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Abstract

Over the last three decades data has become ubiquitous and cheap. This transition
has accelerated over the last five years and training in statistics, machine learning,
and data analysis have struggled to keep up. In April 2014 we launched a program
of nine courses, the Johns Hopkins Data Science Specialization, which has now had
more than 4 million enrollments over the past three years. Here the program is
described and compared to both standard and more recently developed data science
curricula. We show that novel pedagogical and administrative decisions introduced
in our program are now standard in online data science programs. The impact of
the Data Science Specialization on data science education in the US is also discussed.
Finally we conclude with some thoughts about the future of data science education
in a data democratized world.
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1 What is the Johns Hopkins Data Science Special-

ization?

Data has become dramatically cheaper to collect and store over the last several decades.

This phenomenon has touched fields ranging from the government, to social sciences, to

molecular biology (O’Connor 2014). As data have become commoditized and democratized,

there has been a dramatically increased demand to analyze and extract information from

these data. The demand for data analytic training was made clear when three Stanford

computer science professors – Daphne Koller, Andrew Ng and Sebastian Thrun – opened

their Stanford courses focusing on data analysis for free to the world and enrolled hundreds

of thousands of students (Lewin 2012).

Recognizing the demand for these classes – later labeled massive online open courses

(MOOCs) - these three professors launched companies, Coursera (Coursera 2016a) and

Udacity (Udacity 2016), to offer similar courses in partnership with professors at other

universities. These companies, and the nonprofit EdX (edX 2016) built on earlier efforts,

such as OpenCourseware (OpenCourseWare 2016), for delivering top level content to a

broad audience.

As biostatistics professors focusing on the development and in particular the application

of data analytic methods to solve problems in biomedicine, we were also enthusiastic and

equipped to teach this type of class. The effort that culminated in the Johns Hopkins

Data Science Specialization occurred over a period of approximately 1.5 years. It was the

work of three faculty at the Johns Hopkins University Department of Biostatistics with

the assistance of key staff members who will be mentioned during the description of the

program.

Our online educational efforts were spurred by a partnership that was formed between

Johns Hopkins and Coursera (Gooding et al. 2013). Brian Caffo, Roger Peng, and Jeff

Leek elected to teach three classes on Coursera: Mathematical Biostatistics Boot Camp, R

programming, and Data Analysis. These three classes reflected course materials that were

developed for students at Johns Hopkins in mathematical statistics, R programming, and

the art of the analysis of data. In development, the new MOOCs were direct translations
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of the associated courses to this new format. Mathematical Biostatistics Boot Camp and

Computing for Data Analysis launched in September 2012 and Data Analysis launched in

January 2013.

The lectures were recorded and distributed as videos. All three courses included mul-

tiple choice assignments. Two of the courses included unique assessment features. The R

programming class included programming exercises where code output was automatically

evaluated. The Data Analysis class included a final project that was peer assessed. Each

submitted project was randomly assigned to a small number of other students, who graded

the project using a fixed rubric (Leek 2017). Students then received the median score from

these peer assessments on their project. These assessment tools, and related ones based

on automation and crowdsourced grading, are common in MOOC platforms to address

scalability of project based learning. They played a significant role in the development of

the Johns Hopkins Data Science Specialization.

Propelled by the popularity of early MOOCs (Jordan 2014), the enrollment in these

first three classes was extraordinary (Table 1) and was an early indication of the demand

for data science focused courses. This demand has since been validated by the popularity

of not only online courses in data science, but a host of boot camps (Eggleston 2017),

internships, and a dramatic increase in enrollment across statistics, machine learning, and

data science undergraduate programs (Guzdial 2017).

Table 1: Number of Students in Initial Online

Courses

The size of the student enrollment and completion num-

bers from the initial courses we created for Coursera.org

strongly encouraged our development of the Data Science

Specialization. These courses launched between Septem-

ber 2012 and January 2013, with the final sessions occur-

ring in July 2014.

Course Enrollment Completions

Mathematical Biostatistics Boot Camp 1 109,789 4,150
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Course Enrollment Completions

Mathematical Biostatistics Boot Camp 2 23,842 944

Computing for Data Analysis 243,987 21,069

Data Analysis 193,126 6,500

Biostatistics Case Study 39,140 3,322

Seeing the demand for data science spiking, we were inspired to create an entire data

science curriculum that would deviate from both the in person program at Johns Hopkins

and other statistics and biostatistics programs nationally. This coincided with an effort

by Coursera to create sequences of MOOCs or “Specializations”. The launch date for the

original set of specializations was April 2014. Using our lightweight production process we

created a series of nine courses and launched one of the first Specializations on the Coursera

platform. Each course is designed to be completed over four weeks, and the topic for each

week is enumerated below. The following is an overview of the classes in our program:

1. The Data Scientist’s Toolbox (Coursera 2016b)

1. Installing software, overview of the specialization.

2. Git, GitHub, and Markdown.

3. Understanding data and experimental designs.

4. Creating your first GitHub project.

2. R Programming (Coursera 2016c)

1. Types and data structures in R.

2. Control flow and functions.

3. Mapping functions and debugging.

4. Programming simulations.

3. Getting and Cleaning Data (Coursera 2016d)

1. Loading raw data from files.

2. Getting data from the internet.

3. Manipulating data frames.

4



4. Dates and regular expressions.

4. Exploratory Data Analysis (Coursera 2016a)

1. Exploratory graphs.

2. ggplot2 and the Grammar of Graphics.

3. Clustering and dimension reduction.

4. Case studies in scientific graphs.

5. Reproducible Research (Coursera 2016e)

1. Structure of a data analysis.

2. Literate programming with R Markdown.

3. Principles of reproducible research.

4. Case study in communicating results.

6. Statistical Inference (Coursera 2016f)

1. Probability and expected values.

2. Distributions and asymptotics.

3. Confidence intervals and p-values.

4. Power and the bootstrap.

7. Regression Models (Coursera 2016g)

1. Least squares and linear regression.

2. Multivariate regression.

3. Residuals and diagnostics.

4. Logistic and Poisson regression.

8. Practical Machine Learning (Coursera 2016h)

1. Prediction, errors, and cross validation.

2. The caret package in R.

3. Trees and random forests.

4. Regularized regression and combining predictors.

9. Developing Data Products (Coursera 2016i)
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Figure 1: Number of students in the Johns Hopkins Data Science Programs The

number of students enrolling (blue) and completing (green) courses in MOOCs created

by the Johns Hopkins Biostatistics Department over time. Coursera launched their new

platform in February 2016.

1. Web applications and interactive visualizations.

2. Dashboards and maps.

3. Writing R packages

4. Case study in web application development.

This program has now been running since April 2014 and has enrolled more than 4

million students and over 875,000 people have completed a course. It is the largest MOOC

program in history.

Over time enrollments have appeared to reach a steady state (Figure 1). A large number

of students continue to enroll in the program, now one of the most widely recognized

sequences of MOOCs. Despite the well-known criticism that MOOCs have low completion

rates (Clow 2013), the number of completers of the JHU Data Science Specialization - at

the time of this writing (n = 6,235 completers) - is almost double the entire output of
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masters students from the ten largest programs in statistics and the ten largest programs

in biostatistics combined (n = 2,056 degrees) over the years 2011-2013 (Higher Logic 2016).

The courses can be audited on Coursera for free, where students have access to all course

materials and all assessments that do not require peer feedback. All lecture materials and

textbooks for the courses are provided for free via Leanpub and GitHub, two platforms

that we will discuss in detail in later sections. A subscription to the specialization can

be purchased for $50 per month, which grants students access to peer graded assignments

and enables them to earn a certificate for each course they complete. Financial Aid is also

available from Coursera which students must apply for and is approved by Coursera on a

case-by-case basis.

The funds that we have raised through this program have been treated by our school

and department much like a grant award, which has given us a great amount of flexibility.

We have hired a full time videographer and a full time software and content developer,

in addition to partially funding other staff. Our combined efforts have resulted in the

creation of more online courses where we have reapplied and refined the innovations of the

Data Science Specialization. We hope that reinvesting in online education will allow us to

educate audiences we would not have reached otherwise.

Part of the reason for this success was simply the serendipity of launching the program

at the right time. But some of the innovations produced by the program made it unique and

have now led other groups to build on those ideas. In the following sections we summarize

the differences we think gave us an advantage and propose some ideas for the future of

data science education.

2 Philosophical principles behind our innovations

One of the key reasons for the success of the Johns Hopkins Data Science Specialization is

our focus on a few key principles:

1. focusing on developing large quantities of quality open source content,

2. targeting broad audiences as opposed to niche experts,

3. thinking about the users of online education.
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From the conception of the program, content was focused on our hypothesized motiva-

tions of online data science students. This lead to several strategic decisions - for example

to reduce production time to increase the speed of generating content. While the result-

ing reduction in production value could be seen as a negative, it was turned positive by

developing open source, modular, and public content that could be updated quickly. A

second strategic decision was to orient programs for introductory and general audiences,

rather than focusing on more technical material only accessible to experts with many pre-

requisites. This is part of a key general strategic decision to focus on the typical needs

of online education users. For example, the modal MOOC students take courses in their

spare time and arrive at the material with little background (Zheng et al. 2015, Dillahunt

et al. (2014)). Such learners would not be interested in courses and programs that have

typical universities requirements that a full time student would be able to meet.

The Data Science Specialization also differs from traditional university programs in

the amount of individual attention that each student receives from the professors and the

teaching staff. The ratio of instructors and staff to students fluctuates around one to one

thousand, therefore it would not be possible to scale traditional lectures, office hours, and

assignments without hiring as many staff as a small university. We attribute the success of

the program and our relatively small team to the innovations we discuss in the following

sections.

The pace of our courses is also much faster than a university course, which means that

students may take more than the prescribed four weeks in order to get through all of the

content in a particular course. Thankfully Coursera’s platform has built in flexibility which

allows learners to complete the course at their own pace. The relatively low ratio of course

staff to the number learners means that our courses can be offered at a much lower cost

compared to traditional programs. To compensate for the reduced individual attention

available to learners, we leveraged several emerging platforms that allowed our team to

scale data science learning to millions of learners.

Based on the previously discussed motivating principles we adapted our platform, con-

tent, structure and community to maximize our reach. We now detail several choices we

made in each of these categories.
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3 Innovations in Platform

3.1 Leanpub

The high cost of textbooks with frequent edition updates is one of the biggest justifiable

complaints from students (Nicholls 2009). From the beginning we had released all course

material under an open source license on GitHub. However, we needed a mechanism for

releasing affordable books and course notes. We used the Leanpub (Leanpub 2016) platform,

which offered a variable pricing model with no minimum payment required. Textbooks for

several of our courses including Statistical Inference for Data Science, The Elements of

Data Analytic Style (Leek 2016), and R Programming for Data Science (Peng 2016) have

sold collectively hundreds of thousands of free and paid copies on the platform. The self-

publishing model and markdown based writing format made it easy to translate notes

written for courses into textbooks and rapidly release both at the same time. Since then,

Brian Caffo, Roger Peng, and Jeff Leek have published a collective 12 books on Leanpub,

all available for free on a variable pricing model.

3.2 Capstones

After developing 9 courses for the data science specialization, all that was left was to build a

capstone project in which learners could apply all of the skills that they had learned through

the series in a larger project. The first capstone project was a collaboration between Johns

Hopkins University and SwiftKey, a company that made a predictive keyboard app for

Android phones. Partnership with industry brought on several political and legal challenges

but provided the opportunity for students to work on a project that was guided by experts

in the field.

The basic idea behind the capstone project was that students would have to take a

large corpus of text data and build a predictive model for text, essentially a streamlined

version of a task SwiftKey would have to do at production scale. Students had to build

a web application using the Shiny (Chang et al. 2015) framework for R. Shiny allows

students to rapidly prototype and share web applications which are written purely in R

code. We instructed students to build a web application where a user could enter a string
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of text into a textbox, and then the user would see the next predicted word. In order to

build the app students had to parse and clean a corpus of text data. In order to make a

algorithm students created n-gram models using any method of their choosing, though they

were encouraged to consider the runtime and the amount of memory that their algorithm

would require. Ultimately, they had to build a Shiny app that demonstrated the algorithm

to others. Each Shiny app was hosted on RStudio’s shinyapps.io platform (shinyapps.io

2016), and RStudio was generous to provide limited-time free hosting for all learners in the

capstone. Students graded each others assignments via Coursera’s peer grading system.

The rubric that students used to perform the peer assessment includes criteria for their

app responding quickly and being able to process input from new articles and social media.

SwiftKey’s engineers helped to develop the project and were gracious with their time by

offering to a live Google Hangout “office hours” where they answered questions from the

learners in the capstone course.

Since our original capstone project, we have developed a second capstone with Yelp.

Learners use data from the Yelp Dataset Challenge (Yelp 2018) which includes information

about the location of restaurants, user ratings, reviews, and more. In the capstone learners

must produce a written report and a slide presentation including R code and data visual-

izations in order to explore some part of the dataset. Learners have more freedom in terms

of what data they want to look at, and project topics have included how restaurant review

sentiment is related to ratings, how the social networks of Yelp users effect their influence

on reviews, and how business can use Yelp data to forecast sales.

Now, the capstone projects rotate between the two, giving learners an opportunity

to choose what type of project they wish to complete. Throughout the development of

capstone projects we focused on making the problems real, as ambiguous as possible so

that students would have to struggle with the same problems as practicing data scientists,

and interesting so students would be motivated to complete them.

3.3 Swirl

One of the challenges of providing personalized activities for large numbers of students is the

lack of interaction with an instructor. One approach we took to solving this problem was

10



to develop the swirl platform (Carchedi et al. 2014). The swirl R package walks students

through a linear interactive programming tutorial in the R console. Students progress

through swirl lessons by typing R command into the console, answering multiple choice

questions, or by writing their own R scripts. If a student’s answer is correct according a

set of answer tests provided by a swirl lesson author, then the student is allowed to move

on to the next exercise. If the student’s answer is incorrect then swirl offers them a hint.

Lessons for swirl can be written by anyone by combining a yaml structure for each lesson

that specifies the order in which questions are asked, the question type, and the correct

answer for a question.

swirl was built so student could learn programming, R and statistics in R (“learn R in

R”” is the catchphrase for swirl). It was developed by Nick Carchedi, Brian Caffo, Lauren

Williams, Ethan Schwartz, Gina Grdina, Sean Kross and Bill Bauer.

A key step was to incorporate swirl into Coursera via open education APIs. swirl has

since become a main component of the program and one of the most popular R packages

with over 600,000 downloads and it has garnered a community that has translated the

package into eight languages.

4 Innovations in Content

There are several elements in our data science program that are not formally addressed as

a part of a traditional statistics curriculum. We highlight these differences in Figure 2 by

contrasting topics covered in the Data Science Specialization with courses from comparable

academic programs. We include the Master of Data Science program from the University

of British Columbia in this comparison to provide a richer contrast between statistics and

data science curricula.

The first course in our program, called The Data Scientist’s Toolbox, aims to set up the

computational environment for students who are new to scientific computing. In this course

we address material that is usually left to students to figure out on their own or in office

hours including how to configure R and RStudio, the command line, Git, and GitHub, all

across different operating systems. Consider the rate at which new data science technologies

are being released, we believe that teaching students to set up their own programming
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environment is an essential skill to have as a data scientist.

Raw data is often not easily parsed or interpreted by computer programs, and preparing

raw data for analysis, modeling, and visualization is often the job of a data scientist. We

created a course called Getting and Cleaning Data in order to emphasize the importance

of these data preparation skills. Data preparation involves two general steps: first the data

must be imported into a programming environment where it can be manipulated, and then

the data is transformed into a structure that eases its later use. The importance of this

data janitorial work often neglected by traditional programs despite the fact that it often

occupies a significant amount of the time spent working with data (King & Magoulas 2017).

The importance of ensuring that one’s research is reproducible has entered the scientific

mainstream in recent years (Stodden et al. 2014), however the topic is often presented as

yet another infrastructure burden that is expected of a data scientist. We designed our

Reproducible Research course through a different philosophy by emphasizing how tools

like Markdown and knitr can aid a data scientist while developing an analysis. This topic

has been increasing in popularity and is now fundamental to many data analytic training

programs (Teal et al. 2015).

The results of a data analysis deserve to be communicated as widely and coherently as

possible, and this belief motivated the creation of our Developing Data Products course. A

large proportion of this course is dedicated to teaching Shiny, a web application framework

for R. Shiny allows students to create interactive web applications simply by writing R

code, which can there be shared online. This allows our students to share models and

data visualizations that app users can use without any knowledge of R. We also teach stu-

dents how to create their own stand-alone websites with R Markdown, featuring interactive

graphics and maps powered by the plotly and leaflet libraries for R. We believe that the

creation of data products is integral to the skill set of any data scientist.

While many of these skills - programming, getting and cleaning data, reproducible

research, and data products - were covered very well in individual classes at different

universities or in one off programs (Bryan 2015), they were not integrated into core curricula

in most statistics, biostatistics, and machine learning programs. One advantage we had

in distributing our content via Coursera was the ability to avoid vetting our program
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Figure 2: Comparison of Traditional Statistics Programs to the Data Science Specialization.

The role of statistical practices is integral to data science, however the scope of data science

programs extends beyond many of the courses offerings by traditional statistics programs.

We include the Data Science Specialization for comparison in addition to the Master of

Data Science program from the University of British Columbia.
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through a curriculum committee, which allowed us to quickly insert content we believed

was important but was not considered “core” to any specific discipline.

5 Innovations in Structure

Applying the lessons learned from their first three courses proved prescient. Several choices

in the structure of the program have contributed to the popularity of the Johns Hopkins

Data Science Specialization.

• Timing - the courses were created on an expedited time scale so the JHU DSS was

one of the only programs available at the time of its release.

• Cost - we insisted the course certificate be priced at $50 for a total program cost of

$500 including the capstone course.

• Frequency - before Coursera’s courses could be taken on demand, we decided to run

every course in the program every month. This was in contrast to previous MOOCs

that ran once or at irregular intervals modeled after university semesters.

• Length - we designed their courses to be one month long with a 2 week project

involved in each course. This fit into the schedule of career changers and people

doing the courses part time.

• Integration - the sequence was not cobbled together from existing courses, but

designed to follow the data science pipeline from beginning to end.

• Portfolios - each class had a project that was pushed to GitHub and peer graded,

resulting in a portfolio of work for each student completer.

Several of these innovations have now been adopted as standard practice at Coursera

and other MOOC platforms (Coursera 2015). Originally Coursera courses were offered

simultaneously with university courses on a semester schedule, or they were offered on an

irregular schedule. The Data Science Specialization was the first program on Coursera

where courses were specifically designed to be completed in four weeks, and every course

was offered every month, unlike a traditional semester system. This system of offering

every course every month has become known as offering courses on demand, meaning that

students could enroll in a course at any time. If a student can not complete a course because
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they enrolled in the middle of the month and do not have enough to finish, they are free to

finish the course the next month without any penalty. Coursera’s new platform and course

format makes these high-frequency sessions the default across its offerings, based on the

design principles of the Johns Hopkins Data Science Specialization.

At the time, the on demand format was strongly discouraged because of the fear of

increased labor required to migrate content and set up nine new course sessions on a

monthly basis. However after a trial period it became clear that running courses frequently

was greatly appreciated by students and resulted in no drops in quality of student experience

and enrollment. Another lesson was that making content more atomic across the board

was preferable in this format. In other words, whether for readings, lectures, modules or

classes, splitting was always better than lumping. Atomizing content created flexibility in

terms of organizing the course, so that if we felt that the order of course modules should

be changed partway through developing a course, we could easily rearrange the content.

6 Innovations in Community

One of the most inspiring parts of this work has been the opportunity to witness the

development of the community that has grown up around the specialization. We began

with free-for-all discussion forums that were specific to each course session where students

could discuss topics in class and seek help and feedback. Quickly these conversations spilled

over into other online venues like blogs and social media. Thanks to Coursera’s efforts

to harness this dynamic community’s eagerness to both give back and deepen their own

knowledge by helping others, we have had the pleasure of recruiting and relying on some

truly incredible Community Mentors (originally called Community TAs) who volunteer

their time to moderate the forums and guide new learners.

Like many instructors on the Coursera platform we still have significant in-person teach-

ing and research responsibilities. Therefore the Community Mentors constitute the front

lines of directly helping learners and answering their questions. Since learners are par-

ticipating in the course around the world, it is not practical for us to hold office hours.

Instead, Community Mentors and the Coursera staff closely monitor the forums in each

course, where they reply to forum posts by answering questions for students and directing
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them towards resources that have been helpful for students in previous iterations of the

course. In this way, the Community Mentors provide a social memory of issues that have

faced students in the past. In the event that a Community Mentor cannot provide an an-

swer to a student’s question, they can elevate that question to our attention so that we can

address it ourselves as instructors. To reach more students and to provide them with more

“face time,” we have experimented with answering some of the more complex questions we

have received in YouTube videos and in blog posts.

We also learned that many of these mentors and other learners were starting to pro-

duce help documents, lecture notes, study guides, and other materials to supplement the

specialization and assist new learners. Some people worried that this somehow constituted

cheating, but we saw it as a great way for the community to help guide one another and

fill in some of the gaps that we missed when developing the courses. In order to encour-

age these activities, we created the Data Science Specialization Community Site on GitHub

(DataScienceSpecialization 2016) and asked learners to contribute their work so that others

could easily find and use the materials.

7 The future of data science education

Since the development of our program there has been an explosion of data science programs

around the country (Tate 2017). The ubiquity of data and the training gap in students and

employees who can analyze this data means that data science education is likely to grow

over the short term. But given the similarity between these programs we believe that data

science education is becoming commoditized. The real value is no longer in generation of

content - which is now abundant and available for free on the internet. In the future value

will be driven by interactive education platforms such as swirl. It is also likely to be driven

by the associated value of being around experts in the field who can help to improve the

data literacy of students when they run into problems produced by rapidly changing open

source software.

Most importantly the large majority of traditional data science programs target one

major audience - technically minded undergraduate or early graduate students. But there

is a major opportunity to develop data literacy beyond these groups - both extending
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earlier in the curriculum and reaching across different disciplines. We imagine that much

of the growth in data science education will focus on these populations in the coming years.

Regardless of the platforms, content, or outcomes, the democratization of data demands

a democratization of data science education that started with the Johns Hopkins Data

Science Specialization.
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