant problem)” (ASA, 2014). 

As data science has been described as an intersection of statistics with computer science, 

when considering undergraduate preparation, one must consider how the use of software 

interplays with statistics. Regardless of the discipline, technological fluency has become a 

must for success in the workforce. Therefore, university statistics and data science courses 

must incorporate heavy use of technology and computing.  

Working with technology, working with real data, and communicating results provide the 

unifying themes for statistics and data science course offerings across campuses. If a model 

existed for what courses should look like across different departments that were centered on 

such themes, then the door may open for students seeking statistics and data science beyond 

what their departments offer.  

2.1. Teaching and Learning of Statistics and Data Science at Universities 

Much research has been dedicated toward uncovering best practices for undergraduate 

students’ learning of statistics. This research has largely targeted introductory statistics 

courses. A focus of the research has been to identify statistics topics and concepts that 

students have difficulty learning (Garfield & Ben-Zvi, 2008). Often students rely on “plug-

and-chug” methods to solve problems without understanding the statistical ideas being 

discussed (Chervany et al., 1977; Stroup, 1984; delMas, 2004).  

As noted by Horton & Hardin (2015), little research has targeted statistics learning beyond 

the introductory course. Given the the rapid growth of statistics and data science, it is 

important for research to “catch up” and inform best practices in developing, implementing, 
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and assessing programs. In addition, understanding how data science and computing 

interplay with statistics program offerings is currently an under-researched topic. Data 

science, as described by Baumer (2015), is “an emerging interdisciplinary field that 

combines elements of mathematics, statistics, computer science, and knowledge in a 

particular application domain for the purpose of extracting meaningful information from the 

increasingly sophisticated array of data available in many settings.” Some researchers have 

successfully implemented data science courses at their institutions (e.g., Hardin et al, 2015, 

Baumer, 2015) with similar student learning goals. 

2.2. Statistics and Data Science at Loyola Marymount University 

The National Science Foundation (NSF)-funded project (NSF Grant No. 1712296), 

Undergraduate Data Pathways (UDaP), focuses on understanding differences and 

similarities of statistics and data analysis course offerings across different disciplines. 

Using Loyola Marymount University (LMU), a mid-sized comprehensive university in Los 

Angeles, California that offers 53 major and 57 minor undergraduate programs; 31 master’s 

degrees; one doctoral degree; and 15 credential programs as a case study, the project 

defined a set of learning outcomes that integrated the statistical goals put forth by several 

different disciplines.  

While LMU does not have a department dedicated to statistics or data science, the 

Department of Mathematics, Department of Biology, Department of Engineering, 

Department of Economics, Department of Political Science, Department of Psychology, 

Department of Sociology, the School of Business, and the School of Education offer 

courses related to statistics and data analysis. Several of the introductory courses offered in 

these departments overlap in content thus creating an appearance of duplication and 

potential wasted resources across campus. Furthermore similar courses in one department 

are often not accepted as prerequisites for higher-level statistics offered in another 

department, thus blocking the pipeline for students to advance their statistical knowledge. 

Because of LMU’s breadth of programs, its size and relatively typical situation regarding 

statistical course offerings, the findings for LMU can provide a model for other universities 

wishing to unify statistics offerings across disciplines around working with real data, 

technology, and emphasizing communication.  

3. Processes 

Five steps have been undertaken to research the differences and commonalities of statistics 

and data analysis across disciplines. As a first step, a faculty working group with 

representation from mathematics, economics, biology, psychology, sociology, business, and 

statistics was formed. The working group was centered around understanding the processes 

and support needed to implement the themes of communication, technology, and real data 
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in statistics courses across the disciplines. Four meetings per semester have consistently 

been scheduled over the course of the last two academic years. The purpose of the working 

group discussions is to gather qualitative data on how the different disciplines articulated 

the importance of statistics and to reach common ground to understand what all of the 

discipliens had in common.  

The second step in the process was to develop and administer a 15 minute survey to the 

working group.  The survey asks about the software platforms they used, data sources they 

used, the types of class assignments they gave (e.g., statistics investigations in the form of 

projects, problem sets), and the types of activities they used in the classroom (e.g., students 

using computers in a lab setting, group work). The survey included questions from the 

NSF-funded Statistics Teaching Inventory (STI) surveys developed by Zieffler et al. 

(Zieffler, 2012) focusing on their teaching practice, assessment practice, teaching beliefs 

and assessment beliefs.  

A third step was to review any position statements, policy documents, or curriculum 

guidelines written by professional organizations regarding data proficiency to understand 

whether there was common ground between the disciplines. 

A fourth step included carrying out a survey to the community, both academic and non- 

academic, to garner their thoughts on the necessary learning outcomes for statistics and data 

analysis at the university level. 

Lastly, the culminating step of the work was to develop a set of learning outcomes for 

teaching and learning data-related courses based on the findings of the prior steps. Thirteen 

such learning outcomes were agreed upon.  

4. Findings 

The Table 1 presents the final 13 learning outcomes that were established as important for 

students to meet at the university level. Students meeting these learning outcomes are 

deemed to be Advanced Data Literate.  

The learning outcomes span both content and process. The important themes of using real 

data, communication with data, and technology are well-represented withing the learning 

outcomes as well. These outcomes are meant to be broad and cross-disciplinary so they can 

serve as benchmarks across all disciplines offering statistics and data analysis courses. 

These learning outcomes stemmed from the extensive discussions within the working group 

as well as the review of the policy documents and the community survey. 
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Table 1. Learning Outcomes and Descriptions 

Learning 

Outcomes 

Descriptions 

1 Students formulate and/or address questions about univariate data, collect/consider 

univariate data, analyze univariate data, and interpret results 

2 Students understand, calculate and interpret descriptive measures  for quantitative 

and/or categorical variables to describe characteristics of the data 

3 Students create and interpret basic data visualizations for quantitative and categorical 

variables 

4 Students understand, carry out, and interpret basic inferential statistical procedures for 

one or two samples 

5 Students understand, carry out, and interpret results from estimating statistical models 

for bivariate data (e.g., linear regression, interpolation, extrapolation, predictive 

inference) 

6 Student carry out and communicate results from extensive data-driven project(s) that is 

related to a real-life problem (extensive means that a single project takes more than 

two weeks to complete or a series of projects take more than two weeks to complete 

and are worth at least 25% of the final grade) 

7 Students communicate their analyses and the interpretations of their results in a manner 

that is appropriate to their discipline in the context of the data (e.g., communication 

could be emphasized with presentations, oral explanations of results, oral/written 

answers for in-class work, written explanation of results) 

8 Students understand the implications of study design, can select appropriate statistical 

methods for data analysis, and can explain limitations of their analyses and 

interpretations 

9 Students become critical consumers of statistically-based results reported in popular 

media, recognizing whether reported results reasonably follow from the study and 

analysis conducted 

10 Students formulate and/or address questions about multivariate data, collect/consider 

multivariate data, analyze multivariate data, and interpret results 

11 Students use current statistical software or statistical packages that are appropriate to 

the discipline and context beyond basic Excel or a calculator 

12 Students write a program (using a programming language) to analyze data or extract 

information from the data 

13 Students study at least one type of advanced data-analytic methods such as (not limited 

to): generalized linear models, Bayesian analysis, advanced probability theory and 

stochastic processes, non-linear models, machine learning, advanced study-design, big 

data analysis, econometrics, or statistical computing 
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Policy documents. Six curriculum guidelines were found from various professional 

oraganizations that specifically dicuss students’ necessary data literacy. Each of these 

documents was reviewed to cross-check whethere the learning outcomes were explicitly 

mentioned. Five difference disciplines are represented in the policy documents; 

Mathematics, Statistics, Psycholoy, Economics, and Sociology. The Table 2 presents the 

results. 

Table 2. Professional Organization Alignment with Learning Outcomes 

Learning 

Outcomes 

1 2 3 4 5 6 7 8 9 10 11 12 13 

American 

Statistical 

Association (ASA) 

X X X X X  X X X X X X X 

Mathematical 

Association of 

America (MAA) 

X X X X X  X X X X X X X 

Guidelines for 

Assessment in 

Statistics 

Education 

(GAISE) 

X X X X X  X X X X X   

American 

Psychological 

Associaion (APA) 

X X X X   X  X X X   

American 

Economics 

Association (AEA) 

X X X X X  X  X X X X X 

American 

Sociology 

Association (ASA) 

X X X X  X X  X X X   

Table 2 illustrates that eight of the learning outcomes were discussed in all of the policy 

documents. The remaining five learning outcomes were supported by three of more of the 

documents. Only in one case, the extensive project, was the learning outcome not well-

supported. In this case, the documents did not discuss the need for a project, however, they 

also did not suggest that an extensive project was a bad idea. A project offers students a 

way to connect ideas in a coherent manner and further work on their communication. It also 
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provides an opportunity for students to work extensively with real data as well as 

technology to carry out the analyses. 

To further validate the learning outcomes, a community survey was administered online. 

The online survey was sent out by members of the working group to their connections, was 

sent out of list serves for several disciplines, and was posted on a few forums.  A total of 

367 people opened the survey and 287 people completed the survey. The following pie 

graph show the distributions of backgrounds of people who completed the survey. 

 

Figure 1. Distribution of backgrounds. 

The next table shows the percentage of survey respondents that agreed, were neutral, or 

disagreed with the statement that the learning outcome was an important skill that a 

university student must acquire.  

Of the 13 learning outcomes, four of them had 90% or above of the 287 people in 

agreement that they are important skills that a university student must acquire. Another five 

learning outcomes had a large majority of respondents state that they agreed or were 

neutral. Only three learning outcomes had large disagreements with the statatements.  

As a result of the findings, the 13 learning outcomes were deemed to describe an Advanced 

Data Literate student. A student meeting less of these outcomes could be labelled at lower 

levels of data literacy.  

5. Conclusions and Future Research 

The main goal of this paper is to outline 13 learning outcomes for statistics and data literacy 

at the university level. As society pushed towards being more data-driven, it is important to 

understand and characterize what education should be doing as a response. The common 

learning outcomes in statistics and data science across disciplines focused around three 

important themes in data science: working with real data, communication, and technology. 
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This project is ongoing and the findings are expanding. This paper offers the important 

initial step in finding common ground across disciplines. The creation of a working group 

of “change agents” on a university campus that have interest in furthering data proficiency 

in students has been an invaluable asset to the project. To be effective, these change agents 

must come from different disciplines. The formation of a working group of invested change 

agents is no easy task. For the formation of such a group at LMU, we saught the help of the 

Associate Dean for Undergraduate Studies who urged faculty that had investement in 

statistics to join the group. In addition, members of the research team personally reached 

out to faculty in other departments to encourage them to join the working group. In total, a 

working group of 10 faculty was set up. 

Future work for the project includes reviewing enrollement data and all of the courses 

offered at LMU. The goal is to contribute a comprehensive picture of what is happening at 

the university level sorrouding statistics and data science. 
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