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Executive Summary 
 
The Data Science Task Force considered how to advance data science at Pitt.  One opportunity is 
to think very big and build a large presence and a strong brand in data science. A more modest 
opportunity is to create structures that build on the strengths that are here and provide synergy 
across the structures, while gradually expanding our capabilities, especially to improve sharing 
and accessibility to data, tools, curriculum, and expertise. Improved visibility of existing effort is 
not necessarily a big-ticket item and can be done in either context. While data science initiatives 
are already well established at many institutions, it is not too late to be a leader in this area. The 
task force identified several areas in which Pitt has the opportunity to step out of the pack and 
take a national leadership position: 
 

1) Equal and integrated emphasis of both data science methods development (statistics, 
information science, etc.) and innovative discipline-focused uses of data. 

2) Emphasis on ethics, social responsibility, and social impact of data use. 
3) Methods and use of non-sampled or non-scientific data, e.g., full-capture of consumer 

data such as social media data, consumer purchasing data, and geo-tracking data.  
4) Capitalize on Pitt’s health sciences strength in building a brand in data science. 

 
To work toward a leadership position at the confluence of these areas of responsible data science, 
the DSTF recommends four overarching goals and a set of actions for each goal. The actions are 
listed from relatively small and immediate ones to larger and longer-term transformation, and 
are described in greater detail in the subsequent sections of this report. 
 
Goal 1: Create shared understanding. 
Increase the reputation, visibility, and awareness of responsible data science within and outside 
the Pitt community. Create a shared and unified understanding of data science and of its 
importance across disciplines. 
 

Action 1: Establish a group of “data science liaisons” to ensure diverse representation of 
faculty, staff, students, postdoctoral fellows, and alumni to form an initial community to 
seed, welcome, nourish, and mentor the growth of a larger, inclusive community of 
individuals using, critiquing, governing, and regulating data science, as well as individuals 
who have curiosity, new interest, or need for expertise with data, but are finding 
impediments to doing so. (short term) 

Action 2: Establish a regular University-wide/Provost “Distinguished Data Scientist 
Lecture Series” to invite distinguished visitors to advise and speak on uses, methods, 
ethics, laws, and critique of data and data methods.  (short term) 

Action 3: Unify, market, and communicate “Data Science Success and Opportunity” that 
reinforces a message of responsible, use-driven data science. (short to medium term) 
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Action 4: Create and continuously update a “Data@Pitt” online web hub to aggregate and 
disseminate opportunities, success stories, events, activities, education pathways, and 
initiatives related to data science. (short to medium term) 

 
Goal 2: Require fluency and knowledge. 
Require every undergraduate student to acquire a basic understanding of data and data methods, 
including considerations of responsibility, as part of their learning at Pitt.  
 

Action 5: Mandate that every school with an undergraduate program develop inclusive 
curriculum, coupled to practical experience with actual datasets, questions, methods and 
tools, that provides all undergraduates with preparation in data concepts and skills. 
(medium term) 

 
Goal 3: Catalyze skill acquisition.  
Create, support, and incentivize inclusive, flexible undergraduate and graduate educational 
programs and shared educational resources to offer training in data science – in context of a 
broad variety of domains – to students, postdocs, staff, and faculty. 
 

Action 6: Identify gaps in existing curriculum, develop a set of shared educational 
resources for these gaps, and provide a central repository of curricular materials at both 
the undergraduate and graduate levels. (short to medium term) 

Action 7: Establish and/or charge an organizational entity to coordinate training and 
education, assessment, development of curriculum, collecting and disseminating project 
opportunities, courses and course content materials. (medium to long term) 

 
Goal 4: Coordinate strategy and action.  
Implement a structure that (i) knits together, in a visible, accessible, and central place, people and 
practices in data science; (ii) serves as an evolving source of knowledge in incentivizing, 
developing and applying responsible data science to overcome diverse, challenging problems, 
including ethics, policy, and legal aspects; and (iii) animates extraordinary ambitions and success 
in collaborations transcending disciplinary and community limitations. 
 

Action 8: Establish a dedicated, full-time position and charge a leader with a mandate to 
advance and coordinate data science for Pitt. (short to medium term) 

Action 9: Use the Pitt Momentum or other funding mechanism to encourage, initiate, and 
support action on the highest impact actions in this report and work toward the 
development of a polished concept, with pilot implementation, that can be a springboard 
for a major gift.  (short term) 

Action 10: Create and support an institutional structure – a “coordination tower” – to 
coordinate and incentivize existing and emerging elements (layers) of data science. (long 
term) 
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1 Motivation and Goals for the Task Force Work 
 
The data revolution has brought about powerful capabilities to gather, retrieve, analyze, 
visualize, and communicate about data at unprecedent scales in near real time, which has led to 
new insights, discoveries, and ways of working and living. This revolution has been far-reaching 
to epistemological and pragmatic change in nearly every field and facet of life, whether in 
education, government, the natural sciences, medicine, engineering, entertainment, social 
science, the arts, humanities, or business. While applications of data science have many benefits, 
they have also brought new actual and potential harms and digital divides, including but not 
limited to emerging challenges related to disinformation, privacy, algorithmic bias, and the future 
of work. Our ability as a community and a society to fulfill the promise of data science, while 
avoiding the emerging pitfalls, will be navigated by our students, faculty, and staff. Empowering 
students with data skills, knowledge, and ethics, and faculty and staff with the necessary 
infrastructure to collect, steward, retrieve, and analyze data is vital to the educational, research, 
and outreach missions of Pitt. 
  
The Data Science Task Force (DSTF) was formed to answer the question “how should the Pitt 
academic community collectively act on the urgent need, given our context, strengths, and 
individual efforts in data-related areas?” The specific charge (cf. Appendix) was to recommend a 
coordinated strategy to catalyze, nourish, and sustain educational programs and research 
initiatives that (1) equip undergraduate and graduate students with the knowledge and skills 
necessary for the increasingly data-oriented world; (2) develop and use data science methods in 
research; and (3) attract and retain faculty using data and associated methods in their disciplines.  
 
The DSTF sees an opportunity to “think big” to build a large presence and a strong brand in data 
science. Most of the ingredients are in place to unleash a transformation that synergistically 
attends to and accelerates research and education using, developing, or examining data and 
data-oriented methods throughout the University of Pittsburgh. What is required is to forge an 
institutional focal point of data science that would bring together, catalyze, and support a 
community of researchers, educators, and practitioners who see opportunity and want to use 
data and data methods in their work, as well as those individuals who are already developing or 
applying data techniques.  
 

1.1 A Conceptual Structure for Data Science at the University of Pittsburgh 
 
Figure 1 expresses that Pitt has a diverse community of expertise across many domains over the 
breadth of the campus community (bottom layer) in data and data methods. However, too few 
teams have put together, or know where to find within the university, the comprehensive data 
science pipelines of identifying societal challenges and collecting, organizing, analyzing, 
interpreting, and communicating necessary information to offer solutions to those challenges 
(upper layers). A focal point is necessary to coordinate and communicate practices and between 
people across campus. While every scholarship project (vertical arrows) is different, there are 
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common data science lessons and innovations that can accelerate breakthroughs in a range of 
fields.  

 
 

Figure 1: Institutional focal point for data science at Pitt 

The broad area of each layer represents that innovative methods for data science will have the 
greatest impact when shared across the university, not simply existing in one domain silo or a 
silo of their own. The suggested transformation aims to build out these layers (multi-colored for 
each suggested step), connecting local clusters of excellences to each other and domain research, 
evolving over time. Here, research laboratories and additional university resources have multi-
dimensional expertise. Some specialize in both collecting and organizing specific types of 
information (e.g., data in astronomy or public health), while others offer solutions to the analysis 
and building of models as well as interpretation.  
 
An institutional focal point of data science could explicitly enable these layers of expertise across 
campus, with the aim of facilitating researchers, teachers, and other data science experts in 
connecting within each layer and across layers to accelerate and increase the impact of their 
work. Teams within each layer will learn from the successes and failures of specific data science 
applications to continuously adjust and evolve the infrastructure to new technological 
developments, inquiries of discovery, community needs, and unforeseen obstacles. Teams across 
layers will build out specific research projects or “thrusts.”   
 
The vertical block to the left of the stack of layers represents an essential “coordination tower” 
function (akin to an airport’s control tower) and organization to create the focal point. The 
purpose of the “coordination tower” is to document, coordinate, incentivize, and energize data 

We can create infrastructure that:

1. Builds out these layers;
2. Connections local clusters of best

practice and excellence to each other 
and domain research; and 

3. Learns from success and failures.

Coordination 
Tower

Fills in missing nodes

Adds missing connections
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science research, teaching, and engagement within layers and across them. Pitt’s data science 
focal point should embody the ambition to build an evolving and resilient fueling and talent 
center of data initiatives. The DSTF conducted an informal benchmark analysis of 41 data science 
initiatives at other institutions (cf. Appendix). Among these efforts, only 7 appeared to take a 
similarly comprehensive and holistic approach in structure as suggested by the DSTF, 
incorporating doctoral, masters and undergraduate education and research activities1. This may 
represent an opportunity for Pitt to step out front and to act big across the institution. The time 
is short, though, as many of the initiatives beyond the 7 identified as already comprehensive are 
moving in this direction. At the very least, the analysis suggests that Pitt should consider taking 
significant steps in the near term.   
 

1.2 Human and Institutional Resources 
 
The creation of a focal point in data science will require an investment of resources. The DSTF 
recognizes the challenges faced by the University at the present time due to the COVID-19 
pandemic response. A more modest opportunity also exists to create initiatives that provide 
awareness and coordination of current programs, while gradually expanding our capabilities, 
especially to improve sharing and accessibility to data, tools, curriculum, and expertise. Improved 
visibility of existing effort is not necessarily a big-ticket item and can be done in either context.  
 
Over the course of several meetings, individual discussions, and group activities, the DSTF 
developed a provisional framework of goals and actions that could bring about the 
transformation to create the institutional focal point. The framework is focused on human 
resources and nourishing a community of data science education and research rather than 
computational and storage infrastructure, institutional data use, specific research topics, or 
curricular choices. While instantiations of these elements will be needed, the DSTF believes that 
“people” (including students, postdoctoral fellows, staff, faculty, and alumni) are essential to 
coordinating and growing Pitt’s opportunities, visibility, and capabilities in data science.   
 
Effort underway by Pitt IT and Pitt Research will support researchers and educators using data 
science methods. Pitt IT is facilitating governance, sharing and use of institutional data that could 
open up new research, educational, and operational avenues. The effort by Pitt Research to 
coordinate and integrate storage, computation, and application services could dramatically ease 
and reduce cost of access to resources in support of a data science community. A financial model 
will also be needed to sustain and grow investment. Acting on the DSTF’s recommendations in 
concert with the initiatives by Pitt IT and Pitt Research, the University would have a 
comprehensive approach to transformation that includes all of the necessary ingredients – the 
people, data, and infrastructure – for the focal point recommended by the DSTF. Alignment to 
the Plan for Pitt would further ensure strategic action in support of the University.  
 

 
1 These institutions were identified by examining their structure. They have undergraduate, graduate, PhD curricula, 
as well as perhaps a dedicated center and designated leadership. Independent of their structure and programmatic 
activities, the issues addressed by data science institutes are often interdisciplinary in their nature.    
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2 Task Force Consensus on Guiding Principles 
 

2.1 The Need for Immediate Action 
 
The Data Science Task Force made several observations that motivate the need and the 
recommended goals and actions for transformation. First and foremost, an immediate response 
is needed. Pitt must act to ensure that societal needs do not overtake our actions to coordinate 
data activities even before we start. It is not too late but if we want students to continue to come 
to Pitt, we need to take steps toward this proposed framework and send signals now that we are 
investing and innovating in data science skills, knowledge, ethics, and applications. Workforce 
development in the Pittsburgh region and nationally is a driver: numerous reports indicate that 
data is affecting every aspect of the economy with up to 2.7 million job postings related to data 
science and analytics in 20202. Another driver is civic responsibility: false and misleading 
information (e.g., deepfake videos) can be easily created and disseminated on the Internet, and 
an understanding of data methods is increasingly necessary to sort through fact, fiction, and the 
“in between” to make informed decisions.  Citizens are called upon to make decisions with 
cascades of complex and sometime contradictory data every day. Pitt must be a place where our 
students and community helps to arrange the pixels of the future in productive and positive ways, 
as opposed to being trapped in front of screens, struggling to understand and unable to turn data 
into insights for themselves and others.  The Pitt community needs to increase support of how 
data and associated methods have become critical to the creation of new knowledge and 
discovery, which are fundamental to any research university.  
 
A survey instrument was developed by the Data Science Task Force to learn the current 
prevalence and trends in data science for educational programs and research at Pitt3. The survey 
was sent to all department chairs in all schools, including the health sciences. Supporting 
employment trends, 89% of the department chair respondents indicated that skills and 
knowledge in data science are significantly increasing (28 of 64 valid responses) or increasing in 
importance (29) for employers. Only 11% indicated a slight increase (4) or no change (3)4.  
 
 
 

 
2 Investing in America's Data Science and Analytics Talent - The Case for Action, Business Higher Education Forum, 
April 2017. 

3 Individuals responding include Department Chairs and Associate Deans: 19 from the Dietrich School of Arts and 
Sciences; 5 from the Graduate School of Public Health; 1 from the Graduate School of Public and International Affairs; 
1 from the Katz Graduate School of Business; 2 from the School of Computing and Information; 1 from the School of 
Dental Medicine; 2 from the Swanson School of Engineering; 2 from the School of Education; 5 from the School of 
Health and Rehabilitation Sciences; 1 from the School of Law; 17 from the School of Medicine; 1 from the School of 
Nursing; 2 from the School of Pharmacy; 1 from the School of Social Work; and 4 from University Centers. 

4 Selection bias is probable – i.e., it is expected that data-oriented programs were more likely to respond. Even with 
this bias, 57 departments that have significantly increasing or increasing importance is compelling.   
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2.2 Focus on Responsible Data Science 
 
The DSTF recommends connecting “use”, “responsibility”, and “data”, into a framing of 
responsible, use-driven data science5 that provides societal benefit. In particular, we noted that 
data methods at Pitt are widely adopted for a specific purpose, or use. COVID-19 is a compelling 
example: data and modeling have been used to inform policy decisions and resource planning, 
make discoveries about the virus and its behavior, categorize the credibility of information about 
the pandemic, automatically remind about social distancing, counteract the spread of 
misinformation about the virus, and enable contact tracing. Typically, “use comes first” to drive 
data collection and inquiry, rather than the development of tools and the creation of new 
methods (e.g., types of machine learning). Tools and methods are commonly created for an 
intended purpose, or a family of purposes, by researchers at Pitt, although there is important 
theoretical and tool development underway as well. Indeed, the coupling of method and purpose 
is often at play no matter the form of scholarship, whether discovery, critique (e.g., the Mellon 
Sawyer Seminar6 has critically examined the intersection of data and society), learning, or 
translation.  
 
Many uses of data science have ethical, legal, and policy considerations, or dimensions of 
responsibility, e.g., consider the implications of privacy, confidentiality, and accessibility of 
mobility and health information for contact tracing during the pandemic7. Ethical and legal issues 
about how to ensure appropriate deployment and protections abound, including what we should 
and should not do as individuals and a society (e.g., IBM deciding not to pursue facial recognition 
as a business due to potential human rights and privacy abuses8, and whether/how government 
regulates such technologies, like San Francisco’s ban9). There are also considerations of 
transparency, interpretability, bias, and accountability that interact with methods, datasets, and 
model use. For example, ProPublica’s well-known reporting in 2016 about data science tools used 
to predict risk scores for recidivism revealed racial bias in machine learning models10. The models 
examined in the ProPublica study were hidden behind a cloak of intellectual property. The survey 
of department chairs also supports this observation: at both the undergraduate and graduate 
levels, respondents indicated that responsibility and ethics of data and data methods were 

 
5 Other institutions also recognize the need to integrate responsibility and ethics with method and application in 
their data science initiatives, e.g., the University of Virginia’s School of Data Science. 

6 Information Ecosystems: A Mellon Sawyer Seminar, Digital / Critical Interdisciplinary Methods, University of 
Pittsburgh, 2019-2020. Web site: https://sites.haa.pitt.edu/digitalcriticalmethods/sawyer-seminar-ay-2019-2020/  

7 Privacy and Ethics Recommendations for Computing Applications Developed to Mitigate COVID-19, NSCAI 
Commissioners Eric Horvitz, Mignon Clyburn, Jose-Marie Griffiths, and Jason Matheny; National Security Commission 
on Artificial Intelligence, May 6, 2020. 

8 Arvind Krishna, IBM Chief Executive Officer. IBM CEO’s Letter to Congress on Racial Justice Reform. June 8, 2020. 

9 Kate Conger, Richard Fausset and Serge F. Kovaleski. San Francisco Bans Facial Recognition Technology. New York 
Times. May 14, 2019. 

10 Julia Angwin, Jeff Larson, Surya Mattu, and Lauren Kirchner. Machine Bias. There’s software used across the 
country to predict future criminals. And it’s biased against blacks. ProPublica. May 23, 2016. 

https://sites.haa.pitt.edu/digitalcriticalmethods/sawyer-seminar-ay-2019-2020/
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among the top two areas of increasing importance to their educational programs (most 
important for undergraduates and second most important for graduate). It is also an area where 
the programs at Pitt have, on average, less educational content. 
 
Using algorithmically-derived decisions and expecting understandable (interpretable, 
transparent) explanations of outcomes requires the support of methods, legal structures, and 
the models themselves. Students will need to learn and value these issues to be well-informed 
citizens, to follow through on their civic responsibility, and increasingly in their own work. For 
example, big data models (e.g., deep neural networks) are widely deployed to guide or make 
decisions, often autonomously. These models may be “roll your own”, or possibly procured from 
an external source. As a result, there can be a tendency to focus on “the specs” of particular 
algorithms or software applications rather than the outcomes from those algorithms or 
applications, i.e., validation and audit. This can lead to an underappreciation, or outright ignoring, 
important issues, like bias, during procurement, and scapegoating of outcomes during 
deployment (“the algorithm said it”). It can even lead to subtly and inherently “handing off” 
policy decisions to external, unregulated entities by procuring opaque algorithms. With the wide 
use of data science – in education, government and commercial sectors – the need to critically 
understand, value, and act with responsibility is of the utmost importance, much less the need to 
design and develop such datasets, tools, and methods with responsibility at the forefront. 
 

2.3 Build on the Breadth of Current Data Science Activities at Pitt 
 
A third motivation for the DSTF’s recommendations concerns how much data science is present 
at Pitt. Through an environmental scan of degree programs conducted by the DSTF and the 
survey of department chairs, it is apparent that a wealth of expertise exists throughout campus, 
including curricula, research, and infrastructure. Data science has percolated into many areas; 
for example, the DSTF scanned undergraduate and Master programs, and identified 43 that are 
“data oriented”11. Figure 2 shows an informal characterization of the programs and the nature of 
their data methods. This figure is based on qualitative examination of degree requirements using 
the “data acumen areas” from the NASEM 2018 report on data science education12. The bars in 
this figure show the amount of emphasis in each area of the NASEM report on a scale of 1 
(minimum) to 4 (high). The height of each bar is the aggregate emphasis of the 10 data acumen 
areas described in the NASEM report. The graph considers only required courses for a degree 
program; there are also numerous elective paths in many programs that also provide thorough 
training in data science. As the figure shows, curriculum expertise is broad (i.e., the range of 

 
11 Due to time constraints, the DSTF focused on undergraduate and Master programs and partially relied on the 
2019-2020 Pitt Undergraduate and Graduate Course Catalogs. The group focused on programs that had at least four 
required courses on topics drawn from the categories of the NASEM 2018 report. Further work is needed to consider 
programs with many electives, PhD and joint degrees, and to validate these results with department chairs. The 
Appendix lists the data and gives a key for the abbreviations used in the figure. 

12 National Academies of Sciences, Engineering, and Medicine. 2018. Data Science for Undergraduates: Opportunities 
and Options. Washington, DC: The National Academies Press. https://doi.org/10.17226/25104  

https://doi.org/10.17226/25104
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schools/degrees) and deep within specific areas (i.e., the range of the aggregated 
characterization). 
 
The survey of department chairs also supports this observation: 28 undergraduate, 48 graduate, 
and 9 non-credit educational programs expect to teach students about data and data methods 
in the next five years. Among the 52 responses about research, 48 respondents indicated that 
data and data methods are important or significantly important to their research programs today, 
and 44 indicated that data and data methods will further increase or significantly increase in 
importance to research over the next 5 years. Within this group of responses, 23 respondents 
use data methods, 3 develop data methods, and 26 both use and develop data methods. 
Interestingly, the results reveal that many departments – beyond the ones most closely 
associated with data science, e.g., statistics, informatics, biostatistics, mathematics, and 
computer science – are not only applying but also innovating data science methods.  
 

 
 

Figure 2: Data Oriented Undergraduate and Graduate Programs at Pitt 

Taken together, the data from Figure 2 and the department chair survey show that a large portion 
of responding departments have a data orientation in education and research, which is expected 
to increase in the future.  Although the DSTF did not specifically align the survey responses to the 
environmental scan, it is also worth noting that the aggregate number of programs from the 
survey that expect to teach data or data methods is 72, which is more than the number of 
programs identified as “data oriented” by the scan. This further hints at considerable expertise, 
need and interest in data science throughout departments of different schools. There are also 
related programs and initiatives by the University Library System (ULS), the Health Sciences 
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Library System (HSLS), the Center for Research Computing (CRC), the University Center for Social 
and Urban Research (UCSUR), and the Learning and Research Development Center (LRDC) which 
were not part of the department chair survey.   
 
Despite the widespread nature of data science at the University, the DSTF noted that many were 
not aware of the activities. More challenging, barriers to entry are impeding some disciplines 
from accessing even adjacent data science expertise: we anecdotally discussed and heard about 
significant interest but also sensed that many researchers and educators are unsure of how to 
engage with data and data methods, even though they want to do so. Faculty have ideas for 
ground-breaking uses and innovations with data and associated techniques, but the existence of 
domain silos and the absence of visible and legible scaffolding has been an obstacle to many of 
these reputation-enhancing projects. There is opportunity to leverage and share knowledge 
given the range of expertise and interest. In essence, many puzzle pieces exist throughout 
campus, and they should be put together into a comprehensive framework to bring about a focal 
point of data science. Subgraphs of related expertise need to be intentionally connected and 
supported between disciplines, illuminating new pathways of data science uses and 
breakthroughs. This observation reinforces the charge put forth by the Provost: we found that 
several capabilities exist that could be put together to make the sum of the parts greater than 
the whole.  
 

2.4 Human Resources will be Key to Success 
 
Finally, not only do data capabilities exist on campus, but the interest of researchers, educators, 
and practitioners to forge a community, place, and organization to act with intention and 
coordination also exists to leverage and amplify data science. This level of interest could be 
powerful for recruitment, retention, and development of faculty, students, and staff. The 
framework recommended by the DSTF reflects this observation: much of what we propose 
involves supporting and developing human resources, and gathering them into a “community of 
the eager”.  One respondent to the survey of department chairs wrote, “within one school our 
bench is small and we would love opportunities to collaborate with other departments who have 
other skills.” From the DSTF’s own discussions and social networks, this seems to be a commonly 
held view. In fact, within the Data Science Task Force itself, several members expressed interest 
to start working on the recommendations right away, such as developing shared curricula or 
putting together a campus-wide lecture series. While there is grassroots interest, a mandate and 
support from Pitt’s senior leadership, an organizational structure, and a strong leader will further 
champion and connect the community for the most impact.  

3 Detailed Recommendations 
 
To act on the opportunity in front of Pitt and to undertake the necessary transformation, the 
DSTF recommends a framework of goals and actions to coordinate and grow data science across 
campus into an institutional focal point. The framework is based on the DSTF’s observations, 
background study, and the committee’s expertise, knowledge, and experiences. The goals 
provide direction, and the actions lay out tangible and specific steps that can be undertaken, 
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building toward the opportunity. Although the actions are organized to incrementally create a 
focal point of data science at the University, an alternative strategy could start first with hiring 
and charging a leader to nourish and direct effort for the actions. Several of the actions can be 
carried out simultaneously. Others can be done right away to address the immediacy of need. 
 
During its work, the DSTF encountered numerous definitions of data science – some put emphasis 
on “data” and its transformation into knowledge; others draw on the intersection of disciplines; 
and still others consider the “data pipeline”13. With such ambiguity, the DSTF suggests a 
definition to guide the implementation of the recommendations. This definition emphasizes 
discovery, exploration, and knowledge creation, i.e., the uses of data and data methods:  
 

Data Science draws upon multiple disciplines to develop or apply computational and 
analytic methods to responsibly explore data and discover actionable insights and 
accelerate translation into implementation with real-world evidence.  

 

3.1 Goal 1: Create shared understanding. 
 

Increase the reputation, visibility, and awareness of responsible data science 
within and outside the Pitt community, create a shared and unified 
understanding of data science, and for its importance across disciplines. 

 
Following from the DSTF’s definition of data science, this goal aims to create shared 
understanding of data science to increase reputation, visibility, and awareness with internal and 
external stakeholders. Acting on the goal will lead to a better appreciation and knowledge of how 
data science presents itself at Pitt in research and educational programs. It will crisply define to 
internal and external stakeholders “responsible use-driven data science” and how it manifests in 
our scholarship of all forms. The goal will help students identify programs that best align with 
their aspirations, and it will clarify differences among choices of curricula. It will also create 
awareness of opportunities and resources, which will be beneficial to recruit and retain faculty 
whose scholarship involves data. It will also help connect data-oriented education and research 
to industry and corporate opportunities, especially data-driven startups.  
 
Action #1 (short term): Establish a group of “data science liaisons” to ensure diverse 
representation of faculty, staff, students, postdoctoral fellows, and alumni to form an initial 
community to seed, welcome, nourish, and mentor the growth of a  larger, inclusive community 
of individuals using, critiquing, governing, and regulating data science, as well as individuals who 
have curiosity, new interest, or need for expertise with data, but are finding impediments to doing 
so.  

We propose forming a group of stakeholders from the university community to actively raise the 
visibility of responsible, use-driven data science inside and outside of Pitt by communicating our 

 
13 Victoria Stodden. The Data Science Life Cycle: A Disciplined Approach to Advancing Data Science as a Science. 
Communications of the ACM, July 2020, Vol. 63 No. 7, pages 58-66. DOI: 10.1145/3360646 
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data science success stories, the challenges with data and how they were overcome, and 
explaining the importance of data and data methods in education and research. The liaisons 
should be formed to ensure diverse and equitable representation and to be purposefully drawn 
from many varied parts of the university and include student, staff, postdocs, faculty and alumni 
members. The liaisons would call on their professional networks to raise awareness, and support 
and mentor others in doing the same (e.g., through Pitt Commons). Importantly, they would lead 
“by doing” in their own data-fueled initiatives to point out the available resources, challenges, 
open questions, and opportunities from which many faculty and students can benefit, learn, and 
contribute.  
 
The liaisons would form an initial “community of the eager” to seed and nourish the growth of a 
community of individuals using, critiquing, governing, and regulating data science, as well as 
individuals who have curiosity, new interest, or need for expertise with data, but are finding 
impediments to doing so. This group could also serve to advocate for ongoing enhancement of 
inclusive and equitable teaching practices of data and data methods and support evidence-
informed assessment of such practices. 
 
Some incentives and recognition structures could help the liaisons group to develop and maintain 
cohesion, including informal ones like helping to select and host distinguished speakers for a data 
science lecture series (cf. next action).  Raising the profile of the liaisons’ work will help grow data 
science, and bring others into data science. It might be useful to provide investments in liaisons’ 
labs (especially personnel) in return for a commitment to run outward facing hands-on 
workshops on relevant data science tools and infrastructure as well as how they overcame 
previous obstacles. Artifacts such as Gists, Jupyter notebooks, code, best practices, datasets, 
challenge issues, and policies can be hosted and collected for future asynchronous use. Over 
time, the liaisons could evolve into a formal structure to support the institutional framework 
envisioned for Goal 4.  
 
Action #2:  Establish a regular University-wide/Provost “Distinguished Data Scientist Lecture 
Series” to invite distinguished visitors to advise and speak on uses and methods, ethics, laws, and 
critique of data and data methods.   
 
The DSTF proposes a speaker series to inform and form a community of data science. The series 
could bring distinguished educators, researchers, and practitioners to the Pitt campus to advise 
and speak on the uses, ethics, laws, and critique of data and methods (e.g., Kate Crawford from 
the AI Now Institute; Cathy O’Neil, author of “Weapons of Math Destruction”), including 
potential harms and dangers of marginalization from data. We suggest a focus on general and 
timely topics to specially attract attendees who are new to responsible, use-driven data science. 
With appropriate advertising, hot topics, and speakers, the series could become “the place and 
the time” to learn and network on data for all disciplines. In addition to members of the Pitt 
community, we recommend involving alumni, local businesses, startups, and user groups (e.g., 
the Pittsburgh Tableau user group and tech meetup groups).  
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Initially, the data science liaisons could be the group to organize and host the series. They could 
seek speaker nominations from campus to foster diversity, engagement and awareness. To build 
relationships and knowledge, the series could be organized around a series of activities with each 
visitor, including a talk, discussion with the speaker, and small group learning roundtables on 
specific topics. Lastly, while an on-campus visit would be much preferred, we’ve learned from 
the pandemic that virtual talks can lead to extremely high participation rates. The series could be 
virtual, with a hybrid approach to encourage participation and to benefit from in-person 
interaction. Offering the series online could quickly establish an exciting and unique way to bring 
in a large general audience beyond the University.  

Action #3 (short to medium term): Unify, market, and communicate “Data Science Success and 
Opportunity” that reinforces a message of responsible, use-driven data science. 

This action will bring together data science activities into a consistent message that can be 
broadcast through “one megaphone”. The message would strengthen a unifying theme and 
message of responsible, use-driven data science. The megaphone would be a communication 
and marketing plan to explain and inform students, faculty, and others about the many data 
science activities at Pitt. For example, training and degree programs, activities (e.g., the 
Distinguished Data Science Lecture series), and research outcomes could be advertised to recruit 
students, faculty, researchers, and others with interest and curiosity about data methods.  

Specific messages could include guidance to potential and current students about Pitt’s many 
and varied education programs, and how those programs align to students’ career aspirations 
and goals. A high school student that wants to create new data methods, for example, might be 
informed about the nascent data science undergraduate major from Statistics, Mathematics, and 
Computer Science. An undergraduate that is interested in the intersection of data, coding, and 
media studies might be directed to the Digital Narrative and Interactive Design major from the 
Department of English and SCI, while another student with interests in astronomical survey and 
data analysis could be directed to the Department of Physics and Astronomy. A graduate student 
that wants to pursue data methods and economics might be pointed to the Master of Science in 
Quantitative Economics. A graduate student who is interested in biostatistics and social 
determinants of health could be informed about the Graduate School of Public Health’s 
Biostatistics MS degree with concentration in Health Data Science. Another student interested in 
nursing and data could be directed to Nursing’s informatics program. Further students could be 
informed about the online Master of Science in Health Informatics Data Science track from the 
School of Health and Rehabilitation Sciences, the Bachelor and Master of Science in 
PharmacoAnalytics from the School of Pharmacy, Katz’s and CBA’s offerings on Business Analytics 
(certificate), the Intelligent Systems Program, Computational Biomedicine and Biotechnology 
program, and Biomedical Informatics. Students with career goals at the intersection of law, public 
policy, and international governance of data might be directed to the School of Law and/or the 
Graduate School of Public and International Affairs. Students that want to pursue research and 
education in data-driven education could be provided recommendations about opportunities in 
the School of Education and the Learning Research and Development Center. Indeed, as this long 
list of examples illustrates, every school at Pitt has programs that involve data science, and a 

https://www.dnid.pitt.edu/
https://www.physicsandastronomy.pitt.edu/
https://www.nursing.pitt.edu/degree-programs/master-science-nursing/nursing-informatics-online
https://www.shrs.pitt.edu/hi
https://business.pitt.edu/graduate-certificate-in-business-analytics/
https://cba.pitt.edu/academics/certificates/certificate-program-in-business-analytics/
http://www.isp.pitt.edu/
https://www.csb.pitt.edu/cobb/
https://www.dbmi.pitt.edu/
https://law.pitt.edu/
https://www.education.pitt.edu/
https://www.lrdc.pitt.edu/
https://www.mqe.pitt.edu/
https://www.publichealth.pitt.edu/biostatistics/academics/ms-hds-concentration
https://www.gspia.pitt.edu/
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unified message about what’s available could help students at all levels – high school, 
undergraduates, and graduate – to explore new educational and scholarship opportunities, and 
imagine their career possibilities.  

Other training opportunities and workshops, such as R programming from the University Library 
System, data programming fundamentals from the School of Computing and Information, FAIR 
data sharing from the Health Sciences Library System, or getting started with Pandas and Python 
from the Center for Research Computing, could be described and advertised in one place as part 
of the unified message. 9 respondents to the department chair survey indicated their 
departments have non-credit bearing educational programs, which could also be brought 
together with these training opportunities.  Such a central resource would be particularly 
supportive and useful to staff, graduate students, postdoctoral fellows, and faculty that want to 
acquire new skills in data.  This approach may also bring awareness and a chance for academic 
units already involved in, or desiring to develop, degree programs and training to work together, 
share materials, and leverage their programs, rather than duplicate disparate effort.  It may even 
lead to organizing and coordinating these programs into non-credit “badges” and bridge 
programs14, similar to Google’s and Cisco’s certificates15,16, except offered by and for the Pitt 
community. 

“Data science success stories” could be sought and developed, possibly by the Office of University 
Communications and Marketing. These stories should highlight the full spectrum of uses of data 
science by everyone, no matter expertise or domain area, such as the recent Grief 2 Action 
initiative of the Center for Analytical Approaches to Social Innovation17. Stories that describe data 
science in unexpected ways that touch upon daily life (e.g., planning of bicycle routes and parking 
meters) by individuals or groups new to data methods could be especially powerful. The data 
science liaisons could help provide assistance to University Communications and Marketing to 
identify and develop content. Such stories could serve to highlight compelling and powerful 
exemplars of how responsibility and use manifest themselves in data-driven research and 
education. The COVID-19 pandemic, for example, has numerous stories about data, e.g., how to 
automatically sort through information and determinate its reliability, how to model the social 
determinants of health to guide social distancing intervention, or how the unprecedented public 
sharing of COVID-19 public health data has intersected with data journalism and communication. 
These stories could be the foundation for a recurring feature about “Data@Pitt” in PittWire. They 
may also be used to create feature stories, or even an annual special issue, in Pitt Magazine – 
whether about outcomes, critique, tools, datasets, or methods. Using this content, a separate 

14 A type of bridge program could prepare students without backgrounds in data and data methods to undertake 

graduate study in a data area, similar to programs like the Swanson School of Engineering’s Compass Program, 

https://www.engineering.pitt.edu/graduatecompass/  

15 Google Career Certificates. https://grow.google/certificates/ 
16 Cisco Data and Analytics. https://www.cisco.com/c/en/us/training-events/training-certifications/training.html 17 

Graduate School of Public and International Affairs, Center for Analytical Approaches to Social Innovation. 

https://www.engineering.pitt.edu/graduatecompass/
https://grow.google/certificates/
https://www.cisco.com/c/en/us/training-events/training-certifications/training.html
https://www.caasi.pitt.edu/
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marketing campaign on data science could be used to disseminate the success stories, education 
opportunities, and research outcomes to potential student, faculty, and staff recruits.  
 
This action will require a thorough and ongoing inventorying of data science – education 
programs, datasets, methods, tools, and research. Fortunately, some of this work has been done 
by the DSTF as part of our environmental scan. The DSTF identified, characterized, and cataloged 
43 data-oriented undergraduate and Master programs (cf. Figure 2), and sought qualitative 
survey feedback from all department chairs at Pitt about their education and research programs, 
as well as the trends in their disciplines. These are useful resources; as far as the DSTF is aware, 
this is the first attempt to broadly catalog and characterize data-oriented education at the 
University. In the short term, the existing scan could be augmented with information about 
training programs from the Center for Research Computing, the University Library System, the 
Pittsburgh Supercomputing Center, the Health Sciences Library System, the School of Computing 
and Information, and many others. Although the DSTF’s scan is only a starting point, it could be 
used to immediately create content for a campaign to inform current and potential students, 
postdocs, faculty, and staff where to look for data science. The data science liaisons could again 
be helpful in seeking leads and advising on the full cataloging of activity. 
 
Action 4 (short to medium term): Create and continuously update a “Data@Pitt” online web hub 
to aggregate and disseminate opportunities, success stories, events, activities, education 
pathways, and initiatives related to data science. 
 
In addition to existing communication channels, a dedicated web presence – “Data@Pitt” – 
should be developed and stood-up to aggregate and share information about activities, stories, 
education, and research associated with data and data methods. The web presence could be 
crafted to be the “one-stop shop for all things related to data”. Many of the recommended 
actions of this report could feed directly into this portal. For example, the web portal could 
provide a tool to ask students about their background, interests, and career aspirations, and then 
“match” them to a suggested set of data-oriented activities and degree programs. It would be a 
powerful tool to assist students in learning about new possibilities and exploring their interests.  
 
The portal may also link to resources from Pitt Research (e.g., policies, grant opportunities in 
data), the University Library System (e.g., dissertations related to data science), the Health 
Sciences Library System (e.g., datasets, tools, best practices), the CRC and PSC (e.g., 
computational and storage services), Pitt IT (e.g., institutional data and infrastructure), and 
others. An “ask the experts” feature could be available to provide a search capability to find Pitt 
educators, researchers, mentors, and alumni who are experts on particular data science topics, 
tools, and datasets available. This feature may be extended to include a natural language 
interface and a recommender to sort through information about Pitt’s data science activities to 
suggest educational programs/pathways, people, opportunities, and other information relevant 
to a particular interest or direction of inquiry. Although a fully developed web presence will take 
resources, some small steps in the near term, such as advertising data-oriented education 
programs (workshops, degrees, etc.), centrally promoting talks on data science (including the 
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Distinguished Data Science Speaker series), and distributing success stories on a single 
aggregated web site would go a long way to presenting a unified view of data at Pitt. 
 

3.2 Goal 2: Require fluency and knowledge. 
 

Require every undergraduate student to acquire a basic understanding of data 
and data methods, including consideration of responsibility, as part of their 
learning at Pitt.  

 
This goal aims to encourage developing inclusive curricula that provides every undergraduate 
with opportunities for strong preparation in responsible, use-driven data science.  We also 
suggest the development of an “ecosystem” that will promote opportunities and leverage 
curricula for students to participate in data science. By collaborating on the ecosystem, there will 
be more cross-pollination of education and research ideas across domains, and new professional 
connections created, leading to more interdisciplinary projects, including ones of larger scale.   
 
We have many undergraduate programs and likely will acquire more in coming years.  Having the 
same specific data science requirements for students in widely different programs seems unwise. 
For example, students in the School of Computing and Information (SCI) should become able to 
produce routines and systems that embody data science. Hence, current guidelines for such 
programs often require programming language learning early in a curriculum so that later courses 
can include exercises using Python, R, TensorFlow and perhaps other languages. On the other 
hand, a student in a humanities major may need a very different grounding in order to leave Pitt 
as a well-educated person able to succeed in career choices and able to participate strongly as a 
well-informed citizen. Solid preparation may include engagement using data science in projects 
within their studies or in civic engagement as well as an understanding of how data science works 
to produce new knowledge in the disciplines of their collaborators.  
 
There is also need to educate across boundaries, and to teach about the intersections of data 
science and domains, and vice versa; e.g., SCI students need to understand responsible uses of 
data, and the role of social context in their future contributions. Humanities students need to 
understand the contours of data science to contribute to our understanding of data science 
influence on society and the human experience. Law students need to understand the potential 
technical capabilities of new data science methods to appropriately govern and regulate them 
without prematurely limiting innovation.  
 
Action #5 (medium term): Mandate that every school with an undergraduate program develop 
inclusive curriculum, coupled to practical experience with actual datasets, questions, methods 
and tools, that provides all undergraduates with preparation in data concepts and skills. 
 
We recommend that each school with an undergraduate program should develop opportunities 
that equip students with knowledge and experience in collecting, storing, analyzing, interpreting, 
critiquing, and communicating insights from data. Undergraduates should be exposed to the 
concepts of data – the use and misuse of data in science and/or society – through at least one 
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course. These concepts should be taught using experiences and content relevant to students 
from a range of backgrounds. Learning outcomes related to data science and their manifestation 
will naturally differ between schools, departments, and degree programs, as content is tailored 
to specific context. Course and program assessment plans should incorporate evaluation of these 
tailored experiences, e.g., critical thinking about data. Although there is no “one size fits all” for 
such a course(s) across disciplines, particularly when tied closely to use, there may be 
opportunities to share curricular components and best practices.  
 
In the medium term, the DSTF recommends that data science evolve into a general education 
requirement in each school. A mandate from the Provost to examine how best to incorporate a 
general education requirement (e.g., should it be treated as a science or quantitative 
requirement, some sort of new requirement, embedded in courses, what might be replaced?) 
will likely be needed to act quickly with purpose. Although broad curricular goals and guidance 
might be set by the University, any new requirement comes at an inevitable cost. Credits 
allocated to data science, i.e., a general education requirement, will come from a finite pool, and 
the number of credits required for a degree is unlikely to change. Accordingly, existing courses 
may need to be adapted to incorporate data methods, while courses that serve multi-purposes 
may need to be created afresh. Such an approach would likely require a somewhat prescriptive 
strategy to “push” units to create a plan on how they would incorporate and assess aspects of 
data science in their curriculum, or how they will work to add a general education requirement.  
 

Table I: Data acumen areas from NASEM 2018 

Mathematical Foundations Data Modeling and Assessment 
Computational Foundations Workflow and Reproducibility 

Statistical Foundations Communication and Teamwork 

Data Management Domain-specific Considerations 

Data Description and Visualization Ethical Problem Solving 

 
A 2018 report from the National Academies of Sciences, Engineering, and Medicine provides 
thorough analysis and recommendation of data science competencies that should be taught18. 
This report offers a roadmap of 10 data acumen areas (Table I) to develop curricula that spans 
the “data science life cycle” – i.e., acquisition, cleaning, using/reusing, and preserving/destroying 
data with consideration to ethics, policy regulations, stewardship, platform, and disciplines19.  
 
Figure 3 shows the amount of emphasis given on average by the 43 programs scanned by the 
DSTF (bar labeled “Emphasis”). The emphasis ranges from 1 (minimum/unknown) to 4 (high 

 
18 Other reports arrive at similar conclusions as NASEM, although they may be tailored to discipline. For example, 
the Association for Computing Machinery (ACM) – the primary professional organization for computer science – has 
an ongoing effort to recommend data science curricula. ACM Data Science Task Force, Computing Competencies for 
Undergraduate Data Science Curricula, Draft 2, December 2019. http://dstf.acm.org/DSReportDraft2Full.pdf  

19 The Data Science Life Cycle: A Disciplined Approach to Advancing Data Science as a Science. Victoria Stodden. 
Communications of the ACM, July 2020, Vol. 63, No. 7, pages 58-66. DOI: 10.1145/3360646 

http://dstf.acm.org/DSReportDraft2Full.pdf
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emphasis). The figure also plots responses from the survey of department chairs about their 
programs (bars labeled “Undergraduate” and “Graduate”). In particular, the survey asked 
“Looking forward by 5 years, how would you characterize the importance of the following data 
acumen areas to your undergraduate students?” The same question was asked about graduate 
students.  The range is 1 (no increase/not applicable) to 4 (significantly increased). Considering 
current programs, there is a gap between the average from the scan and the survey for Workflow 
and Reproducibility, and Ethical Problem Solving (Responsibility). Both areas have gained 
increased interest in recent years, and this gap is likely due to the evolving emphasis between 
current and future trends. Data Management, Data Visualization, and Domain-specific 
Considerations also have gaps.   
 

 
Figure 3: Amount of today’s emphasis (from scan) and future importance (from survey) 

In addition to the areas of the NASEM’s roadmap, the DSTF strongly recommends that 
responsibility, ethics, and evaluation of complex evidence should be emphasized in curriculum. 
For example, some course topics should consider misuses of data and evidence, critique of 
methods (especially bias), accessibility, and marginalization and disadvantage through “data 
haves” and “data have nots”. Critical thinking should be emphasized as well. Specifically, many 
challenges that we see in society come from not appreciating that we that we live in complex 
systems, and thinking there are simple solutions, particularly ones that might be driven by data. 
Consideration of these factors are all important elements to inclusiveness and good citizenship.  
 
The DSTF further recommends that skills to effectively participate and translate among domains 
through interdisciplinary and diverse teams must be part of any data science curriculum. Data 
science draws on fields and subfields with different ontologies and epistemologies. People often 
must work in teams whose members have different backgrounds, experiences, and expertise, 
grounded in different basic understanding. Excellent training would give students a sense of the 
disciplinary ontologies relevant to their own field(s) and fields nearby, and the ability to 
collaboratively work, communicate across fields, and work as part of diverse teams.   
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Real world data is inherently messy and data analysis is filled with ambiguity and loosely defined 
questions and inquiries. Consequently, the DSTF recommends that the curriculum should be 
placed into context through actual cases of responsible, use-driven data science, i.e., practical 
experience with datasets, questions, methods, and tools. This experience could be offered 
through opportunities in community-engaged or societally-engaged data science, ideally with 
Pitt’s many community partners, UCSUR, the Digital Inclusion Center, and others, to incorporate 
projects, internships, and other ‘learn-by-doing’. It will be crucial to the success of data science 
at Pitt as well as for the future of Pitt’s competitiveness in this data-driven world that this 
expertise is available as a layer across the university, and not simply as a place that you have to 
know about or be adjacent to in order to find and access the necessary knowledge infrastructure. 
 
An important consideration for learn-by-doing is the effort required to adopt examples in 
curriculum relevant to students from many backgrounds to create belongingness in the 
classroom. Fortunately, resources exist to reduce the barrier of entry by faculty. For example, 
Xprize created an alliance of organizations to apply the power of data to stopping the COVID-19 
pandemic. As part of their effort, they built a catalog of open source projects, tasks, and datasets 
that could be used to provide societally relevant and compelling experiences to students. Kaggle 
also supports and guides projects for analysis, software code, and datasets. In addition, they 
conduct open “competitions” that could be a source of projects and experiences. A recent 
example is Cornell Lab of Ornithology’s project at Kaggle to develop a tool for birdcall 
identification to improve the accuracy of population censuses of migratory birds. Kaggle’s crowd-
source model could be applied at Pitt to marshal datasets, tools, and analysis questions from 
researchers into ready-made projects that would ease adoption of meaningful experiences, 
benefit scholarship, and excite students.  
 
Lastly, advisors should be trained to effectively and proactively assist students in selecting 
courses and seeking experiences about responsible, use-driven data science.   
 

3.3 Goal 3: Catalyze skill acquisition.  
 

Create, support, and incentivize inclusive, flexible undergraduate and graduate 
educational programs and shared educational resources to offer training in data 
science – in context of a broad variety of domains – to students, postdocs, staff, 
and faculty. 

 
While goal 2 propels data science out to diverse parts of the University for undergraduate 
education, goal 3 pulls people into coherent networks of data science training and applications 
who might not be there otherwise. This goal is intended to scaffold individuals that seek 
knowledge and training to use data and data methods in their work, especially in their careers 
and at the graduate level and including faculty, postdocs and staff. Goal 2 is principally focused 
on literacy and fluency for all undergraduate students. On the other hand, goal 3 is focused on 
competency to conduct research in data science or careers that apply data science to transform 
other career paths (e.g., campaigns, pharma, libraries, etc.).  

https://data.xprize.org/covid19
https://data.xprize.org/covid19
https://kaggle.com/
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We suggest that a range of advanced educational opportunities need to be offered that are 
coordinated but tailored to uses within different disciplines to provide specific advanced training 
and education programs. Our recommendation is not one about centralizing the educational 
programs themselves, but rather a recommendation to develop and provide services and 
resources to enable individual programs throughout campus to leverage one another’s curricular 
work and knowledge to mutually benefit all programs. 
 
Action #6 (short to medium term): Identify gaps in existing curriculum, develop a set of shared 
educational resources for these gaps, and provide a central repository of curricular materials at 
both the undergraduate and graduate levels. 
 
There has been significant interest for curriculum development in data science by many 
programs, especially at the graduate level, e.g., Nursing, Pharmacy, Health and Rehabilitation 
Sciences, Statistics, Economics, Public Health, as well as Computational Social Science. While 
curricular needs are often specific to a discipline, usually oriented around particular inquiries, 
tools, and datasets, the underlying skills and competencies that need to be taught are actually 
similar. For instance, learning to program in Python is a current commonly needed skill, 
regardless of the discipline. Yet, the datasets and analyses that may be explored in a 
programming course on Python would probably need to differ from one domain to the next (e.g., 
consider the differences among infectious disease data, electronic health record data, and 
digitized historical texts and images). Thus, we recommend supporting multiple, diverse efforts 
in a broadly defined data science space, to allow innovation to flourish, and not to prematurely 
seek to reduce and consolidate offerings in the name of efficiency. Complement efficiency with 
incentives, such as new professional opportunities. At the end of this process, we aim to see a 
more effective, collaborative delivery of existing degree packages, as well as the identification of 
any educational gaps, and mechanisms to fill said gaps. 
 
A set of flexible and customizable resources could be developed, supported, incentivized, and 
disseminated to assist individual units in developing their own advanced data science training. 
These resources could take many forms and serve multiple purposes, e.g., assessment 
approaches of data-oriented teaching, curricular materials and courses; course syllabi; learning 
outcomes with data; best practices; lecture slides; projects and assignments; or other “modules” 
that can be adopted or adapted to a particular context. For example, an introductory learning 
module on data mining might be designed to be customizable with domain datasets and 
exploration problems, even though the same method is taught regardless of the area. The 
availability of these resources would remove impediments faced by many disciplines in 
developing and evaluating new courses. It would also help to continue to keep curriculum up to 
date to maintain pace with the rapid advances in data science. Such resources would provide a 
path to accelerating curriculum development and offerings.  
 
This action requires defining the marketplace using our definition of responsible, use-driven data 
science  – including those who use data and methods, and those who gather data and develop 
the methods; identifying gaps and opportunities to share materials and expertise; seeking buy-
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in and participation of programs that want/need to offer advanced training; developing 
incentivization structures; and organizing a plan to assess, continuously improve, share, and 
sustain the materials.   
 
Action #7 (medium to long term): Establish and/or charge an organizational entity to coordinate 
training and education, development of curriculum, collecting and disseminating project 
opportunities, courses and course content materials. 
 
Progress on both goals 2 and 3 will lead to a rich ecosystem for data science education, including 
short online modules, “pop-up” training, non-credit workshops, micro-credentials, and degree 
programs20. Thus, the DSTF recommends that an organizational entity is charged, or a new one 
created, to shepherd and maintain the curricular ecosystem. This might be an entity, like the 
University Center for Teaching and Learning, or part of the organization suggested in Goal 4.  
 
Specifically, the organization could provide a number of valuable capabilities:  

• Advise schools/units on specifics of data science curriculum (uses, methods, tools, and 
datasets), including ethics, citizenship, and responsibility; 

• Prepare, deliver, and continuously create content and maintain learning modules that 
support multiple purposes (courses, workshops), including gen eds; 

• Curate and steward a range of exemplar datasets that can be shared for educational 
purposes and used in a variety of curricular activities; 

• Develop and assist in contextualizing modular content to disciplinary needs, datasets, 
questions, and tools; 

• Create assessment tools and validation strategies for inclusive teaching and learning 
along the full spectrum of basic data literacy to advanced methods and uses; 

• Connect undergraduate students to learn-by-doing experiential opportunities that ask 
‘real-world questions’ using production datasets and tools; 

• Seek and curate ideas for data-oriented student projects from researchers and scholars 
throughout campus, packaging the ideas into well documented and ready-made 
experiences (e.g., similar to Kaggle competitions and hackathons) that could be offered 
to students and/or easily adopted by faculty in their courses; 

• Recruit and attract top undergraduate and graduate students who seek to focus on data 
sciences as part of their learning, possibly with scholarships;  

• Develop and offer incentives, recognition, and awards to encourage participation and 
contribution in an ecosystem of data science curricular materials; and, 

• Provide advanced training to faculty, graduate students, postdocs and staff, such as 
summer bootcamps, workshops, and seminars focused on particular skill needs. 

 
 
 

 
20 National Academies of Sciences, Engineering, and Medicine. 2018. Graduate STEM Education for the 21st Century. 
Washington, DC: The National Academies Press. https://doi.org/10.17226/25038  

https://doi.org/10.17226/25038
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3.4 Goal 4: Coordinate strategy and action.  
 

Implement a structure that (i) knits together, in a visible, accessible, and central 
place, people and practices in data science; (ii) serves as an evolving source of 
knowledge in developing, incentivizing, and applying responsible data science to 
overcome diverse, challenging problems, including ethics, policy, and legal 
aspects; and (iii) animates extraordinary ambitions and success in collaborations 
transcending disciplinary and community limitations. 

 
The DSTF urges Pitt to create an institutional focal point – in actuality, a formal structure – to 
embody the ambition to build an evolving and resilient organization that coordinates and fuels 
data science innovation21. This formal structure should connect and involve academic units, 
research programs, infrastructure, and operations, including Pitt IT and Pitt Research. 
 
To build capabilities in data science to a point of excellence and impact across the full range of 
research, teaching, and community engagement ambitions, Pitt will need to prioritize:  Pathways, 
practices, policies, and incentives (resources) for connecting data science capabilities around the 
university, and between the university and organizational partners, in “layers” of data science 
activity (cf. Figure 1), such as data identification and collection (one layer); data curation and 
storage (another layer); data modeling and analysis (a third layer); data interpretation and 
visualization (a fourth layer); and data sharing and communication (a fifth layer); as well as other 
emerging layers. Many capabilities and resources currently exist in unconnected silos defined by 
discipline and department, while new ones will be needed and also connected.  
 
This goal aims to connect the silos into learning-based systems or communities, which grow and 
leverage their complementary strengths but do not undercut their independence to maximize 
the power to tackle large-scale, complex problems; scholarly impact; and social benefit.  
 
Action #8 (short to medium term): Establish a dedicated, full-time position and charge a leader 
with a mandate to advance and coordinate data science for Pitt. 
 
This action recognizes the importance of and the need for commitment by a leader to rally and 
bring together people to harness their collective networks and social credit to communicate, 
share, and coordinate data science in all of its forms. A dedicated position is urged to be created, 
possibly within the Provost’s office or some other academic unit that has experience in relevant 
areas and responsibilities related to data science. This position would connect and orchestrate 
points of data science for an institutional focal point, drawing together resources from 
throughout campus. A leader in this position would ensure accountability in moving the proposed 
actions forward, and championing key activities, such as organizing the data science liaisons, 
developing the distinguished speaker series, rallying support and buy-in for curriculum and 
general education requirements in data science, and curating content for Data@Pitt. It is worth 

 
21 Micaela S. Parker, Arlyn E. Burgess and Philip E. Bourne. Ten Simple Rules for Starting (and Sustaining) an Academic 

Data Science Initiative. June 2, 2020. https://doi.org/10.31219/osf.io/wu4fv  

https://doi.org/10.31219/osf.io/wu4fv
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noting that 26 of the 41 benchmarked efforts at other institutions have a formal leadership 
position for data science. All 7 of the most comprehensive efforts have a leader for data science. 
 
The leader should be charged to put the recommended actions, and others that may emerge, 
into play. A strong leader equipped with a clear mandate and the resources will give a basis for 
Deans and unit heads to prioritize coordination. To make this basis stronger, data science 
initiatives could be connected to unit strategic plans and Resource Proposals, and tied into the 
Plan for Pitt 2025. 
 
Action #9 (short term): Use Pitt Momentum or other funding mechanism to encourage, initiate, 
and support action on the highest impact actions in this report and work toward the development 
of a polished concept, with pilot implementation, that can be a springboard for a major gift.   
 
Many of the DSTF’s recommendations require resources, and the current economic environment 
will make this challenging. Some initial steps could be taken, however, for quick effect and impact 
with small funding (e.g., the Data Science Success Stories). Others could be turned into a seed 
project for a Pitt Momentum or other proposal opportunity to initiate action. In particular, 
several ideas formulated by the DSTF for undergraduate and graduate training and novel teaming 
of data scientists could be well suited for a pilot that more fully seeks buy-in, develops ideas, 
determines needs, and implements assessment. This could benefit students and postdocs right 
away through a pilot education program. Such a project will be important to establish expertise, 
credibility, and preliminary evidence for large external sponsorship of a full effort that spans 
disciplines, e.g., an NSF Research Traineeship or a NIH/NLM training program.  
 
Learning how to coordinate and amplify data science by actually doing it, will help refine ideas 
and approaches and crystalize them into a polished concept that could be a springboard for a 
major gift. With the support of University senior leadership, a concept sheet for a well-defined 
data science effort could be developed. From anecdotal information uncovered by the DSTF’s 
benchmark effort, this mirrors approaches taken at other universities, like the University of 
Virginia and Princeton, both of which received major gifts for data science. Given the current 
financial climate, this “go slow, show what we can do” approach would move the DSTF actions 
forward, in preparation for an improved economic outlook in a few years. 
 
Action #10 (long term): Create and support an institutional structure – a “coordination tower” – 
to coordinate and incentivize existing and emerging elements (layers) of data science. 
 
An institutional home by which our recommended pathways, practices, and actions are 
documented, coordinated, and energized, with physical, organizational, and conceptual 
embodiments is needed. This home would manifest itself in different ways as a physical place, a 
group of dedicated people, and a mission, supported effectively by organizational and financial 
capital. In essence, this would be a “coordination tower” that orchestrates data science across 
units at the University. The “coordination tower” metaphor should evoke not simply a complex 
airport (or railyard); instead, it should invoke a “JPL” metaphor, as in “Jet Propulsion Laboratory” 
and its role in advancing rocket science, not simply building a single rocket but rather supporting 
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and catalyzing an entire science. In this case, the coordination tower of this action is akin to a 
“Data Propulsion Laboratory”. It captures the layers of the stack shown in Figure 1. 
 
That “JPL-style” coordination function would enable Pitt to not only empower teams that propel 
research upwards by solving complex social problems and making new scientific discoveries, but 
also keep, propagate, and communally learn from the lessons of data science innovation 
attempts (both successful and less so) from across the university.  
 
A crucial opportunity is for the coordination tower to develop, learn about and share solutions 
for increasing diversity and equity, both in data science as research and teaching fields and in 
identifying and addressing societal problems via responsible data science-supported practice. 
Another opportunity is to evolve data practices and to promulgate practice throughout University 
research, education, and operations. It would also be a chance to bring together core 
competencies of the different data layers and grow the layers together and learn across and 
within the layers. Incentivization will likely be needed to create cross-institution buy-in and to 
provide time for participation. Such incentives might take the form of support for the part-time 
effort of research staff, faculty, postdoctoral researchers, graduate and undergraduate students.  
 
United with the data science liaisons recommended as part of Goal 1, the coordination tower 
could facilitate a leadership cohort that can help evolve responsible uses of data science, as well 
as the methods themselves, and recruit resources and formulate new initiatives under the 
direction of the leader recommended in Action 8.  Such champions and resources might include 
a cadre of experts, from across campus, and dedicated professional staff (within the purview of 
the coordination tower) who serve as consultants, investigators, and educators to support and 
develop the use of data science in research, education, and operations. Another important 
opportunity is to evolve data practices, learning what is good, what we have seen to work, what 
is working, and what is not working. Lastly, and certainly not the least, the coordination tower 
could serve an opportunity to facilitate, connect, grow, and incentivize communities that are 
today using data methods, as well as communities that may want to start using these methods 
but lack critical mass or expertise to do so.  

4 Pitt Community Feedback 
 
The Data Science Task Force sought input from the Pitt community about the goals and actions 
described in this report. A survey instrument was developed and made available on the Provost’s 
website along with a short video introduction to the DSTF effort. The full draft report was also 
shared on the web site. These materials were released on November 23, 2020. Shortly 
afterwards, an announcement was made in Pittwire and a briefing was given to the Council of 
Deans and the Provost’s Cabinet.  Survey responses were collected until December 30.  
 
The survey asked respondents to rate the importance of each action to achieving the associated 
goal. The scale was 4=very important, 3=important, 2=somewhat important, and 1=not 
important.  There was an open-ended question for each goal to provide additional comments 
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about the goal or the actions. Finally, the survey concluded with an open-ended question for 
general comments about the DSTF’s report.  
 
The number of responses was 18, mostly from the Dietrich School of Arts and Sciences. 
 
The survey responses and comments are overall positive and generally supportive of the 
recommendations of the DSTF. The responses indicate that each action is important, and 
together the actions lay out a path to coordinating and amplifying data science at Pitt. 
Enthusiasm was also expressed for getting involved in the effort. Some pitfalls were identified by 
respondents, especially around the terminology and the importance of ensuring that effort by 
the University takes a broad, inclusive approach to data and data methods.  
 

 
Figure 4: Survey Responses 

Figure 4 shows the average numeric response of importance for each of the actions to supporting 
the four goals. Every action received a score of at least being halfway between somewhat 
important and important. Given there can be reluctance about “data science” as a term, the DSTF 
interpreted these scores and the associated comments as very supportive.  In reviewing the 
feedback, the DSTF recommends the following.  
 
The actions that were on average rated at or above “important” could be emphasized as a first 
tier to begin implementation of recommendations. Especially action 1 (creating a liaison group), 
that is tasked with actions 2 (starting a speakers’ series), taking the first steps towards action 5 
(a plan to mandate data science curriculum), and moving towards action 6 and 7 (creating a 
repository of material for data science curricula and an organization to curate this). As progress 
on these actions is considered, action 8 (planning for how to organize and hire a full-time person 
to shepherd data science at Pitt forward) must also be considered for sustainability and building 
towards fulfilling the vision this report advocates. Indeed, recruiting someone to be specifically 
responsible for the effort may be the best first step to advance all actions. 
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There is a second tier of actions that can be connected to the first tier as they are accomplished. 
The repository for data science curricula (action 6 and 7) could be planned such that it can be 
expandable to action number 4 (the clearinghouse) and the planning for how to organize and 
hire a full-time position (action 8) can also consider how action 9 (seed grants) could be used as 
part of this organization to grow data science research at Pitt.  
 
Undertaking the first and second tier actions could serve as a springboard to develop more 
detailed plans for actions 10 and 3. However, there is some concern among the DSTF that this 
may not move quickly enough to create a “data science front door” and attract needed 
investment. Other institutions are racing ahead in this space.  
 
The survey comments reveal some pitfalls that a group building the vision presented in this report 
needs to be aware of. There is skepticism of the term “responsible data science”. Communicating 
what data science means at Pitt will be crucial beyond the report. Additionally, next steps will 
need to carefully navigate respecting differences in disciplinary definitions and goals while still 
bringing diverse communities together to learn and share. Finally, an inclusive organization is 
needed that extends across the university and that will bring together multiple groups given 
perceptions of data science as being narrow. Centering computational social science and the 
digital humanities alongside more traditional data science disciplines could be helpful. 

5 Next Steps  
 
Creating a leadership position and recruiting someone to fill it could gather momentum for the 
recommendations of this report.  This person could immediately start on the first tier of actions 
identified by the Pitt community, while simultaneously undertaking further consultation with 
stakeholders about the envisioned institutional focal point and the formal structure needed to 
bring it fully to fruition. The stakeholders should be broadly identified, including department 
chairs from a wide range of disciplines (including areas identified by respondents to the 
community survey and the department chair survey), student groups, postdoctoral researchers, 
staff, the Council of Deans, the Provost’s Cabinet, Pitt Research, Pitt IT, UCTL, UCSUR, Pitt CRC, 
and the Pittsburgh Supercomputing Center. With input from these stakeholders, the goals and 
actions should be further refined, and key performance indicators (KPIs) and associated targets 
should be developed for each of the actions to be implemented.  
 
An alternative first step would be to create the data science liaisons group (action 1) and start a 
distinguished speaker series (action 2).  Several members of the DSTF are eager to work together 
for this purpose and to invite members of the University community, including several that 
responded to the Pitt community survey, to join in establishing both the data science liaisons’ 
group and the speaker series. This would serve to attract and involve interested parties in 
providing feedback and consultation for further development and eventual implementation of 
the recommendations of this report.  Looking further down the road, some members of the DSTF 
are also interested in beginning work on involving relevant constituents in developing shared 
curricular materials, integrating, piloting, and assessing these materials in their degree programs.   
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Lastly, there is interest in the DSTF to develop a proposal for a Pitt Momentum Scaling Grant or 
other funding vehicle, e.g., philanthropic support, to seek seed funding for these first steps, 
especially related to data science for social justice. 
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6 Appendix Task Force Members 
 
Colin Allen     Center for Philosophy of Science 
Michael Becich   School of Medicine/DBMI 
Michael Blackhurst  University Center for Social and Urban Research 
Aaron Brenner    University Library System 
Bruce Childers (chair) School of Computing and Information 
Michael Colaresi   Dietrich School of Arts & Sciences – Social Science/Political Science 
Kevin Crowley    School of Education 
Eleanor Feingold   Graduate School of Public Health 
Nathan Glasgow   Postdoctoral Fellow 
Catherine Greeno  School of Social Work 
Mike Holland    Pitt Research 
Heng Huang    Swanson School of Engineering 
Satish Iyengar    Dietrich School of Arts & Sciences – Natural Sciences/Statistics 
Brett Jones     Undergraduate Student Representative 
Chris Kemerer    Katz Graduate School of Business / College of Business Administration 
Alison Langmead   Dietrich School of Arts & Sciences – Humanities/HAA 
Young Ji Lee    School of Nursing 
Alan Lesgold    Learning Research and Development Center 
Sera Linardi     Graduate School of Public and International Affairs 
Michael Madison   School of Law 
Mary Marazita    School of Dental Medicine 
Bambang Parmano  School of Health and Rehabilitation Sciences 
Koastas Pelechrinis  School of Computing and Information 
Melissa Ratajeski   Health Sciences Library System 
Ralph Roskies    Research Computing 
Brett Say     University Honors College 
Sera Thornton    University Center for Teaching and Learning 
Steve Wisniewski   Office of the Provost 
Xiang-Qun (Sean) Xie School of Pharmacy 
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7 Appendix Charge to the Task Force 

From scientific and mathematical discoveries through computation and pattern recognition, to 
the visualization and analysis of demographic and linguistic data, and the analysis of texts and 
images, the continuing expansion of digital data and our ability to store, retrieve, and analyze it 
is bringing about an epistemological revolution. We are producing knowledge in new ways an at 
an ever-increasing pace. Empirical investigation has replaced theoretical speculation in areas as 
diverse as systems biology and the micro-foundations of macroeconomic phenomena. It is also a 
pragmatic revolution. Data science now permeates education, government, medicine, 
engineering, entertainment, science, the arts, humanities, and business, touching nearly every 
facet of life. In the university, we are enabling education and investigation to dig deeper and scan 
a broader phenomenal horizon. This infusion of data has led to a pressing need to teach students 
data-related skills, knowledge, ethics, and literacy, and to support faculty and staff in the 
collection, stewarding, retrieval, and analysis of data, whether in educational programs, research 
initiatives, or operations.  

Many academic units at the University of Pittsburgh recognize this need and are responding 
individually with initiatives around data science. We have a burgeoning variety of “analytics,” 
“digital,” “computational,” “informatics,” and “-omics,” in fields as far flung as business, health 
sciences, social sciences, law, and humanities, as well as adaptive learning and student advising 
platforms and practices. Coordinating and collaborating on these activities could leverage our 
collective ability, jointly build capacity to meet the demand, and foster opportunities for new 
interdisciplinary educational and research programs. Other universities are undertaking similar 
coordination through a range of approaches, such as independent institutes; schools of data 
science; virtual divisions of data-oriented academic units; research and learning hubs in data 
science; data spaces and services in libraries; computing for machine learning, visualization, and 
data management; and interdisciplinary data science degrees. Pitt has enormous opportunities 
to create an exciting new initiative to bring all of this together with the recently launched the 
School of Computing and Information, and the plans for a new building to house the School and 
data science-related research and educational activities.  

How should the broader Pitt academic community collectively act on the urgent need, given our 
context, strengths, and individual efforts in data-related areas? To this end, the Provost charges 
the Ad Hoc Committee on Data Science with recommending a coordinated strategy to catalyze, 
nourish, and sustain educational programs and research initiatives that (1) equip undergraduate 
and graduate students with the knowledge and skills necessary for the increasingly data-oriented 
world; (2) develop and use data science methods in research; and (3) attract and retain faculty 
using data and associated methods in their disciplines. In doing so, please answer these questions 
and any others that are deemed relevant by the committee:  

• What current and future data-related educational and research programs exist at Pitt, 
and which would benefit from a coordinated strategy? How could new opportunities be 
enabled?  
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• What approaches would facilitate leveraging and interfacing current and future initiatives 
to ensure proficiency in data-related areas by our students, and to support and accelerate 
research relying on data science?  

• What nomenclature and standards should be adopted to enable a shared foundation of 
education and research capacity in data science by and for the Pitt community?  

• How can the identified approaches be implemented? How should the approaches be 
prioritized, and what should be done in the short, medium, and long terms?  

In answering the questions, please consult the Pitt community broadly to seek their input. Please 
establish an inclusive process for this engagement at the start of the committee’s work.  

By January 30, 2020, please submit an interim report that summarizes the committee’s findings 
to that date, with the complete report due by June 30, 2020.  

  



 

 - 32 - 

8 Appendix Task Force Process and Activities 
 
The Data Science Task Force was formed by the Provost in Fall 2019 and charged with producing 
a set of recommendations to coordinate and amplify data and data methods at Pitt. The 29-
member DSTF has members from all schools, University centers, University Library System, 
Health Sciences Library System, Pitt Research, undergraduate and graduate students, and the 
Office of the Provost.   
 
The DSTF first convened in November 2019 and held several full task force and individual group 
meetings throughout the Spring term 2020, including a “mini retreat” in April 2020.  Initial 
feedback was sought through a survey of department chairs and conversations by members of 
the DSTF.  The committee’s work has progressed in phases: 
 

Phase 1: Determine definition of “data science”; conduct an environmental scan of data-
oriented programs; and, benchmark external institutions to learn their experiences in 
coordinating data science activities and effort. The DSTF organized itself into three groups 
to tackle each of these items, and then came back together to collectively synthesize and 
combine information. 
 
Phase 2: An online retreat was held to determine the provisional goals based on the 
background work. The retreat resulted in five distinct goals, which were subsequently 
combined through asynchronous discussion and a survey into the four goals of this report.  
 
To develop actions for each goal, the DSTF divided itself into four separate groups, which 
held a series of individual ideation meetings to arrive at recommended actions. Each 
group produced a report, which are available separately. The DSTF came back together 
to review, combine, and synthesize the full collection of actions from the groups into the 
set of 10 actions in this report. The reports from each group include additional ideas and 
suggestions beyond the recommendations of this report. The individual reports from the 
groups are available from the DSTF chair.  
 
Phase 3: Share provisional recommendations for a definition, goals, and actions for 
feedback and refinement. 

 
The first two phases were completed in Spring 2020, and this draft report was developed over 
the Summer 2020. The third phase was delayed to late Fall 2020 due to the Covid-19 pandemic. 
In the Fall, the DSTF’s worked to refine recommendations, seek feedback, and produced the set 
of recommendations.  
 
Upon completion of the third phase, the DSTF could evolve into a group that undertakes some of 
the actions outlined in the report. Several members of the DSTF expressed a commitment to be 
part of a group to initiate action.  
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9 Appendix Department Chair Survey Data  
 
The information below summarizes the responses from the survey to department chairs.  
 
To what extent is data important to the learning outcomes of your educational programs?  

Not applicable 2     

Slightly important 9     

Important 18     

Significantly important 35     

      

What is the trend of importance for skills and knowledge in data science by employers of your 
students? 

  

No change in importance 3     

Slightly increasing importance 4     

Increasing importance 29     

Significantly increasing importance 28     

      

Do your current undergraduate degree programs teach students how to develop data science methods, how 
to apply data science methods, how to address fundamental or critical questions about the nature and uses of data, 
or some combination of these? Select all that apply.   

Not applicable 35     

Teaches how to apply data science methods 19     

Teaches how to develop data science methods 13     

Teaches how to address fundamental or critical 
questions about the nature of uses of data 

16     

      

Considering current undergraduate degree programs offered by your department, how would you characterize the 
methods that your undergraduate students are required to learn in the following data acumen areas?  If you have 
multiple programs, please select all choices that apply.  

 Not 
used 

Basic Comprehensive Emerging Avg. 

Mathematical foundations 5 11 9 2 2.30 

Computational foundations 5 12 6 4 2.33 

Statistical foundations 4 14 8 1 2.22 

Data management and curation 7 14 5 1 2.00 

Data description and visualization 5 12 7 3 2.30 

Data modeling and assessment 9 10 8 0 1.96 

Workflow and reproducibility 13 7 6 1 1.81 

Communication and teamwork 2 11 12 2 2.52 

Domain-specific data and data methods 9 8 8 2 2.11 

Responsibility and ethics of data and data methods 3 16 5 3 2.30 
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Do your current graduate degree programs teach students how to develop data science methods, how to apply data 
science methods, how to address fundamental or critical questions about the nature and uses of data, or 
some combination of these? Select all that apply.   

Not applicable 13     

Teaches how to apply data science methods 31     

Teaches how to develop data science methods 21     

Teaches how to address fundamental or critical 
questions about the nature of uses of data 

35     

      
Considering current graduate degree programs offered by your department, how would you characterize the 
methods that your undergraduate students are required to learn in the following data acumen areas?  If you have 
multiple programs, please select all choices that apply.  

 Not used Basic Comprehensive Emerging Avg. 

Mathematical foundations 9 19 9 10 2.43 

Computational foundations 8 18 12 9 2.47 

Statistical foundations 4 16 21 6 2.62 

Data management and curation 4 19 20 4 2.51 

Data description and visualization 4 14 18 11 2.77 

Data modeling and assessment 5 19 12 11 2.62 

Workflow and reproducibility 10 16 18 3 2.30 

Communication and teamwork 3 13 24 7 2.74 

Domain-specific data and data methods 5 14 17 11 2.72 

Responsibility and ethics of data and data methods 3 14 24 6 2.70 

      
In the next 5 years, which of your educational programs will teach students about data or 
data methods? 

  

Undergraduate 28     

Graduate 44     

Noncredit 9     

None 3     

      
Looking forward by 5 years, how would you characterize the importance of the following data acumen areas to 
your undergraduate students? 

 No 
change 

Slightly 
increased 

Increased Significantly 
increased 

Avg. 

Mathematical foundations 6 13 6 3 2.21 

Computational foundations 2 11 8 7 2.71 

Statistical foundations 2 11 11 4 2.61 

Data management and curation 3 11 11 3 2.50 

Data description and visualization 1 10 11 6 2.79 

Data modeling and assessment 3 12 6 7 2.61 

Workflow and reproducibility 2 18 5 3 2.32 

Communication and teamwork 1 9 13 5 2.79 

Domain-specific data and data methods 2 14 9 3 2.46 

Responsibility and ethics of data and data methods 1 7 12 8 2.96 
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Looking forward by 5 years, how would you characterize the importance of the following data acumen areas to 
your graduate students? 

 No 
change 

Slightly 
increased 

Increased Significantly 
increased 

Avg. 

Mathematical foundations 5 21 10 7 2.44 

Computational foundations 2 14 14 13 2.88 

Statistical foundations 0 16 20 7 2.79 

Data management and curation 1 12 18 12 2.95 

Data description and visualization 0 11 17 15 3.09 

Data modeling and assessment 2 8 19 14 3.05 

Workflow and reproducibility 2 14 17 10 2.81 

Communication and teamwork 2 9 21 11 2.95 

Domain-specific data and data methods 1 15 18 9 2.81 

Responsibility and ethics of data and data methods 1 9 20 13 3.05 

      
To what extent is data important to research in your 
department today? 

    

Not applicable 0     
Slightly important 7     
Important 18     
Significantly important 30     
Average importance 3.42     

      
Over the next 5 years, what is the trend in importance of data science methods to research in your 
department? 

 

No change in importance 3     
Slightly increasing importance 8     
Increasing importance 17     
Significantly increasing importance 27     
Average importance 3.24     

      
Do researchers in your department use data science methods, develop data science methods, or a combination of 
both? Select all that apply.  

Not applicable 0     
Researchers use data science methods 23     
Reserchers develop data science methods 3     
Researchers use and develop data science meethods 26     
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How would you characterize the methods used in research in your department for the following data acumen areas? 
Please select all choices that apply.  

 Not 
used 

Basic Comprehensive Emerging Avg. 

Mathematical foundations 6 19 13 12 2.62 

Computational foundations 2 18 18 13 2.82 

Statistical foundations 3 9 29 10 2.90 

Data management and curation 1 21 23 5 2.64 

Data description and visualization 0 13 27 10 2.94 

Data modeling and assessment 3 13 16 19 3.00 

Workflow and reproducibility 6 21 20 3 2.40 

Communication and teamwork 4 12 30 4 2.68 

Domain-specific data and data methods 3 15 21 11 2.80 

Responsibility and ethics of data and data methods 3 16 22 9 2.74 
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10 Appendix Benchmark Scan 
 
To identify benchmark institutions, the group started with a list from Evaluation of the Moore-
Sloan Data Science Environments22 and those used for benchmarking by the Pitt Data 
Management Committee Policy Working Group in 2017. This list was augmented with institutions 
that have unique or university-wide approaches, or that the group had personal knowledge 
about. In early 2020, working from the list of 41 institutions, the group gathered information 
from public sources about key attributes and captured these in a table for comparison. 
 

 

 
22 Luba Katz, Evaluation of the Moore-Sloan Data Science Environments, Abt Associates, February 2019 
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University of California Berkeley ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔

University of Washington (Seattle) ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔

UVA ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔

NYU ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔

University of Illinois at Urbana ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔

University of Michigan ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔

Penn State ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔

Duke ✔ ✔ ✔ ✔ ✔ ✔ ✔

University of Rochester ✔ ✔ ✔ ✔ ✔ ✔ ✔

MIT ✔ ✔ ✔ ✔ ✔ ✔ ✔

University of Wisconsin Madison ✔ ✔ ✔ ✔ ✔ ✔ ✔

University of North Carolina-Chapel Hill ✔ ✔ ✔ ✔ ✔ ✔ ✔

CalTech and JPL ✔ ✔ ✔ ✔ ✔ ✔ ✔

Harvard ✔ ✔ ✔ ✔ ✔ ✔ ✔

Johns Hopkins ✔ ✔ ✔ ✔ ✔ ✔ ✔

Columbia’s Data Science Institute ✔ ✔ ✔ ✔ ✔ ✔

Ohio State ✔ ✔ ✔ ✔ ✔ ✔

Purdue University ✔ ✔ ✔ ✔ ✔ ✔

University of Chicago ✔ ✔ ✔ ✔ ✔ ✔

Georgetown University ✔ ✔ ✔ ✔ ✔ ✔

Princeton University ✔ ✔ ✔ ✔ ✔

University of California San Diego ✔ ✔ ✔ ✔ ✔

University of California San Francisco ✔ ✔ ✔ ✔ ✔

University of Texas San Antonio ✔ ✔ ✔ ✔ ✔

Case Western Reserve University ✔ ✔ ✔ ✔ ✔

Georgia Tech ✔ ✔ ✔ ✔ ✔

University of Florida ✔ ✔ ✔ ✔ ✔

Boston University ✔ ✔ ✔ ✔

University of Massachusetts Amherst ✔ ✔ ✔ ✔

Carnegie Mellon University ✔ ✔ ✔ ✔

Northwestern ✔ ✔ ✔ ✔

University of Pennsylvania ✔ ✔ ✔ ✔

University of Texas Main Campus ✔ ✔ ✔ ✔

Yale ✔ ✔ ✔ ✔

Texas A&M ✔ ✔ ✔

University of Toronto ✔ ✔ ✔

Arizona State ✔ ✔ ✔

Michigan State ✔ ✔ ✔

Northeastern ✔ ✔ ✔

Washington University (St. Louis) ✔ ✔ ✔

Stanford ✔

20 9 26 8 18 16 35 32 5 13 14 19 6 4 6 1
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11 Appendix Environmental Scan  
 

 
 
This table lists the data gathered by the DSTF environmental scan. The table shows the DSTF’s 
estimate of emphasis by each program in each data acumen area of the NASEM 2018 report. The 
scale is 4=highly emphasized; 3=emphasized; 2=partially emphasized; 1=not emphasized.  
 
The environmental scan had the purpose to uncover and informally characterize the landscape 
of data-oriented educational programs at Pitt as a way to “sense” what is happening. If this data 
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Mathematics BS DSAS Math/BS 4 2 1 1 1 1 1 2 1 1 15

Actuarial Mathematics BS DSAS ActMath/BS 4 2 2 1 1 1 1 2 1 1 16

Applied Mathematics BS DSAS AppMath/BS 4 2 2 1 1 1 1 2 1 1 16

Mechnical Engineering MSME SSOE MechEng/MS 3 2 2 1 2 2 1 1 1 1 16

Computer Science MS SCI CompSci/MS 3 4 2 2 1 2 1 1 1 1 18

Computer Science BS SCI CompSci/BS 4 4 2 1 1 1 1 3 1 1 19

Statistics BS DSAS Stat/BS 4 1 4 1 3 1 1 3 1 1 20

Statistics MS DSAS Stat/MS 4 1 4 1 3 1 1 3 1 1 20

Statistics MA DSAS Stat/MA 4 1 4 1 3 1 1 3 1 1 20

Computer engineering BS SSOE CoE/BS 4 4 3 1 2 3 1 1 1 1 21

Digital Narrive and Interactive Design BS SCI & DSAS DNID/BS 1 4 1 2 2 1 1 4 3 2 21

Applied statistics MS/MA DSAS AppStat/MSMA 3 1 4 1 3 1 1 3 3 1 21

Information Science BS SCI InfSci/BS 2 3 1 3 3 1 1 3 4 1 22

Industrial Engineering BS SSOE IndEng/BS 4 3 4 1 2 4 1 1 1 1 22

Industrial Engineering (DS concentration) MS SSOE IndEng/MS 4 3 4 1 2 4 1 1 1 1 22

Finance and Business Analytics MS Katz FinBiz/MS 2 2 3 2 2 3 1 4 2 1 22

Marketing Science and Business Analyatics MS Katz MarketBiz/MS 2 2 3 2 2 3 1 4 2 1 22

Supply Chain Management and Business Analytics MS Katz SupplyBiz/MS 2 2 3 2 2 3 1 4 2 1 22

Information Science MS SCI InfSci/MS 2 3 1 3 3 1 1 4 4 1 23

Library and Information Science MLIS SCI LibSci/MLIS 1 2 1 3 3 1 2 4 3 3 23

Business administration with business analytics MBA Katz BizAnalytic/MBA 2 2 3 2 2 3 1 4 2 2 23

Management and Business Analytics MS Katz MngAnalytic/MS 2 2 3 2 2 3 1 4 2 2 23

Management Information Systems MS Katz MIS/MS 1 3 2 3 3 2 2 3 2 2 23

Computational Modeling and Simulaton MS SSOE/DSAS/SCI CompMod/MS 4 4 3 3 2 3 1 2 1 1 24

Biomedical Informatics MS DBMI/SOM Biomed/MS 2 4 3 3 1 3 1 3 3 1 24

PharmacoAnalytics BS Pharmacy Pharm/BS 3 4 2 2 4 4 2 3 0 0 24

PharmacoAnalytics MS Pharmacy Pharm/MS 3 4 2 2 4 4 2 3 0 0 24

Computational Biology BS DSAS & SCI CompBio/BS 3 4 3 3 1 3 1 3 3 1 25

Computational Biomedicine and Biotechnology MS CSB/SOM COBB/MS 3 4 3 3 1 3 1 3 3 1 25

Electrical and Computer Engineering MS SSOE ECE/MS 4 4 4 1 2 4 2 2 1 1 25

Health Policy and Management MS GSPH HealthPolicy/MS 1 1 3 1 3 3 2 4 4 3 25

Health Information Management BS SHRS HIM/BS 1 2 1 4 4 4 2 2 4 2 26

Masters of Quantitative Economics MS DSAS Econ/MQE 3 2 4 2 2 4 0 4 4 2 27

Biostatistics MS GSPH Biostat/MS 2 3 4 2 2 4 2 4 2 2 27

Biostatistics (HDS) MS GSPH Biostat (HDS)/MS 2 3 4 3 3 3 2 4 2 2 28

Geographical Information Systems and Remove SensingMS DSAS GIS/MS 2 3 2 4 4 3 2 3 4 1 28

Health Informatics (DS) MS SHRS HealthInfo/MS 1 2 1 4 4 4 2 2 4 4 28

Epidemiology MPH GSPH Epi/MPH 2 1 4 3 3 4 2 3 4 3 29

Epidemiology MS GSPH Epi/MS 2 1 4 3 3 4 2 3 4 3 29

Accounting and Business Analytics MS Katz AccBiz/MS 2 4 4 4 3 4 2 3 2 2 30

Biostatistics (SCG) MS GSPH Biostat (SCG)/MS 2 3 4 2 2 4 3 4 4 2 30

Genome Bioinformatics MS GSPH GenomeBioinfo/MS 2 3 2 2 3 2 4 4 4 4 30

Intelligent Systems MS SCI/ISP IntlSyst/MS 4 4 4 2 4 4 1 2 4 1 30

AVERAGE 2.65 2.67 2.79 2.12 2.42 2.67 1.42 2.91 2.28 1.51 23.44
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is used in a more formal way, it should be shared with and validated by department chairs for 
their degree programs.  
 
Due to time constraints, the DSTF focused on undergraduate and Master programs and partially 
relied on the 2019-2020 Pitt Undergraduate and Graduate Course Catalogs.  
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12 Appendix Pitt Community Survey Comment Responses 
 

 
Goal 

 
Action 

Importance of action to achieving goal  
Average Very  

Important 
 
Important 

Somewhat 
Important 

Not 
Important 

1 

1 8 7 3 0 3.28 

2 6 7 4 1 3.00 

3 3 10 4 1 2.83 

4 7 5 5 1 3.00 

2 5 11 5 2 0 3.50 

3 
6 12 5 0 0 3.71 

7 10 4 3 0 3.41 

4 

8 7 5 4 2 2.94 

9 3 9 6 0 2.83 

10 6 3 7 2 2.72 
 
The table above records the number of survey responses about importance of each action toward 
achieving the associated goal. The scale is 4=very important, 3=important, 2=somewhat 
important, and 1=not important.   
 

12.1 Goal 1, Actions 1-4 
 

• Students who cannot take classes related to data science because of scheduling 
constraints should be given more informal places to learn about data science, including 
coding and FAIR data, etc. 

• I think the Lecture Series is a great idea. 

• Improving visibility of existing efforts: it is very hard to find out who, through each schools 
is involved in data science, let alone across the University. It would be nice to have a 
central listing of people working in the field. Some of this would be covered by the liaison 
roles, but I'm sure those won't be EVERYONE involved in DS. Additionally, I would like to 
be a part of the "data science liaison" group! Looking forward to finding out how to get 
involved :) 

• I think the "Data@Pitt" online hub is a simple but crucial first step. The current offering 
of educational pathways, via degrees, workshops, and certificates, is hard to navigate and 
dispersed across too many responsibility centers. Trying Googling 'Pitt data science' or 
'Pitt machine learning' and you'll get a confusing array of results that don't really indicate 
any type of unified understand or leadership on the discipline. I'm also somewhat weary 
of really trying to create and define a "unified understanding of data science". Data sci 
means different things to different people across disciplines. Yes, that can be confusing 
to newcomers. But I also find that diversity in tasks, tools, and methods to be a source of 
strengths and a characteristic of data science that makes it so interesting. 

• I think the first action gets at this, but the wording is a little unwieldy, i do think the priority 
for an "inter-disciplinary data science initiative" requires strong representation from each 
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school and program. Of course, certain programs are going to have more "data-oriented" 
folks, but the aim should be for each school to have at least a few representatives. 
Additionally, in the aims above, I don't note any particularly community centered actions 
focused on engaging the larger community (esp. communities underrepresented in data 
work) into these efforts. Perhaps, we should consider running programs at Pitt's 
Community Engagement Centers(CEC) as a priority action. Maybe this is considered later 
in the survey 

• Given the focus on integrating data science into the curriculum and the focus on human 
resources, in addition to the website and lecture series, there seems to be opportunity 
for faculty development in regards to data science instruction. 

• I think the goal is critical - my group does a tremendous amount of data science in 
chemistry and we had no idea about this effort. The over-subscription of workshops (e.g, 
A&S Python / Jupyter course this fall) indicates the demand among faculty, staff, and 
students. 

• The task force report provides a useful conceptual framework, but falls short of sufficient 
detail to qualify as a plan. The survey above appears to presuppose that marketing 
(technically "advertising" would be a better description of the proposed actions) is far 
more important than the actual quality of the product, i.e., the actual skills of of our 
students with regard to data science. It is my belief that effort and resources directed 
toward producing graduates who can actual do the job is far more important than how 
we advertise. 

  

12.2 Goal 2, Action 5 
 

• This fine, I guess. But at what point are undergraduates required to do so many 
extraneous things that they can't fit in their actual major/minor classes? 

• It is critical that this requirement emphasize the context of data creation and absence, as 
well as systematic comparisons within the assumptions of the collected information. 
Thus, responsible data science should be viewed as including crucial input from the social 
sciences and humanities. 

• I think this is an exceptional idea. In my work with a data science center in SSOE, we have 
heard from many company partners that having access to hire data science enabled 
graduates is extremely important. 

• This is a laudable goal; however, I would challenge the committee (or others who are 
implementing this goal) to think about how they will effectively measure whether the 
mandate is being implemented in a meaningful way (as opposed to just another box that 
students will check off). 

• All of our graduate needs to be able to analyze a dataset, draw insights, and translate 
those insights into decisions/outcomes. Rather than focus on specific tools like excel, R, 
Python, SAS, etc., I think it would be better to focus on teaching a general analytical 
framework that is applicable across all tools. For instance, teach descriptive statistics, 
summary statistics, how to handle null values, identifying patterns in data, visualization, 
and linear/logistic regression. Knowledge of just these methods will prepare students to 
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answer the vast majority of all analytical problems they will encounter. In other words, 
we don't need to teach every student all algorithms that are used in machine learning, 
NLP, etc. It needs to be approachable and immediately applicable in school and industry. 
I also see no reason to limit this to undergrads only! 

• What about grad students, postdocs, faculty, staff researchers...??? 

• I think this is very important, but I would wonder how people in traditionally less data-
oriented fields would feel. It would be interesting to get more feedback from a diverse 
range of individuals within arts and humanities. 

• I work with data and I do think that having the ability to understand and interpret data 
makes us all better citizens, consumers, decision makers, etc and that students should 
have a basic understanding. BUT, I think that when developing curriculum and standards, 
you should keep in mind that although data and research methods touch all lives, it may 
be difficult for all people to get their heads around it, particularly if they feel that it does 
not have a central role in their chosen field/area of interest, or if they do not have strong 
right brain minds so entry level classes taught in lay language should be offered. 

• I don't think that data science should be part of every major if that major does not 
welcome it, but it should be a much bigger part of many majors. 

• I recently completed an undergraduate chemistry course - and found many students 
lacked basic preparation in key concepts.  IMHO adding a data-science-in-the-major 
requirement might be a good idea, much like the writing-intensive course requirement in 
A&S 

• Some current statistics courses are so fluffy that student complete them with no 
meaningful skill set, and must therefore be retrained from scratch. These observations 
are from my experience with the DNP program. 

• One of the issues with this plan is that it doesn't really define in a clear way what is meant 
by "responsible" data science. It seems to mean that it is  applied to practical settings. But 
of course many things could be applied practically but be done irresponsibly. For example, 
using AI with policing. What would responsible data science entail when it comes to use 
of AI with policing? It might make sense to consider ethics as well. 

  

12.3 Goal 3, Actions 5-6 
 

• Digital Scholarship Services at the ULS is already doing some of this and could do more if 
given resources. One issue is that very few departments/programs know what DSS is and 
how they can tap into resources. There also seems to be some doubling up of resources 
and services, which could be good if there's a high demand, but could also be a waste of 
valuable manpower. 

• To date there are many disjointed pushes in these areas, both duplicating effort and 
leaving gaps. 

• In the curriculum, it should be important to consider all facets of responsible data use, 
and not just the number crunching and visualization components.  This could involve 
asking questions like: (1) How do we ensure that data are acquired in a rigorous and non-
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biased way?  (2) How do we develop analyses that permit strong inference?  (3) How do 
we apply data in ways that are helpful, and not harmful for society? 

• Central repository of curricular materials!  Yes!  Transparency with what other schools are 
doing so we're not duplicating effort. 

• I'm a bit weary of a central entity as described in action 7. But I think that could be 
valuable if we don't lose sight of the fact that data sci means different things to different 
disciplines and find ways to fit and evolve analytics in different domains. 

• Make sure that the various entities around the Pitt campuses that are already providing 
such support are included in these initiatives. 

• Similar to earlier comments, creating opportunities for faculty and staff development in 
this area is important. 

• I think Action 7 is *far* more important than 6 - I think the entity would provide the 
repository and facilitate finding gaps, sharing resources, etc. 

• The current curriculum does not work for DNP students, i.e., when it comes time for them 
to actually propose and execute a data analysis plan, almost all require one-on-one 
remediation. This is not a sustainable model- the curriculum needs major revision. 

• This should really be paired with a plan to hire more people with expertise in data science. 
In the social sciences, for example, there are not that many people with technical skills in 
big data, ML, or AI, and so it would probably require working across several units to put 
programs together. 

  

12.4 Goal 4, Actions 8-10 
 

• Everything on this page has the potential to be super expensive and not get anything 
done. 

• Without an institutional structure, I believe the unique and important contribution the 
Pitt community can make to responsible data science across the disciplines will not be 
possible. Data science at pitt should be about applications and those applications 
suffusing and changing the data science tools and approaches to solve societal level 
challenges. This can only happen with an organizational structure and investment in 
organizing the diverse talent at Pitt into a multilayer network of complementary insights. 

• This has been a long time coming, glad to see movement. 

• It sounds as if the desire is to create a bureaucratic  structure to oversee this initiative. Is 
there a way to avoid creating another entity? Is it possible to build the strength within an 
existing area with the charge of serving the institution more broadly? 

• Lofty goals likely to be lost in translation. 

• Pitt Momentum grants seem like a useful concept, but the review process has to be more 
systematic and rigorous. Having one or two reviewers offer a couple comments when 
deciding on these priorities does not seem like an idea way to allocate funds to really push 
university priorities. Would probably be better to figure out a way to reward people who 
already have resources (such as match people who already have grant money). 

  
 



 

 - 44 - 

 

12.5 Additional Feedback about the Recommendations 
 

• One asset that Pitt has that could set us apart as we join the field of Data Science 
Initiatives is to include the History and Philosophy of Science department.  I could imagine 
a rich source of real-time scholarship about this emerging view of data science as an 
activity that extends beyond the traditional computational fields of science and 
permeates more and more levels of academic discourse. 

• ... if we really want to be a new leader in this increasingly crowded field, HPS is a key 
aspect that we should highlight and grow. 

• We need faculty buy-in to make any sort of cross-departmental/cross-school data science 
effort. The ways that I would suggest incentivizing faculty participation: 

o Partial funding for faculty participation in the form of summer salary or part-time 
funding for research professors (or even postdocs). 

o This would help establish a critical mass of expertise to make a data science effort 
useful for faculty. They need to get some mutual benefit to their own research 
that they get from participating. I see that as knowing other faculty (with adjacent 
expertise) who they can ask data science questions or who can provide project 
ideas/data sets. 

o I would prioritize hands-on learning via projects for students that want to pursue 
data science seriously (over broad fluency [i.e., Goal 2]). This can be done well by 
faculty/postdocs in workshops, but again it requires motivation. 

o I think that we also need faculty to supervise more data science projects for 
undergraduates. There are more interested undergraduates than there is faculty 
bandwidth, and these projects are not likely to significantly advance the faculty 
member's research since they are mostly focused on instruction and may have 
limited time (e.g., a summer or a semester). Offering funding would help. 

o I think that recognition and awards are not strong motivational tools (though they 
are cheap). 

• I was disappointed that the report reflects an attitude that the humanities have little or 
nothing to do with data science. Figure 2 on page 10 lists only science units and 
departments, which indicates only those units and departments were surveyed for this 
report. On page 17, it says, "Humanities students need to understand the broad contours 
of data science to contribute to our understanding of data science influence on society 
and the human experience," again indicating that humanities students are not equipped 
or do not have the interest in engaging directly with data science. In reality, there is a field 
called digital humanities that does just this. In fact, when I finish with this survey, I will be 
working on a conference paper that requires my organization of data in the form of words 
for the purpose of doing digital textual analysis. I am a humanities student. Biases such as 
this are the reason why the humanities are often criticized for being irrelevant. Don't 
leave us out of this.   Throughout the report, the topic of ethical use of data is highlighted, 
and this is great. On page 19, it says, "In addition to the areas of the NASEM’s roadmap, 
the DSTF strongly recommends that responsibility, ethics, and evaluation of complex 



 

 - 45 - 

evidence should be emphasized in curriculum." The paragraph then goes on to give 
examples of ways to teach students about "responsibility, ethics, and evaluation of 
complex evidence." This is what the humanities teaches students and has been teaching 
students for a long time. Professors in your humanities departments are already teaching 
these very topics. The report does not seem to understand this.  I wholeheartedly agree 
that data sciences are most often used in the hard sciences and social sciences. But 
overlooking humanities departments is extremely shortsighted and not indicative of the 
direction humanities fields are already going. 

• I am 2 days late, so I'm not sure if you'll see this.  Two comments that may just reflect my 
personal opinion:   (1) I have never been quite clear on how to make sense of the term 
"data science."  Data collection and analysis serve as steps that contribute to the overall 
scientific method.  How can we have a science of data itself?  Do we form hypotheses 
about data and then test them with...more data?  I should defer to the philosophers on 
this one, but I get confused about how this concept doesn't run into some logical 
problems.  If the task force is committed to sticking by the "data science" terminology, it 
would at minimum be useful to see some justification for that.   (2) The report brings up 
COVID-19 as an example of data's usefulness.  The pandemic also illustrates what I see as 
some shortcomings of data, at least as we currently use it.  Within the US, we've become 
experts at generating colorful dashboards and all other manner of visualization, analysis, 
and models of the virus' spread.  For me, this raises two questions.  First, compared to 
our superlative data-handling skills, why has our country performed much more poorly at 
acquiring the data (through testing) and at applying it to solve the problem at hand (note 
we are nearing 300,000 total COVID-related deaths as I write this)?  Second question: As 
people get buried in the graphics and the numbers, does that ever obscure the reality of 
the real human suffering and loss?  So, when developing curricula/research 
initiatives/other plans for Pitt's data "science" future, it may be especially important to 
emphasize (1) the importance of not only performing effective data analyses, but also 
doing the difficult real world work of acquiring high quality data and also convincing policy 
makers to factor data into their decisions, and (2) anything that anyone in any discipline 
might know about how to prevent the public from growing insensitive to tragic, 
dangerous situations when these are largely communicated though numbers. 

• I think this is an exceptional project and would love to support it in any way that I can. I 
am helping to create an NSF IUCRC in the Engineering School that is focused on Materials 
Data Science for Reliability. Myself and Professor Paul Leu (IE) are working to create two 
new data science classes in engineering that will be cross listed with IE and MEMS. 

• Some suggestions for the Distinguished Speaker Series:  (1) Timnit Gebru  (2) Rayid Ghani 
(3) Zoubin Ghahramani  (4) Patrick Wolfe 

• I liked the report but felt it was not specific enough in how these actions would be 
advanced. It essentially read like a report written by academics for academics (nothing 
wrong with that! Just an observation). Frankly, the University is already behind in its 
efforts to establish data science as a strength. Especially in regards to more advanced 
methods seen in the machine learning domain. I was also a bit disappointed to see a lack 
of mention/involvement from staff. I've seen plenty of innovation and data science in 
operational matters from staff across the university. Staff leaders in analytics include the 
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Pitt IT analytics team (Steven Richardson), the Provost Data Analytics team, and even 
down to school levels. I've seen great data solutions developed at CBA and from the A&S 
IT team. Some of the best data science resources, that literally do it for a living on day to 
day basis, should be utilized to reach these goals. 

• Appreciate the work of the task force. Recommendations are sound and predictable. 
Might also want to consider funding opportunities for training, certification, project 
grants, etc.

• Consider training opportunities for staff working with data that are outside of a normal 
degree program (stats, analysis, working with specific applications like SPSS and SAS, 
interpreting your results for manuscripts, manuscript writing/prep).

• I'm very excited to see this happening, and would be very interested to be involved. I 
teach research methods for undergrad psychology majors, and data science is a big part 
of that. In my research I also study how people understand and make sense of data.

• The report is well-done. One "missing piece" in my mind is how to share and archive large 
data resources. We work with CRC and have established a server (pqr.pitt.edu/) to 
share data.  But having Pitt join FigShare or otherwise facilitate data resource sharing
- on the 50GB and larger scale is incredibly important.  I think there's a need for a 
university-wide data archive.. perhaps the easiest solution would be to work with 
FigShare - but there need to be mechanics to share, archive, search, etc. resources .. 
without individual research groups having to maintain custom servers.

• Each school needs to develop a workable nuts-and-bolts plan to convey skills. The case 
made for bureaucratic overlay is not compelling.

• It would be good to have more centers at Pitt that focus on the governance of data, as 
well as focus more on regulations, policy, and law. There are a couple centers that are 
promising, or in the works. Something that could produce policy briefs and reports much 
like one might see from Brookings, Hoover, Niskanen Center, etc. That would be 
important to bringing social science and law together and make them a player in this 
space.   It also seems that you need a couple people with technical skills in computer 
science and big data in the social sciences and policy schools. It doesn't strike me as there 
are a lot of folks who have the technical skills. There are a good number who work with 
data, but not many who work with big data, ML, or AI.   There should also be more to 
show how Pitt could compete with a place like CMU. It is so close and they definitely see 
many applications of their work. I don't think anyone would doubt what they do is 
"responsible" data science. So developing a market brand seems to still be an issue. To be 
honest, after reading the report, I'm not entirely sure what responsible data science 
means. It seems to mean applications to important issues, but what would determine that 
would seem to be ethics. As in ethics of AI, ethics of big data, etc. And if it is applications 
of these techniques to real world problems, then it seems important to have some sort 
of cluster hire that would bring together researchers from public health, public policy, 
educ schools and from econ, political science, and sociology. As it stands, based on the 
personnel in those places, it doesn't seem like Pitt has a critical mass of people with 
technical skills or research agendas or previous policy applications of that stuff to make
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all this really competitive (they have many more in SCI, Engineering, etc., but to make this 
broad, there seems to be a need for more faculty human capital). 
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