
Data science is a burgeoning discipline that aims 
to develop methodologies and tools for ana-
lyzing large data sets to uncover insights that 
further research goals and facilitate decision 

making. Since its beginnings in the 1990s, the discipline 
has had origins in data mining and in the 2000s, with ad-
vances in computing, influences from big data analytics. 
Indeed, data, information collection, and the knowledge 
discovery pipeline describe what daily work in the field 
looks like. However, data science is also an interdisci-
plinary effort that does not exist independently or in 

isolation; instead, it should rightly 
be defined by its fruitful exchange 
of multiple knowledge areas: mathe-
matics, statistics, computer science, 
communication, and relevant appli-
cation domains.

C.F. Jeff Wu, in his 1985 paper, 
first used the term data science.1

Later, in his 1997 inauguration 
speech as the H.C. Carver Chair at 
the University of Michigan, Wu sug-

gested that statistics should be equivalent to “data science” 
and emphasized the need for large-scale computing and 
interdisciplinary training. With the recent and ongoing 
proliferation of data across all facets of life—generated by 
social media, smart devices, streaming services, real-time 
systems, and more—the desire to involve computation to 
effectively analyze data sets at scale to reduce uncertainty 
in decision making distinguishes data science today from 
its previous incarnations.

WHAT SKILL SETS ARE NECESSARY TO 
BE A SUCCESSFUL DATA SCIENTIST?
The analytic lifecycle in data science can be highly com-
plex and broad, as it caters to specific domains, but one 
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might extract the following, which may 
occur repeatedly, as the basic process. 
These steps do not always proceed lin-
early and, instead, are best viewed as 
an iterative and cyclical process:

1.	 Identifying the domain-specific 
problem at hand: What is the 
question that is being asked in 
the domain?

2.	 Interpreting the problem as a 
mathematical, statistical, and 

computational problem: What is 
an interpretation of the prob-
lem? Is it model development, 
optimization, simulation, clas-
sification, database develop-
ment, or something else?

3.	 Identifying data sets to use for 
solving the problem and collecting 
the data: What data sets are nec-
essary to address the question, 
and how large are they? What is 
their location—an on-site data 
server or a cloud server? Are 
there endpoints for accessing 
the data, and is the information 
available with open or closed 
access? What are the costs and 
rate limits associated with 
querying the data?

4.	 Cleaning the data: How do you 
preprocess and tidy the data, 
remove errors, handle missing 
values, and transform the infor-
mation into a form that is suit-
able for downstream analyses?

5.	 Establishing a solution: What 
approaches are promising to solve  
the problem? Are there tools, 
models, algorithms, and codes for 
answering the question? Is it  
necessary to integrate them? Is it  
necessary to develop new methods?

6.	 Conducting the analysis: What 
does the application of the 
method reveal? Are the results 
satisfactory? How reliable are 
they? Do they suggest the need 
for further analysis at any stage 
of the lifecycle and, if so, how 
should these changes be coordi-
nated and iterated?

7.	 Visualizing and communicating 
insights: What are possible inter-
pretations of the results in the 

problem domain? What is the best 
way to visualize the outcomes 
and communicate the approach 
to others? How can the extracted 
knowledge best be communi-
cated to facilitate informed and 
meaningful conclusions to be 
used in decision making?

The core skill set of data science 
must align well with data analysis pro-
cesses. It includes the following:

›› Basic information technology, 
for example, command line 
environments, remote login, and 
version control

›› Programming language skills, 
for example, integrated devel-
opment environments, software 
packaging (such as Anaconda), 
and coding in specific program-
ming languages (such as R, 
Python, Julia, and MATLAB)

›› Calculus and linear algebra, for in-
stance, convergence, derivatives, 
integrals, vectors, and matrices

›› Discrete mathematics, such as 
logic and inference, graphs, and 
combinatorics

›› Data structures and algo-
rithms, for instance, time 

complexity, search, and dynamic 
programming

›› Statistical analysis, including 
hypothesis testing, statistical 
inferencing, bootstrapping, 
regression analysis, and experi-
mental design

›› Machine learning and deep 
learning, for instance, supervised 
and unsupervised learning, deep 
neural networks, generative mod-
els, and federated learning

›› Databases and data warehous-
ing, for example, Structured 
Query Language, online analyt-
ical processing, and distributed 
databases

›› Simulation and optimization, 
including Markov chain Monte 
Carlo simulations, queuing 
theory, simulated annealing, 
gradient descent, and Newton’s 
method

›› Text, visual, and stream data, 
for example, the Fourier 
transform, wavelets, n-grams, 
word2vec, Bidirectional Encoder 
Representations From Trans-
formers, object recognition, 
machine translation, and latent 
semantic analysis

›› Data visualization such as cate-
gorical and numerical variables, 
the layered grammar of graph-
ics, scatter plots, bar charts, 
violin plots, histograms, and 
geographical mapping

›› Domain-specific knowledge, for 
instance, adjustment of gained 
knowledge to domains.

HOW LARGE IS THE  
SUPPLY–DEMAND GAP?
Applications of data science, and the 
desire to use data science, continue to 
rise. Unfortunately, the supply of data 
scientists, let alone those with the nec-
essary domain knowledge, is limited 
and, consequently, the gap between 
supply and demand is widening.2,3 
The National Academy “Roundtable 
on Data Science Postsecondary Edu-
cation” report4 states that society has 
been generating information at an 

The supply of data scientists, let alone those with 
the necessary domain knowledge, is limited and, 

consequently, the gap between supply and  
demand is widening.
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unprecedented rate, prompting devel-
opment of big data technologies and 
propelling demand for data skills.

HOW CAN THE PROBLEM  
BE SOLVED?
Despite the urgency for data science 
in research and industry, the domain 
continues to experience an absence 
of an effective, comprehensive edu-
cational plan that trains the existing 
workforce and present and prospec-
tive students for the field. Current ef-
forts respond to the need in different 
forms: massive online open courses 
(MOOCs) (for example, Coursera), on-
line courses (for instance, Linda.com), 
and degree/certificate programs (see 
the “Degree Programs in Data Sci-
ence” section). These resources have 
been made widely available and are 
intended for learners with different 
backgrounds and time commitments, 
and yet the demand continues to ex-
ceed the supply of practitioners.

We identify three principal reasons 
for the deficiency in data science educa-
tion. First, MOOCs experience high at-
trition rates despite allowing learners to 
progress using an individualized study 
plan; the time available for the work-
force to participate in outside-work 
learning is also limited. Second, exist-
ing degree programs do not cater to all 
application areas, and time commit-
ments for successful completion may be 
too demanding for people in the work-
force. Third, a shortage of data science 
educators remains an obstacle to out-
reach and exposure to the field.

How can this gap be best addressed? 
For data science learning programs,  
there is no “one-size-fits-all” solution 
because students’ educational back-
grounds are diverse. We must consider 
using standard, formal courses in ad-
dition to alternate and more flexible 
modalities to cater to needs among dif-
ferent backgrounds: microcourses, 
tutorials, workshops, hackathons, 
bootcamps, and internships. One can 
combine these to build a variety of 
curricula. Microcourses, workshops, 
and tutorials are useful for workforce 

training; hackathons are valuable 
for advocacy, and internship oppor-
tunities benefit degree programs and 
can be integrated as part of the curric-
ulum to enrich learning and provide  
real-world experience.

DEGREE PROGRAMS IN  
DATA SCIENCE
Perhaps the most critical component 
to the promotion of data science is the 
development and deployment of ded-
icated degree programs for university 
students. Dozens of U.S. institutions 
have begun this work and now offer 
B.S. degrees in data science, includ-
ing Columbia University, Colorado 

State University, Iowa State Univer-
sity, Northeastern University, The 
Ohio State University, the University 
of Rochester, and Yale University. Also, 
M.S. degrees in data science have been 
made available at schools including 
Carnegie Mellon University; Georgia 
Tech; Northwestern University; Stan-
ford University; Syracuse University; 
the University of California, Berkeley 
(UC Berkeley); the University of Miami; 
and the University of Washington. 
These programs aim to teach students 
fundamental knowledge and skills, 
give exposure to domain-specific ap-
plications, and, in many cases, provide 
opportunities through internships.

BASIC DATA SCIENCE 
TRAINING FOR COLLEGE 
STUDENTS
As the importance of data science 
grows in society, a question arises: 
Have data science skills become so in-
dispensable that every college student, 
regardless of major, must gain some 
basic mastery of the field? UC Berke-
ley, in addition to its data science 

degree programs, offers an interdis-
ciplinary introductory course (Data 
8) that enables students to gain a 
substantial amount of knowledge 
that can be adapted to any target do-
main of interest; the course has been 
highly influential and continues to 
have adaptations in the curricula of 
other universities, e.g., the University 
of Miami’s Data Science for the World 
for freshmen. Data 8 and its adap-
tations have few or no prerequisites 
and introduce students to program-
ming fundamentals and statistical 
inference. They also draw examples 
from real-life data so that they are 
relevant to students.

ADVOCACY
A prerequisite to growing a new gener-
ation of data scientists is to provide as 
much exposure as possible to the field 
and its practices. This, in turn, offers 
the best potential for attracting stu-
dents to degree programs and, ulti-
mately, careers in data science. There-
fore, we envisage a thick pipeline that 
targets students at every step in their 
academic career, from high school to 
the completion of undergraduate and 
graduate programs. We would like to 
see many of these students who are in-
terested in data science have exposure 
to the discipline through different for-
mats and modalities. Advocacy cam-
paigns should begin as early as pos-
sible to ensure that enough interest 
is generated: guest lectures to high-
school students led by data scientists 
in industry and university professors 
of data science, career fairs and ven-
ues that promote jobs in data science, 
and hackathons that invite hands-on 
experience with data science work 
and opportunities for networking 
with practitioners.

Perhaps the most critical component to the 
promotion of data science is the development and 

deployment of dedicated degree programs for 
university students.
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TRAINING THE TRAINERS
To respond to the growing demand in 
data science, we need many educators. 
The basic skills in data science come 
from a combination of computer sci-
ence, mathematics, and statistics.5 

Naturally, we entrust these disciplines 
to produce data science teachers, but 
the educators graduating from degree 
programs in these disciplines may be 
too few. Thus, we must take a more 
drastic approach. All the disciplines 
that utilize data science must incor-
porate training and encouragement 
for students to join the education 
force into their curricula. Education 
schools primarily produce teachers 
equipped with knowledge for lead-
ing general science classes and labo-
ratory sessions. However, in teacher 
training, the use of computing—and 
especially how to teach computing—
remains on the periphery of the curric-
ulum. Because computing is a major 
component of data science, with per-
haps the steepest learning curve, we 
suggest that a critical part of meeting 
the demand is to involve computation 
more aggressively in the curricula of 
education and scientific education 
disciplines so that the next generation 
of teachers becomes conversant with 
data and the use of computing tools 
when incorporating this knowledge 
into the classroom.

To address the demand for data 
scientists, educators must use 
every available opportunity. 

Data science education should be 
made available at all levels and include 
technical and domain-specific training. 

Equally important is the training of 
data science educators. 
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All the disciplines that utilize data science  
must incorporate training and encouragement  

for students to join the education force  
into their curricula.


