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1 Introduction and research questions

1.1 Motivation: how is data science fitting into academia?

In recent years, “data science” has grown in both industry and across academic fields. As a
term, data science became popular in the technology and business private sectors, with publica-
tions like the Harvard Business Review calling it “the sexiest job of the 21st century” (Davenport and
Patil 2012). Today in academia, there is a similar enthusiasm over the promise of data science to
transform both research and education. Universities around the world are increasingly develop-
ing courses, degree programs, institutes, initiatives, and schools specifically for data science. A
portion of these academic efforts are intended to train students for careers as data scientists and
data engineers outside of academia, where such skills are increasingly relevant across industries in
the private sector. Academic data science has also been described as an emerging interdisciplinary
field in its own right, providing a new paradigm of scientific inquiry that places concerns about
data and computation at the center of scientific research (Fox and Hendler 2014; Hey, Tansley, and
Tolle 2009; Mattmann 2013).

There has been much commentary and scholarship on careers in data science from a private
sector perspective, including what universities ought to teach students so they can be successful
in the private sector (Harris, Murphy, and Vaisman 2013; Manieri et al. 2015; Kim et al. 2016).
In a different line of research and commentary, there has been increasing attention on academic
career paths in general. In this study, we focus on career paths and prospects for those in academic
data science. For those on a traditional or even non-traditional career path within academia, are
positions in data science as attractive as they appear to be in the private sector? Or are the graduate
students, postdocs, research staff, and faculty who call or consider themselves data scientists facing
a somewhat different reception than their peers who have moved to the private sector?

In this report, we take an in depth look at this issue through a survey of members and affiliates
at three institutes dedicated to data science at major U.S. universities: the UC-Berkeley Institute for
Data Science, the eScience Institute at the University of Washington, and the Center for Data Science
at New York University. We surveyed students, researchers, staff, and faculty with connections
to these cross-disciplinary institutes, with 169 respondents completing our survey. More details
about the survey distribution, response rates, and demographics are in the appendix. This survey
research is also informed by an ongoing ethnographic and interview-based study of academic data
science institutes that four of the authors of this report are also conducting in parallel with this
research.

1.2 Previous work on academic careers across fields

While there have been no studies specific to the career paths of academic data scientists, many
of the issues and concerns we identified are common across academic career paths in general.
Previous literature has extensively surveyed and interviewed graduate students and early career
researchers, generally finding that there is substantial uncertainty and ambiguity for those seeking
academic positions (Russo 2011; Woolston 2017), with many “mixed messages” about if and how
they should pursue academic careers. (Woolston 2015) Researchers have found that between 25%
and 50% of graduate students become less likely to pursue academic research careers since starting
their graduate programs (Roach and Sauermann 2017; Russo 2011). One 2011 survey found that
60% of U.S. graduate students are discouraged from seeking academic careers because they believe
that traditional research careers are too competitive. (Russo 2011)

A joint report from the National Academies of Sciences and Engineering on “the postdoctoral
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experience” found many issues across fields: the number of PhDs has been rising faster than the
number of permanent positions; the proportion of researchers who take temporary positions (like
postdocs) has been rising; and the median number of years researchers spend in temporary posi-
tions after their PhD has also been rising (a median of 3-4 years as of 2011). (Sciences, Engineering,
and Medicine 2014) Previous research has tended to focus on more financial and economic factors,
such finding stark pay gaps between post-PhD researchers who choose to take postdocs then enter
non-academic positions, versus those who immediately take non-academic positions (Kahn and
Ginther 2017). In our study, we include questions about financial and economic factors, but also
find important issues around factors like intellectual freedom, the ability to work on interesting
and meaningful problems, work/life balance, and long-term job security. We also contextualize
these general issues with careers in academia to the specific domain of data science.

1.3 Research questions

Our primary and secondary research questions are:

• What is academic data science?

– To what extent do various academics in our sample consider themselves data scientists?
– How do self-identified data scientists define what it means to be a data scientist?
– What activities and resources are important to academic data scientists?

• What kinds of careers do data scientists have and want?

– What are the different kinds of career paths currently comprising academic data science?
– What are the long-term career goals and priorities of academic data scientists?
– To what extent are academic data scientists seeking or expecting tenure and other career

structures for their work?

• What do different kinds of groups within academic data science need?

– Can we cluster academic data scientists based on their goals and priorities?
– How do experiences and goals vary across clusters and demographic groups?
– What resources do academic data scientists say were helpful for their careers?

• What recommendations can we make for universities who want to support academic data
scientists?

1.4 Summary of recommendations

• Academic data science involves a variety of new topics, roles, and activities (as well as novel
combinations of established and new topics, roles, and activities), which are often not fully
supported by traditional academic career paths. As there is no single model of what an aca-
demic data scientist does, universities should define and support a broad and diverse range
of positions and career paths for data scientists, both within and across disciplines.

• For early career researchers, there can be substantial ambiguity and uncertainty about whether
their academic institutions will reward and support long-term career paths for those who fo-
cus on topics, roles, and activities associated with data science. Universities should facilitate
conversations within and across disciplines about formalized criteria and expectations for
both tenure-track and non-tenure-track positions in and around data science.
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• While salary is an important factor (with industry positions paying lucrative salaries), our
respondents generally placed even more value on secure, long-term employment and in-
tellectual freedom. Many academic data scientists are strongly seeking to avoid precarious
positions, not wanting to be exclusively funded by “soft money.” Universities should support
tenure-track positions for data scientists, as well as long-term career paths (e.g. with 3-5 years
of stability) for data scientists in non-tenure-track academic and research staff positions.

• Funding for research projects, computational infrastructure, and education/professionalization
initiatives has been crucial to the success of academic data scientists, which should be con-
tinued and expanded. To further support academic data scientists, universities should also
support a broad range of formal and informal training, mentoring, and professionalization
initiatives. Such efforts should include both events that take place within and across disci-
plines and institutions, as some issues may be broadly applicable but others may be quite
specific. Partnerships with industry-focused student career groups are also recommended.

• In working to support career paths in data science, it is important to work to support diver-
sity and inclusion across many dimensions, including gender, race/ethnicity, national origin,
class (including first generation college/grad students), and type of institution (e.g. large
research-focused universities, four-year universities, and small liberal arts colleges).

2 What is academic data science?

2.1 Summary of findings

• There is no single universal definition about what a data scientist is and/or does, but respon-
dents’ open-ended definitions emphasized various aspects, which have a family resemblance
to each other. The major themes we found are that data scientists are those who:

– work with data, particularly data with high volume, variety, or velocity; and have skills
in collecting, curating, and cleaning these kinds of data, in addition to analysis and
visualization

– develop and maintain computational resources (software and hardware) that support
scientific data collection, curation, cleaning, analysis, and visualization

– have specific combinations of expertise, such as computational, statistical, and domain
or context-specific expertise; many define data science as working at the intersection of
these fields

• We suggest that people have different definitions of data science because they have different
ideas about positions and career paths in data science.

• Being a data scientist is not a binary status: respondents had differing degrees to which they
did or did not self-identify as a data scientist, with a majority “somewhat” identifying as a
data scientist.

• Self-identification varied substantially across fields: approximately 82-88% of those in statis-
tics, mathematics, and the life, physical, and social sciences self-identified as a data scientist,
while only about half of the computer scientists and engineers in our sample self-identified
as a data scientist.
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• Our sample population is highly interdisciplinary, with two-thirds of respondents working in
multiple broad fields. Over a quarter of respondents’ definitions of data scientists specifically
discussed data scientists as those with expertise at the intersection of multiple fields.

• Positions in data science should reflect this interdisciplinary nature, such that both faculty
and staff positions should support those who work in and make contributions across multiple
fields.

2.2 Free response: What is a data scientist?

83 out of 169 respondents (49.1%) gave a response to the free response question “What is your
preferred definition of a data scientist? (if you have one).” The answers varied widely, emphasiz-
ing various aspects of the roles, responsibilities, activities, skills, qualities, and disciplinary back-
grounds – or stating that the term has no definition, as 5 respondents did. The mean length was
22 words, the median length was 18 words. We used an inductive and iterative grounded theory
approach (Glaser and Strauss 1967) to identify themes and sub-themes in the responses and label
each of the responses accordingly. These themes are non-exclusive, as definitions often included
multiple themes.

Table 1 shows the identified themes and sub-themes, with an example definition from a respon-
dent and the proportion of respondents whose definitions match the theme (out of all respondents
who gave definitions). The three primary themes were that data scientists 1) work with data (in
various ways); 2) develop tools, infrastructures, and/or methods for scientific research; and 3) have
a particular disciplinary background or expertise. The sub-themes highlight different shared spec-
ifications within these themes. For example, while 73% of all definitions included some reference
to working with data, only 10.3% of all definitions specified that data scientists work with data in
an inductive or data-driven manner. We also had multiple definitions drawing on Drew Conway’s
venn diagram of data science as the intersection of domain expertise, hacking skills, and statis-
tics/math skills (Conway 2013), as well as Josh Wills’s oft-quoted definition — “Someone who can
program better than any statistician and can do statistics better than any programmer.”1 Both of
these definitions fall into our top-level theme of defining data science as an intersection of exper-
tises.

While there has been much discussion and criticism of the term “data science” for not having
a unified or formal definition, we do not see cause for concern in the differences our respondents
gave. Disciplines, departments, and other established academic units have always struggled with
defining and formalizing their scope and role, as well as reconciling internal differences between
sub-fields. However, we find it constructive to consider that people in academic data science (and
beyond) may have different definitions of data science because they have different ideas about po-
sitions and career paths in data science. If we see definitions in this way, these differences become
more generative and productive, rather than incommensurable incompatibilities.

2.3 Data science as an interdisciplinary field

We asked respondents for both their primary field (where they could only select one) and the
fields they worked in (where they could select many), listing a traditional grouping of academic
fields that did not include data science. As Figure 1a shows, respondents were overwhelmingly
working in multiple fields, with 33.1% reporting working in only one field, 36.7% working in two

1https://twitter.com/josh_wills/status/198093512149958656
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Table 1: Themes in definitions of data science

Theme / sub-theme % Example definition from survey

Working with data 73.0% “Anyone primarily working with data”

Working with data with high
volume, variety, or velocity

29.5% “Someone who extracts knowledge from large or
messy datasets”

Working across a data work-
flow/pipeline

21.8% “A data scientist can work in any part of the data chain
from gathering, processing and QA/QCing data to
machine learning/data analytics.”

Doing analysis in an induc-
tive or data-driven manner

10.3% “Someone who does inductive quantitative research”

Developing tools, infras-
tructure, and/or methods for
science

12.8% “A data scientist not only gathers and/or uses data but
also contributes to the development of more powerful
tools and methods for gathering, processing, analyz-
ing data.”

Developing software tools 10.3% “Someone who develops tools to use data to do sci-
ence”

Disciplinary background /
expertise

59.0%

Computational 42.3% “Somebody who applies the tools of computer sci-
ence, programming, and data management to scien-
tific problems in one or more domains.”

Statistical 30.8% “Someone who employs advanced statistical tools and
machine learning to analyze data in a specific field or
area or for a specific purpose.”

Domain / context-specific ex-
pertise

30.8% “Someone who uses large data sets to answer scientific
questions and also has domain expertise”

Conway’s definition 7.8% “A data scientist has the right balance of domain ex-
pertise, computing and hacking skills.”

Wills’s definition 2.6% “Someone who can program better than any statisti-
cian and can do statistics better than any program-
mer.”
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fields, and 30.2% working in more than two fields. Figure 1b shows the breakdown of each field
by primary and secondary field. In terms of primary field, there was a roughly even proportion
between the physical sciences (19.6%), social sciences (17.9%), computer science (17.3%), math and
statistics (14.3%), and the life sciences (13.7%). However, the number of respondents working in
various fields was much higher, such as 43.8% working in computer science, 38.5% working in the
social sciences, and 33.1% working in math and statistics. Other fields that were less represented in
terms of primary field were far more represented in secondary fields: only 3.6% selected engineer-
ing as their primary field, but 22.5% reported working in engineering; 1.8% selected the humanities
as their primary field, but 12.4% reported working in the humanities.

(a) Number of fields (b) Breakdown of primary and secondary fields

Figure 1: Respondents by academic field

2.4 Identification as a data scientist

Respondents all had some formal relationship to one of the three institutes of data science,
as we recruited using lists of those who had formal positions at, were funded by, or had some
affiliation with the three institutes. However, not all respondents equally self-identified as data
scientists. We asked respondents to what extent they identified as a data scientist, giving a five-
point Likert scale of “strongly disagree” to “strongly agree” with a “don’t know” option. While
only 3 of 169 respondents chose “don’t know”, the distribution of responses was mixed, as Fig-
ure 2a shows. Approximately three quarters of our respondents considered themselves to be data
scientists, with 50.6% selecting “somewhat agree” and 26.8% selecting “strongly agree”. Figure
2b plots the self-identification as a data scientist by primary field, showing some interesting dif-
ferences between fields. All of the respondents in the business, economics, and finance group
either somewhat or strongly identified as a data scientist, while none of the respondents in the hu-
manities group identified as a data scientist. Outside of the humanities, the fields with the lowest
proportion of respondents who identified as a data scientist were engineering (50%) and computer
science (55.2%). The remaining fields all had roughly equivalent proportions, between 82% and
88% identifying as data scientists.
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(a) Responses for ”I consider myself a data scientist”

(b) Breakdown of identification as a data scientist by primary field

Figure 2: Respondents by academic field

3 What activities do academic data scientists want to do?

3.1 Summary of findings

• There are various activities which our respondents almost uniformly valued highly. We rec-
ommend that academic data science positions across specialties, ranks, and academic/staff
tracks should be structured to support and reward these activities, even if they are not a
primary duty of the position:

– conducting research for academic publications
– advising students
– collaborating outside of their institution
– doing research in an open and reproducible manner
– attending conferences

• There are many activities where respondents diverged on importance, indicating areas of
specialization. Not all data science positions must to involve these activities, but it is impor-
tant to have flexible career paths where they can become part of a data scientist’s core duties.
These are:

– developing/maintaining computational resources
– research consulting
– writing grants
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– teaching short workshops and traditional semester/quarter-length courses
– traditional academic service
– managing a group or lab

• Existing career paths in academia are often segmented into activities typically performed
by faculty and non-faculty. Many data scientists do not neatly fit into these existing career
paths. A large proportion of our respondents want positions where they combine elements
of faculty and non-faculty roles. Some of the clusters we have identified include:

– Computational research data scientist: develop computational resources and do re-
search work for academic publications

– Teaching data scientist: teach short workshops and traditional semester/quarter-length
courses

– Consulting data scientist: do research consulting for academic researchers and advise
students

• Those who strongly self-identify as a data scientist generally value developing computational
resources, teaching courses and workshops, and research consulting more than those who do
not. Otherwise, data scientists and non-data scientists generally place the same importance
on activities.

3.2 Descriptive statistics about value of various activities

We asked respondents about “how much you value being able to do the following activities”,
specifically asking “in your ideal academic position, how important would it be for you to do the
following activities?” There were seventeen different activities, including activities:

• that are officially a part of some academic positions (e.g. teaching courses, advising students,
research work)

• that many in academic positions do even if they are not part of a job description or formal
duties (e.g. attending conferences, developing computational resources, maintaining an aca-
demic social media presence),

• that are characteristic of certain styles of academic work (e.g. collaborating outside of one’s
own institution, making research open/reproducible), and

• that are not academic duties but instead reflect work/life balance issues (e.g. having/raising
children, “the rest of life”)

Respondents were given a five-point Likert scale ranging from “not at all important” to “very
important,” with an “I don’t know” field at the end of the scale. Figure 3 plots the mean response
for each activity, with responses coded as 5 for “very important,” 1 for “not at all important,” and
“don’t know” coded as 3.
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Figure 3: Mean activity importance for all respondents.

Figure 4: Distribution of responses for activity importance across all respondents
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The highest valued activities and those with the smallest standard deviations were “the rest
of life” (meaning that people valued their life outside of academia, capturing work/life balance),
with a mean value of 4.70 (standard deviation of 0.73) and research work for academic publications,
with a mean value of 4.60 (standard deviation of 0.86). Other activities with a mean response of
over 4.0 were:

• collaborating outside one’s own institution (x̄ = 4.31, s = 0.95)

• advising students (x̄ = 4.45, s = 0.94)

• making one’s research open/reproducible (x̄ = 4.17, s = 1.14)

• attending conferences (x̄ = 4.10, s = 1.12).

These activities also had the lowest standard deviations, indicating more agreement between re-
spondents than for other activities. These activities, with the exception of “the rest of life,” can all
be thought of as essential elements of building a highly visible and successful academic research
career. Furthermore, it is important to support work/life balance across all academic positions and
career stages.

The lowest valued activity was taking courses (x̄ = 2.39, s = 1.33), which likely reflects the
career status of our respondents. Also less valued on average was maintaining an active academic
social media presence (x̄ = 2.62, s = 1.39) and research consulting – for both other academics
(x̄ = 2.90, s = 1.47) and those outside of academia (x̄ = 2.76, s = 1.47). These are often considered
activities that are peripheral to a research-focused academic career, even though they may provide
many benefits to an institution and the broader research community.

Figure 4, a stacked barplot showing the distribution of responses to this question, illustrates
that activities like research consulting for academics are not uniformly less valued, but rather that
there are fewer respondents who value it very highly: 18.2% of respondents stated research con-
sulting for academics would be ”very important” in their ideal position. Other professional activ-
ities with broad distributions (and higher standard deviations) include writing grants (s = 1.56),
developing/maintaining computational resources (s = 1.46), and teaching courses (s = 1.43). It
is important to not forget about the subgroups who rate these activities as highly important to
them, as they often perform valuable specialized roles that bring many benefits to academia,
but may not be sufficiently rewarded and supported by traditional academic career paths.

3.3 Factor analysis for activities valued

We then grouped respondents by their value of these activities, running a factor analysis seek-
ing to cluster these activities, using R (R Core Team 2016) and the psych (Revelle 2017) package.
We first included the ideal value of all activities except taking courses, having/raising children,
and “the rest of life.”2 The factor analysis was directed to reduce dimensionality to two factors,
and identified three distinct clusters of variables across two dimensions, as shown in the biplot in
figure 5. The two factor analysis dimensions explain 28% of the variance between the responses
across the 12 activities. The cluster aligned on the positive X axis mostly includes the highly rated
activities related to a research career in the preceding section: advising students, teaching courses,
managing a lab/group, and research work. The cluster aligned on the positive Y axis includes
teaching workshops, research consulting for academics, consulting for public/private sector, at-
tending conferences, maintaining an active social media presence, and collaborating outside of

2We excluded these two activities because they capture issues of work/life balance, which we expect to be a separate,
orthogonal factor for data scientists choosing career paths than the combinations of various at-work activities.
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one’s institution. The cluster aligned on the positive diagonal of both axes contained writing grants,
attending conferences, and traditional academic service.

The orthogonal nature of these two main clusters of activities is interesting and raises further
research questions. While there is a clear clustering of activities that reflects traditional academic
roles, there is no strong division in our sample between these two clusters. This is shown in Figure
5, which also plots the regression scores for all respondents. This shows a wide distribution of
people across all four quadrants, indicating a diversity of different sets of activities that peo-
ple want to perform. For example, there are people who want to exclusively focus on traditional
faculty activities like research and teaching courses, while there are those who want to do this
and tasks like developing computational resources, teaching workshops, and research consulting.
Similarly, there are those who want to exclusively focus on these traditionally non-faculty tasks
and not do tasks like research and teaching courses. We were surprised to the degree to which our
respondents varied in the sets of tasks that they valued, and we believe that it demonstrates that
there are various ways that people want to pursue their data science careers in academia.

Figure 5: Factor analysis for activity variables, with variable loading scores in red arrows and
regression scores for respondents in points
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3.4 Activity importance based on self-identification as a data scientist

We also broke out activity importance responses by self-identification as a data scientist. As
discussed in section 2.4, responses to the question ”I consider myself a data scientist” of strongly
disagree, somewhat disagree, and don’t know were recoded as “No”; somewhat agree was recoded
as “Somewhat yes”, and strongly agree was recoded as “Strong yes.” 50.6% of respondents were in
the “Somewhat yes” category, 26.8% in the “Strong yes” category and 22.6% in the “No” category.

We broke this response down into the three levels after suspecting strong differences between
the ”somewhat yes” and ”strong yes” groups. Figure 6 plots the difference in mean importance
ratings for each activity between the Strong yes and Somewhat yes groups. Positive values indicate
activities that are valued more by those who strongly identify as data scientists, negative values
indicate activities that are valued more by those who only somewhat identify as data scientists.
We ran individual linear regressions predicting the ordinal identification as a data scientist (1 to 5
scale) by the value of various activities.

Activities that are valued more by those who strongly identified as data scientists by a statis-
tically significant measure include: developing computational resources (score=.15, p=0.021) and
research consulting for academics (score=.13, p=0.039). For all other activities, there was no statis-
tically significant difference between the Strong yes and Somewhat yes groups. Respondents who
did not identify as data scientists placed a mean importance of 3.29 on developing computational
resources, compared to a mean of 3.93 for those who strongly identified as data scientists and a
mean of 3.71 for those who somewhat identified as data scientists.

As this survey is more exploratory and not based on testing a strict set of hypotheses, we advice
against interpreting these regressions to strictly generalize and infer about broader populations.
Given the number of multiple comparisons made in these 17 regressions, applying a Bonferroni
correction means our p-values should only be interpreted as significant at the 0.003 significance
level. We therefore cannot confidently infer that there are meaningfully significant differences in
activity preferences between what those who do and do not identify as data scientists. This is likely
because there is a broad diversity among data scientists in terms of what kinds of activities they
would like to do. We do recommend that future work in this area focus heavily on the activities of
developing/maintaining computational resources and research consulting in the context of data
science careers.
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Figure 6: Difference in activity importance based on self-identification as a data scientist.

4 Resources and structures that academic data scientists need

4.1 Summary of findings

• Out of all respondents without Principal Investigator status, an overwhelming majority (82.7%)
want PI status as part of their academic position. The ability to do one’s own research is very
important to almost all of our respondents. This suggests that the limitation, in some places,
of PI status to ladder-rank faculty may discourage the development of some groups of data
scientists.

• There are several resources that were uniformly highly valued by our respondents, and uni-
versities should make these available to those in various career paths across data science:

– Computational resources (e.g. servers, cloud computing)
– Digital library collections (e.g. publication databases)
– Funds for research (including conference travel)
– Ability & funding to hire students and/or postdocs to assist in research
– Administrative staff

• Respondents also listed a wide variety of formal and informal structures that have been useful
for their careers in academic data science, including: official and unofficial mentors, informal
peer learning or discussion groups, cross-disciplinary institutes of data science, discipline-
specific and cross-disciplinary training and education initiatives, and a wide variety of grant
funding.
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4.2 Principal Investigator status

We asked respondents if they currently had principal investigator status (specifying that those
with PI status “can independently apply for and receive research grants from government agen-
cies or foundations”). Eighty-eight respondents (52.1%) had PI status, 77 (45.6%) did not, and 4
(2.4%) did not know. We then asked if respondents “in your ideal academic position, would you
be applying for and receiving research grants from government agencies and/or foundations as a
principal investigator or co-PI?” Out of the 81 respondents who did not currently have PI status
(including those who did not know if they did), 67 respondents (82.7%) would want PI status, 9
(11.1%) would not want PI status, and 5 (6.2%) did not know.

(a) Current PI status (b) Ideal PI status

Figure 7: Questions about principal investigator status

4.3 Resources provided by universities

We gave respondents a list of 12 resources, asking how important it would be that ”your em-
ployer provide the following to you?” Respondents were given a five-point Likert scale ranging
from “not at all important” to “very important,” with an “I don’t know” field at the end of the
scale. Figure 8a shows the distribution of responses for each resource and Figure 8b plots the
mean response for each activity, with responses coded as 5 for “very important,” 1 for “not at all
important,” and “don’t know” coded as 3. The resources with the largest proportions of “very
important” or “somewhat important” ratings were: computational resources like servers or cloud
computing (94.0%), a travel/research budget (92.8%), administrative resources (90.5%), ability &
funding to hire grad students and/or postdocs (89.8%), and digital library resources / publication
databases (89.3%). On average, the lowest values were to discipline or field specific resources, but
even these had larger proportions of ”very important” or ”somewhat important” ratings than their
mean responses may indicate: museums, archives, physical collections (28.6%), human subjects for
research (29.7%) and scientific instruments (31.7%).
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(a) Stacked barplot showing the distribution of responses for resource importance.

(b) Mean resource importance for all respondents.

Figure 8: Resource importance for all respondents
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4.4 What structures helped in your career?

Seventy-five out of 169 respondents (44.4%) gave a response to the question ”Please list any
institutional or organizational structures (e.g., mentoring networks, advising, grants, training op-
portunities, brown bags) that have helped support you in pursuing your ideal career path.” Re-
sponses included a rich set of resources at various scales, spanning interpersonal relationships,
local departments and research institutes, university-specific and cross-university programs and
resources, discipline and field-specific programs and events, interdisciplinary collaborations and
events, and national and international grant agencies. The mean length was 23 words, the median
length was 10 words.

We analyzed these free response questions first by reading them by hand to identify common
thematic elements. We then proceeded computationally, with Python functions that allow us to
find the proportion of statements that contain at least one term from a set of terms. Our function is
case insensitive and allows us to match on partial terms, such as having ”thon” match ”hackathon”
or ”datathon” This is useful in helping identify what proportion of respondents who gave an an-
swer included a set of terms.

Of those who provided a response, 34.7% included some kind of term referring to advisors
and mentors.3 34.7% included terms referring to meetings, conferences, and networking events.4
30.7% included terms that referred to ad-hoc or interdisciplinary training and education events or
centers.5 Finally, 44% of included terms referring to grants, funding, and foundations.6

We place particular importance on providing a wide range of mentoring, networking, and other
types of events where graduate students and early career researchers can receive career advice. A
2017 Nature survey of graduate students across fields found that “PhD students are largely finding
their own career advice online. Just one-third credited advice from a supervisor as a reason for
their career choice” and only 20% credited career-specific training events or seminars. (Woolston
2017) While we have generally focused on academic career paths in data science in this project, we
also stress that it is important to give graduate students and early career researchers opportunities
to learn about and compare a broad range of career options, both inside and outside academia.

5 Career goals and priorities

5.1 Summary of findings

• In terms of career priorities, financial compensation is an important factor, but it is far from
the only issue that respondents consider. On average, respondents in our sample:

– place a higher importance on having secure, long-term employment, intellectual free-
dom, and “being around smart people”.7

– place less importance on having a lifetime appointment and high influence in the uni-
versity.

• For many early career data scientists, existing academic career paths and structures do not
generally provide much confidence and stability for doing the kind of work they want to do.

3 Terms: [’mentor’, ’profes’, ’facul’, ’advisor’, ’adviser’, ’coach’]
4 Terms: [’conf’, ’network’, ’event’, ’brown bag’, ’fair’, ’summer’, ’meetup’, ’meeting’, ’workshop’, ’thon’, ’hack’]
5 Terms: [’bootcamp’, ’boot camp’, ’workshop’, ’carpentry’, ’igert’, ’hacker within’, ’thw’, ’training’, ’dlab’, ’d-lab’]
6 Terms: [’grant’, ’fund’, ’fellowship’, ’mellon’, ’nih’, ’nsf’, ’foundation’, ’sloan’, ’moore’, ’award’, ’big data hub’, ’dse’,

’national science foundation’]
7We phrased “being around smart people” to capture a sentiment we have heard frequently expressed in our inter-

views with data scientists.
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– A majority of our respondents are strongly considering a position outside academia.
– About two-thirds would not be comfortable with taking either an adjunct faculty posi-

tion or a “soft money” position that is entirely dependent on grant funding.
– Fewer than half of those in non-ladder rank positions believe that universities typically

grant tenure to top candidates that do the kind of work that they do.
– An overwhelming majority do not want a tenured position if it would mean they would

not be able to do the kind of work they want to do.

• We identify two related but distinct factors: first, wanting to stay in academia versus take
a position outside academia; and second, wanting a tenured faculty position versus a non-
tenurable position.

– Using a factor analysis, we plot non-tenure respondents on this two-axis grid. Our re-
spondents fall into all four quadrants, indicating a broad range of situations, experi-
ences, and priorities.

– There are early career data scientists who want to stay in academia and believe that
tenure is both beneficial and likely for them. There are also many data scientists who
want to stay in academia but do not think tenure is beneficial and likely, as well as those
who do thing tenure is beneficial and likely but do not want to stay in academia.

– We place particular emphasis on doing further research and outreach to support the
quadrant of those who want to stay in academia, but do not believe that tenure is worth
it (or likely) in their case.

5.2 Descriptive statistics

5.2.1 Career goals

We asked 15 questions about future career goals: 9 questions about general career goals, then 6
questions about tenure asked only to non-ladder-rank faculty. Figure 9a shows the distribution of
responses for these questions on career goals for all respondents except tenured and tenure-track
faculty. In general, these statements had wider distributions than other similar Likert questions:
all but one question had a standard deviation greater than 1.25 (tenure not worth it). The greatest
variance was on the statements about whether their primary career goal was tenure (x̄ = 2.99, s =
1.56) and whether they were strongly considering a non-academic position (x̄ = 3.14, s = 1.58).

Respondents expressed the strongest disagreement with the statements that: no amount of
money would get them to leave academia(x̄ = 2.17, s = 1.33); that they would would pick tenure
over being able to do the work they wanted to do (x̄ = 2.17, s = 1.32); that they would be com-
fortable with a 100% soft money position (x̄ = 2.19, s = 1.37); and that they would be comfort-
able with an adjunct faculty position (x̄ = 2.30, s = 1.45). Respondents expressed the strongest
agreement with the statements that: they would do equally interesting work in a non-academic
position (x̄ = 3.78, s = 1.30); they would do equally meaningful work in a non-academic position
(x̄ = 3.54, s = 1.35); and they would strongly prefer to stay in the same region (x̄ = 3.57, s = 1.51).
We interpret these results to mean that respondents generally wanted to do work that was meaning-
ful and rewarding, and find academia to be a home for that kind of work — but they worried about
life in a soft-money or adjunct position. Furthermore, most could be induced to leave academia
with enough money, because they believe they could find interesting and meaningful work in a
non-academic position.
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5.2.2 Career priorities

We also asked 9 questions about priorities, rating how important various criteria were in their
ideal academic position. Figure 9c shows the distribution of respondent values. Some of the most
universally important priorities were intellectual freedom in research (x̄ = 4.80, s = 0.60), being
around smart people (x̄ = 4.79, s = 0.50), and long-term, secure employment (x̄ = 4.46, s = 0.97).
The lowest priorities on average were influence in the direction of the university ((x̄ = 3.48, s =
1.34) and lifetime employment (x̄ = 3.51, s = 1.44), although these also had the highest standard
deviations. There are a subset of respondents who highly value these core components of tenure,
but they are in general less important than other factors. We particularly call attention to the strong
difference between the value of lifetime employment versus long-term, secure employment, which
indicates that there are a substantial proportion of junior academics in our sample who do not
necessarily need lifetime employment of tenure-track positions, but need more long-term security
than post-PhD academic positions typically provide.
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(a) Career goals for tenure (asked only to non ladder-rank respondents

(b) Career goals (asked to all respondents)

(c) Career priorities (asked to all respondents)

Figure 9: Stacked bar plot of responses for career goals and priorities, showing distribution of values
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5.3 Factor analysis for career goals and priorities

To explore the clustering of respondents’ career goals and priorities, we ran a factor analysis
on a large number of goals and priorities, using R (R Core Team 2016) and the R psych (Revelle
2017) package. The two factors explained 31% of the variance in the set. We found two distinct
dimensions (Figure 10a). The positive factors on the X axis are generally associated with valuing
tenure, those negative on the X axis were associated with not valuing tenure. The positive factors
on the Y axis are associated with going outside academia, while the negative factors on the Y axis
are generally associated with staying in academia. However, there is much variance and overlap
with this many factors, and so we ran a second factor analysis with fewer variables (Figure 10b).
We excluded variables like wanting to stay in the same region that had more variance across these
factors and are likely capturing issues that are orthogonal to these two factors. In this more focused
factor analysis, the two factors explained 39% of the variance in the set. We then used these factor
scores to cluster respondents into four groups:

(a) Exploratory factor analysis with many goals and priorities (b) Factor analysis with fewer goals and priorities, used for clustering
respondents into groups

Figure 10: Factor analyses of goals and priorities, with variable loading scores in red arrows and regres-
sion scores for respondents in points.

On the X axis, the factors positively associated with valuing tenure were:

• GoalTen: My primary career goal is to be a tenured professor

• TenureWorthIt: I believe that the advantages of tenure are worth what it takes to get tenure.

• TenureOverAuto: If I had to choose between taking a tenure-track position and being able
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to do the kind of work I want to do, I would pick the tenure-track position (autonomy).

• TenureOverTier: If I had to choose between a tenure-track position at a lower-tier university
and a non-tenurable position at a top-tier university, I would pick the tenure-track position
at a lower-tier university.

On the X axis, the factors negatively associated with valuing tenure were:

• TenNotWorthIt: I believe I can get many of the advantages of tenure without going through
the tenuring process.

• ConsiderNonAc: I am strongly considering a career path outside of academia. (this factor is
also positively associated with the y axis, i.e. going outside of academia)

On the Y axis, the factors positively associated with going outside of academia were:

• NonAcInteresting: If I took a job outside of academia, I would do equally interesting and
engaging work.

• NonAcMeaningful: If I took a job outside of academia, I would do equally meaningful work.

• ConsiderNonAc: I am strongly considering a career path outside of academia.

On the Y axis, the factors negatively associated with going outside of academia were:

• NeverLeaveAc: There is no salary or benefit package that could induce me to leave academia.

Plotting each non-ladder rank respondent by their regression score for the two factors shows
a wide distribution across all four quadrants. The stacked bars across each axis in Figure 11a are
histograms, showing that the factor for tenure worth it is relatively evenly distributed, while the
factor for going outside academia is more concentrated in the positive direction.

(a) Joint scatter and histogram plot of factor
scores

(b) Scatterplot of factor scores, segmented by self-identification
as a data scientist

Figure 11: Scatterplot of factor scores (Y axis: go outside academia versus stay in academia; X axis:
tenure worth it versus tenure not worth it) for non-ladder rank respondents
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6 Portraits of academic data scientists facing challenges in career paths

In coordination with the ethnographic and interview-based research into academic data science
— both at the three institutes surveyed and beyond — we created fictional composite portraits to
illustrate how this two-axis mapping is useful for understanding the challenges that many aca-
demics in data science are facing. These portraits do not represent real individuals, but they are
synthesized from real situations, issues, and concerns of many individuals in academic data sci-
ence. These portraits represent the extremes of our grid and are intended to be useful for thinking
about different kinds of problems and solutions.

• Una: the undecided graduate student, who does not know what career paths looks like in or
out of academia and how they might fit into them.

• Inteus: the interdisciplinary postdoc researcher, who publishes and teaches across many
fields. Inteus wants to remain in academia in a tenure-track position, but she finds it difficult
for a single discipline to recognize her work.

• Sergei: the postdoc who provides much service to others, through open source software
development and research consulting for academic labs. Sergei is certain he wants to remain
in academia, but doesn’t know if he wants a position on or off the tenure track.

• Steph: the staff researcher who has long been funded through short-term “soft money” po-
sitions. Steph is certain they don’t want a tenure-track position and would like to remain in
academia, but they want more stability, leadership roles, and a respected title.

• Naomi: the Ph.D student with non-academic goals, who knows she wants an industry po-
sition. Naomi would love to build bridges between academia and industry, but she finds
herself alienated by students and faculty when she seeks advice for non-academic positions.

• Constance: the postdoc who wants a tenure-track faculty position, but has various issues and
constraints that make it difficult for her to stay in academia, so she is seeing other careers.

Figure 12: Placing composite portraits on the two factor axes
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6.1 Inteus: the interdisciplinary researcher

Inteus’ is a second-year postdoc at an academic data science institute, currently funded by a
cross-domain research grant. She received her Ph.D from a social science discipline, but constantly
collaborates not just across the social sciences, but all around academia. Her research — which
leverages new computational techniques to analyze and visualize data at scale — has always been
interdisciplinary, although she did not set out to be that way. Because of the scientific questions she
was interested in, she always had to look beyond her own disciplinary silo to take her research to
the next level. She also had to acquire computational tools and methods that are not traditionally
associated with her discipline. She faced the amused indulgence, skepticism, and sometimes harsh
criticism of her colleagues... until she found her way to an academic data science institute. Her
efforts have paid off, and her publications record should make her a perfect tenure candidate for
any forward looking academic institution. Yet her first year on the job market has proven otherwise.
Because she has published across the social sciences, computer science, and statistics, her work
hasn’t been recognized by hiring committees in her discipline. Her contributions to open source
software packages have also been completely ignored. To get a job next year, she figures she will
have to play it safe and refocus her application to questions and frameworks traditionally associated
with her discipline. Once she lands a job, she hopes she can convince her colleagues and tenure
committee that her data science expertise is a great asset for her department and students.

6.2 Sergei: provides service to other academics

Sergei is a fourth-year postdoc in a physical science lab. While his Ph.D was in the physical
sciences, he also gained many skills in the computational analysis of large-scale data pipelines. He
also became deeply involved in open source scientific software projects now used across academia
and industry. He could easily get a high-paying job in industry, but he knows that he wants to
stay at a university — intellectual freedom is the most important value for him, and his spouse is
adjunct faculty on the other side of campus. If you asked his advisor, she’d tell you that Sergei
could have been a great candidate for the academic job market. He comes from a reputable lab,
worked on innovative research questions, and made their lab and others far more efficient through
his software. People around the world ask for his advice on what kinds of hardware and software
to use for their work, and he routinely speaks at data science conferences. Yet this service work is
becoming a source of tension between Sergei and his advisor. His advisor does sees the benefit of
having a dedicated, computationally-savvy person like Sergei in the lab. But she worries that all
this service work is taking him away from what she thinks should be his primary focus: publishing
academic papers in their field. Sergei’s advisor would love for him to have a career in academia,
but it has been difficult to either find him tenure-track position or keep him funded in her lab. The
current grant that funds Sergei’s position (and thus indirectly supports labs around the world) is
running out. Especially with a growing family, he is seeking a more stable, long-term position.

6.3 Steph: the staff researcher

Steph is a staff researcher who received their Ph.D over ten years ago in computer science, but
always knew they did not want to go on the tenure track. Steph has worked on a variety of research
projects around machine learning in both academia and industry, and they are currently funded
50% by a short-term grant for a life science lab and 50% by an academic data science institute.
Steph cares about working on interesting and diverse projects they care about, solving seemingly
impossible technical challenges, being surrounded by smart, dedicated people, and walking their
dog twice a day. Until recently, Steph really enjoyed the flexibility that these short-term positions
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gave them, which were a good way to work on the project-based approach that they’re especially
good at. And because they embrace new trends and technology long before everyone, they never
really had to look long for a new job when funding or a contract ended. But after a decade, Steph
is finding they have more to contribute to academia than just their machine learning expertise, as
they find themselves informally mentoring, advising, and managing across the university. They
are becoming more involved in shaping the direction of the institution around data science, and
for the first time, Steph feels like they’re in an institution they could call home. Yet because of how
career paths and human resources work at Steph’s university, their official position is a yearly-
renewed contract with the title “assistant researcher” – something they say with a laugh every
time they introduce themselves in meetings full of faculty and university leadership. Meanwhile,
they are constantly headhunted by local industries.

6.4 Naomi: non-academic goals

Naomi is a fourth-year Ph.D candidate in statistics, with hopefully just one more year to go
before graduating. Currently, she is funded by a data science fellowship that lets her spend time
in an academic institute of data science while working on her dissertation. She often brings funda-
mental principles of statistics into conversations with the domain researchers who are using statis-
tics to tackle a wide variety of problems. When she started graduate school, Naomi believed that
high-quality, reproducible, statistically-sound science in all domains can improve people’s lives
and make the world better. She still lives by this statement, although she is not sure that work-
ing in academia is where she can have the most impact. She has also done an industry internship
and found that she prefers the culture of industry to academia. Yet even though she has decided
she’s not going to pursue an academic career, Naomi plans to complete her PhD. But ever since she
publicly discussed her decision to leave academia, she feels that people are distancing themselves
from her. She has also found it extremely difficult to find useful resources on campus to make her
application stronger and get the necessary professional training that she might need. In order to
make her transition easier she would have liked to have more contact with alumni, or representa-
tives of private or public sectors that have been known to benefit from hiring PhDs. In the future,
she hopes to be able to build more bridges between academia and the rest of the world.

6.5 Constance: Academics with various constraints

Constance is in the quadrant of those whose goals strongly align with the duties and roles of
tenured faculty, but are nevertheless are strongly seeking to leave academia. Constance’s portrait is
the most difficult to generalize, as those in this quadrant face a wide range of issues and concerns.
For example, Constance could have a strong personal geographic constraint, not being able to relo-
cate to a university that may offer her an otherwise ideal tenure-track faculty position. Constance
could be a foreign Ph.D student facing issues over visas and residency, finding that companies are
providing more certainty to her around these issues to her than universities are. Constance may
also be a post-doc whose research focuses on a specialized sub-field, where new tenure-track posi-
tions rarely become available and where data science expertise is not generally valued. Given what
extensive research has shown on gender equality in academia, Constance could be a graduate stu-
dent looking for women faculty with successful work-life balances as role models — and finding
that her otherwise ideal academic institutions provide little to no support around maternity leave,
childcare, and sexual harassment. Or she could be tenure-track faculty who deeply enjoys the in-
dividual responsibilities of her position, but is facing deep structural issues in trying to break the
glass ceiling and gain respect from her colleagues. Finally, Constance may be finding that univer-
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sities will give her a tenure-track position she would enjoy, but that in order to do the research she
wants to do, she needs access to cutting-edge computational resources and/or data sources that
only a handful of major tech companies have.

6.6 Una: The undecided first-year Ph.D student

Our final portrait is Una, the only one in the direct center of the grid, representing a deep
uncertainty about both staying in academia and wanting a tenured faculty position. As a first-
year graduate student, Una knows that she has plenty of time to make her decision, and is broadly
seeking information about what academia is like — which she is already realizing is quite different
than the impression she got from being an undergraduate. However, Una’s challenge is that she
is simultaneously overwhelmed by all the potential career paths, yet finding herself uninformed
about what work and life would actually be like as a postdoc, as research staff, as a tenure-track
faculty member, as an industry researcher, or any number of positions she might take 4-6 years from
now. She has had a few ad-hoc conversations about careers with more senior grad students in her
lab and her advisor, who mostly tell her not to worry about those issues yet — a deeply unsatisfying
response for a goal-oriented person like Una. To support the many people in Una’s position, it is
important to have many opportunities for professional development and career guidance, giving
early career researchers the information they need to make informed choices.

7 Perceived value of various activities for tenure

7.1 Summary of findings

• We identify four tiers of activities, based on how beneficial or detrimental respondents, on
average, believe they are for tenure in their field:

1. Seen as very important for tenure: core research contributions to one’s primary field
(e.g. publishing papers in one’s field, writing grants)

2. Seen as somewhat important for tenure: non-research faculty roles (e.g. advising, aca-
demic service, teaching courses) and publishing outside one’s primary field

3. Seen as neither beneficial nor detrimental for tenure: activities associated with data
science (e.g. developing computational resources, doing open/reproducible research,
teaching workshops, research consulting)

4. Seen as actively detrimental for tenure (e.g. taking courses, having/raising children,
and “the rest of life”)

• On average, non-ladder rank researchers personally place a higher value on activities asso-
ciated with data science more than they believe tenure committees in their field do, such as
doing open/reproducible research and developing computational resources.

7.2 What do respondents think tenure committees value?

We asked all respondents to rate the 17 activities based on how beneficial or detrimental they
were to tenure in their field. We also included additional qualities like receiving awards, and distin-
guished between publishing in and outside one’s primary field. Respondents generally expressed
similar responses across career stages, with all responses having a standard deviation below 1. The
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only statistically significant difference between career stages was that ladder rank faculty on aver-
age did not rank ”the rest of life” to be as detrimental to tenure as non-faculty by approximately
half a point (score = .52, p=0.002).

Figure 13 plots the mean response for all activities, ordered from most to least beneficial for
tenure. We found that the ordering reflected an interesting segmentation, which we have indi-
cated with the horizontal lines in figure 13. The top rated activities are expected determinants
of tenure: publishing in one’s primary field, writing grants, and receiving awards. Secondary to
this group were activities that are typically considered core faculty responsibilities, like attend-
ing conferences, managing a group/lab, teaching courses, publishing outside of one’s primary
field, and traditional academic service. Below academic service, we found activities that are often
considered to be a different kind of service work prevalent in data science, including practicing
open/reproducible research, developing computational resources, teaching workshops, and re-
search consulting. Below this were taking courses, having and raising children, then “the rest of
life,” which received the lowest average scores.

Figure 13: Mean likert response for how detrimental or beneficial they believe each activity is
for tenure.

7.3 Tenure gap

We also calculated the difference between the ideal value that respondents’ placed on an ac-
tivity from how beneficial or detrimental they believe it is for tenure. This provides a ’tenure gap’
rating for each activity, plotted in Figure 14, with a negative value indicating that the respondent
values this more than they believe tenure committees do and a positive value indicating that the
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respondent value this less than tenure committees do. This figure plots the mean tenure gap scores
for all activities for non-ladder rank researchers. The largest negative values are “the rest of life”
and having and raising children. This was followed by doing open and reproducible research and
developing computational resources, which respondents generally personally value more than
they believe tenure committees do. The activity with the highest tenure gap score was writing
grants: respondents overwhelmingly believe that writing grants is important for tenure but do not
personally value it as much.

Figure 14: Mean difference between how much respondents’ value an activity and how detri-
mental or beneficial they believe it is for tenure.

8 Goals, priorities, and career satisfaction by demographics

8.1 Gender

We analyzed the goals and priorities questions by gender, and Figure 15 plots the mean re-
sponse for various selected questions on career goals and priorities. For conducting comparisons
between groups, we only examined men and women; we did have other genders in our responses,
but not in high enough numbers to conduct statistical comparisons. In terms of priorities, men and
women expressed equivalent levels of importance for all questions except two. On average across
all career groups, women expressed statistically significantly higher importance on positions with
”influence in the direction of the university” (score=0.61, p=0.006). Women in non-ladder rank
research positions (Ph.D students, postdocs, and research staff) also expressed higher average im-
portance for positions with ”public reputation / respected professional title” (score=0.64, p=0.043).
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We did not find any statistically significant gender differences in the goals or career satisfaction
questions, either in the entire sample population or only in non-ladder rank researchers.

Figure 15: Comparison of mean response values between men and women in non-ladder rank
research positions.

8.2 Race/Ethnicity

We also analyzed goals and priorities by race/ethnicity, using the binary variable of whether
the respondent was a member of a minority (non-white) race/ethnicity or not, as we did not have
enough numbers to run statistical comparisons between different groups. In terms of priorities,
we found that non-ladder rank researchers from minority backgrounds placed a higher value on
positions with a ”public reputation / respected professional title” (score = 0.75, p = 0.032). We
did not find statistically significant differences in priorities across all career stages, possibly in part
due to the small numbers of minorities in faculty positions. In terms of goals, there were no statis-
tically significant differences between minority and majority race/ethnicity backgrounds, except
that among non-ladder rank researchers, respondents from minority backgrounds reported more
agreement with the statement that “Universities typically grant tenure to top candidates for doing
the kind of work I do” (in linear regression; score=0.70, p=0.039). We also did not find any statisti-
cally significant differences in reported career satisfaction, either in the entire sample population
or only in non-ladder rank researchers.
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Figure 16: Comparison of mean response values between minority and non-minority
racial/ethnic backgrounds in non-ladder rank research positions.

Figure 17: Career satisfaction by career stage.

8.3 Career stage and age

The most important variables we found for predicting career satisfaction were career status and
age. Income career satisfaction had the highest disparity; in a linear regression, we found indepen-
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dent statistical significance for both age (score=0.02, p=0.033) and ladder-rank status (score=0.62,
p=0.012). This means that in the regression, every year older is associated with 0.02 points higher in
income satisfaction, plus ladder-rank status is associated with 0.62 points higher in income satisfac-
tion. This was also the case for satisfaction in publishing (age: score=0.026, p=0.004; is ladder rank:
score=0.62, p=0.007). However, other satisfaction variables were exclusively associated with ladder-
rank status and not age, including: overall career satisfaction (is ladder rank: score=0.58, p=0.002),
satisfaction in teaching (is ladder rank: score=0.89, p < 0.0001), career advancement (is ladder rank:
score=0.82, p < 0.0001), and skills learned (is ladder rank: score=0.54, p < 0.009).

8.4 On interpreting multiple comparisons

Like with section 3.4, our study was more exploratory and did not explicitly test a narrow set
of hypotheses. We therefore advise against interpreting these regressions to strictly generalize and
infer about broader populations. Given the large number of different regressions and multiple
comparisons performed on many variables for gender, race/ethnicity, and age, the relatively small
proportion of statistically significant findings could be more a result of random chance. At present,
we cannot confidently infer that these demographic findings apply to a broader population of
academic data scientists, but we present the scores and p-values to guide future work. However,
these correlations do reflect issues of equity, status, and recognition for women and minorities that
have been raised in previous literature on academic and professional careers (August and Waltman
2004; Oshagbemi 2000; Callister 2006; Sabharwal and Corley 2009; Bender and Heywood 2006).

9 Conclusion

9.1 Data science is multifaceted and brings value across academia

The methods, skills, approaches, techniques, technologies, infrastructures, values, and priori-
ties that have collectively come to be known as “data science” bring much value to academia. Data
science is in strong demand in across the private and public sector, and many universities are creat-
ing new programs and initiatives focused on teaching students what they need to be successful in
a variety of careers outside of academia. While these educational efforts are important, the many
faces of data science also bring substantial value to universities internally, particularly in terms of
research. It is important to understand that data science is still in formation and differently under-
stood by different people. Furthermore, data science will likely never be a unified monolith, but
instead a broad network of many different kinds of people who contribute to the mission of the
university in many different ways. Some academics in data science look like traditional tenure-
focused academic researchers and have contributions that more easily fit into existing incentive
and reward structures, but many do not. Furthermore, given there is ambiguity in who is consid-
ered a data scientist, there are many people who do work that support data science, but may not
fit into some people’s definitions of what a data scientist is.

9.2 Data scientists are making new kinds of contributions and scholarship in academia

It is important to emphasize that there are many kinds of contributions that academics can make
to data science, and that those who make such contributions can have different positions, roles, and
degrees to which they identify as a data scientist. In this survey, we have not directly focused on
the kinds of contributions that academic data scientists bring — to the fields, to their institutions,
to academia as a whole, and to data scientists across the private and public sectors. However, we

32



must emphasize that the forms and modes of scholarly contributions are also changing around data
science. Existing academic incentive and reward structures often have difficulty with contributions
outside of traditional research publications, and many of the issues and uncertainties we found are
linked to whether these kinds of contributions will be valued and rewarded. In working to support
career paths for data scientists, we must not forget that these new kinds of academic practice involve
new kinds of contributions to their fields, universities, and beyond, such as:

• developing and maintaining software tools and packages that others in their fields (and be-
yond) rely on for their own data-intensive research

• developing and maintaining specialized research infrastructures that researchers at their in-
stitutions (and beyond) rely on for their own data-intensive research

• working with researchers to help them understand the right methods, tools, and infrastruc-
tures for their research projects (ranging from mentoring to research consulting)

• collaborating across fields and disciplines to develop methods, tools, and infrastructures that
are broadly applicable and usable by many kinds of researchers and practitioners

• teaching shorter workshops that fill in the gaps of more formalized educational offerings

• mentoring students who have a broad range of backgrounds and interests in data science

• novel and traditional forms of academic service and “meta-research” in defining policies, pri-
orities, standards, and best practices for data science, especially across fields and institutions

9.3 Institutional change

Institutional change is a difficult and complex issue in any large-scale organization, particularly
in academia. Some kinds of academic units and positions are designed to be flexible to rapid
change, while others are designed to maintain the long-term institutional priorities of academia.
While this study has not involved an empirical study of institutional change around data science
in universities, we do find that early career positions appear to be more flexible to incorporating
new kinds of activities, priorities, and roles. In contrast, ladder-rank faculty positions appear to be
less flexible, with more resistance and uncertainty about whether data science contributions and
expertises will count for hiring and promotion. Within the context of a major research-focused
university, it can be substantially easier to fund and hire graduate research assistants, postdocs, and
short-term research staff to do activities requiring data science expertise than it can be to fund and
hire a faculty member for the same reasons. Similarly, it can be substantially easier to get approval
and funding to teach short workshops about data science compared to full courses, particularly
those incorporated into a degree program. There can also be trade-offs between flexibility and
stability in these institutional structures. The same qualities that make it easier to support early
career positions and workshops for data science may also likely be the same ones that give them
their short-term nature. Future work on career paths should keep these tensions in mind.

9.4 Directions and recommendations for future work

There is much future work in both studying academic career paths in data science, as well as
working to support them. Our study was limited to a non-representative subset of data scientists
within academia, as we surveyed members and affiliates at institutions explicitly organized around
data science at three large, research-focused universities in the U.S. Future research on academic
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career paths in data science should broadly survey across various departments, institutions, and
countries, as there may be substantial differences. Given the many different definitions of data
science and different levels of self-identification as a data scientist even in our subset of academic
data science, we recommend that future research broadly recruit academics using a variety of key-
words beyond “data science.” Future surveys should also ask respondents to detail their current
positions, duties, and time distributions, which we did not do in this survey. We also call for a wide
range of interview-based and ethnographic research into academic career paths, taking a deeper
and more situated look into many of the issues we have identified in this report.

We also find that many of the issues around career paths in academic data science stem from
issues that exist across academia, not just in data science. As we reviewed in the first section, issues
around faculty placement, promotion, the “postdoc purgatory,” and priorities around non-tenure-
track paths have been extensively studied and discussed across academia. Future work on career
paths in academic data science — in both studying career paths and working towards support-
ing them — should examine previous historical changes to academic universities. We can learn
much from previous cases of fields that have institutionalized (to varying degrees) in universities,
particularly those that formed post-1945, including: computer science, bioinformatics, cognitive
science, public policy, communication studies, cultural/area studies, Schools of Information, and
the digital humanities. Both research and institutional change should also examine alternative ca-
reer models in universities and other research institutions, such as how university libraries and
the national labs8 fund and support researchers and staff. Future work should also draw on the
expertise of academic researchers who study institutional change across various contexts, such as
organizational sociology, science and technology policy, and history, sociology, and anthropology
of science and technology.

9.5 Summary of recommendations

(also in section 1.4 )

• Academic data science involves a variety of new topics, roles, and activities (as well as novel
combinations of established and new topics, roles, and activities), which are often not fully
supported by traditional academic career paths. As there is no single model of what an aca-
demic data scientist does, universities should define and support a broad and diverse range
of positions and career paths for data scientists, both within and across disciplines.

• For early career researchers, there can be substantial ambiguity and uncertainty about whether
their academic institutions will reward and support long-term career paths for those who fo-
cus on topics, roles, and activities associated with data science. Universities should facilitate
conversations within and across disciplines about formalized criteria and expectations for
both tenure-track and non-tenure-track positions in and around data science.

• While salary is an important factor (with industry positions paying lucrative salaries), our
respondents generally placed even more value on secure, long-term employment and in-
tellectual freedom. Many academic data scientists are strongly seeking to avoid precarious
positions, not wanting to be exclusively funded by “soft money.” Universities should support
tenure-track positions for data scientists, as well as long-term career paths (e.g. with 3-5 years
of stability) for data scientists in non-tenure-track academic and research staff positions.

8For example, the U.S. National Labs, which are largely funded by the U.S. Departments of Energy and Defense.
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• Funding for research projects, computational infrastructure, and education/professionalization
initiatives has been crucial to the success of academic data scientists, which should be con-
tinued and expanded. To further support academic data scientists, universities should also
support a broad range of formal and informal training, mentoring, and professionalization
initiatives. Such efforts should include both events that take place within and across disci-
plines and institutions, as some issues may be broadly applicable but others may be quite
specific. Partnerships with industry-focused student career groups are also recommended.

• In working to support career paths in data science, it is important to work to support diver-
sity and inclusion across many dimensions, including gender, race/ethnicity, national origin,
class (including first generation college/grad students), and type of institution (e.g. large
research-focused universities, four-year universities, and small liberal arts colleges).
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11 Appendix

11.1 Survey overview

11.1.1 Distribution

We distributed the survey to 614 potential respondents across the Data Science Environments
at University of California, Berkeley, New York University, and the University of Washington, Seat-
tle. Respondents were selected in coordination with administrative staff at each DSE, who helped
identify “core” and “peripheral” members. Core members were defined as those who are on staff
at the DSE, have a fellowship or funding through the DSE, have a formal title through the DSE, or
serve a designated role in the DSE. Peripheral members were defined as those who did not fit the
core criteria, but had some kind of membership, connection, or affiliate status at the DSE, including
those who were subscribed to a local events mailing list.

9https://msdse.org

35



We used the Qualtrics survey platform to host and distribute the survey. The survey was dis-
tributed over a one month period, synchronized to start approximately two weeks after the start of
classes for the 2016 Fall semester for each university (which had different start dates). Two follow
up e-mails were sent to respondents: one after 7 days and another after 14 days, and respondents
had a total of 1 month from the time of the first e-mail to complete the survey.

Out of 614 respondents who were e-mailed the survey, 226 respondents started the survey, and
169 respondents completed the survey, for a total response rate of 27.5% and a completion rate
of 74.8%. For core members, 237 were e-mailed, 115 started the survey, and 98 completed, for a
response rate of 41.3% and a completion rate of 85.2%. Peripheral respondents had a lower total
response rate of 18.6% and a lower completion rate of 64.0%. In line with our IRB approval, we did
not link e-mail addresses to responses and do not have a field in our dataset for core/peripheral
status, but we did ask optional demographic questions about whether the respondent 1) was a
member of a DSE, 2) received funding through a DSE, and 3) attended one of the three DSE annual
summits.

11.2 Respondent overview

11.2.1 Demographics

Survey respondents ranged from undergraduates to tenured faculty, but as figures 18a and 18c
show, the majority of respondents were non-ladder rank researchers: Ph.D students (14.2%), post-
docs (17.8%), and research staff (19.5%). In the category of ladder-rank faculty, 8.9% of all respon-
dents were tenure-track faculty and 23.1% were tenured faculty. 53.3% had principal investigator
status at their institution. Institutionally, UC-Berkeley respondents are the most represented in the
sample, both due to the larger number of individuals in the UC-Berkeley data science population
and the higher response rate. Figure 18b shows the distribution of ages, which ranged from 18-24
to 75+, peaking at the 30-39 range. Figure 18f shows the distribution of gender, with 58.6% men,
35.3% women, 4.8% with no response, and 0.5% each for transgender and other.

For race/ethnicity, we used the standard 2010 U.S. Census questionnaire, which allows select-
ing multiple options for race (including a ’multiracial’ option) and a separate yes/no question
for hispanics. Figure 18g shows the breakdown by options and figure 18h shows the breakdown
by whether the respondent selected a non-white/minority race/ethnicity 74.0% of respondents
reported only a white/Caucasian background with no Hispanic background, 18.3% reported a
minority race/ethnicity, and 7.7% did not respond.
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(a) Career stage (b) Age

(c) Career group (d) Has PI status

(e) Institution (f) Gender

(g) Race/ethnicity (h) Is a member of a minority race/ethnicity?

Figure 18: Demographics37



11.3 Connection with Moore-Sloan Data Science Environment

All respondents were recruited by individuals at a Moore-Sloan Data Science Environment, but
many did not have formal affiliation or membership with a MSDSE. Figures 19a-19d shows three
ways of representing a connection with the MSDSE initiative, including being a MSDSE member
or affiliate (19a, being funded through a MSDSE 19b, having attended at least one annual MSDSE
summit (19c. Figure 19d shows the number of respondents who answered yes to one of the three
questions, with 65.7% having at least one formal connection to the MSDSE.

(a) Member/affiliate of a MSDSE (b) Funded through a MSDSE

(c) Attended at least one MSDSE annual summit (d) Has MSDSE link (answered yes to one of the 3 ques-
tions)

Figure 19: Connection with Moore-Sloan Data Science Environment

11.4 Software tools used

Qualtrics was used to design and administer the survey. This analysis was conducted in Python
(Rossum 1995) and R (R Core Team 2016), using: Pandas dataframes (McKinney 2010) for data pars-
ing and transformation; SciPy (Jones, Oliphant, Peterson, et al. 2001) and NumPy (Walt, Colbert,
and Varoquaux 2011) for quantitative computations; Matplotlib (Hunter 2007), Seaborn (Waskom
et al. 2014), and ggplot2 (Wickham 2009) for visualization; and psych for factor analysis (Revelle
2017). Analysis was conducted in Jupyter Notebooks (Kluyver et al. 2016) using the IPython (Pérez
and Granger 2007) and IRkernel kernels.
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