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Introduction

Among the latest corporate and academic fads is “data science,” that 
often ambiguously defined collection of data analytics activities that 
promises to take us all to the next level of efficiency and knowledge. 
Especially when combined with other buzzwords like “big data” 
and “open data,” data science appears to be somewhere between the 
“peak of inflated expectations” and the “trough of disillusionment” in 
Gartner’s hype cycle.1 One might wonder how, and even why, a research 
library should dip its toes into these murky waters.

At the United States Department of Agriculture (USDA) National 
Agricultural Library (NAL), we believe that the answer to “why explore 
data science?” is that institutional experience with core data-science 
activities will inform the larger set of data and data management 
services the library performs.2 Moreover, engaging information science 
students and library managers in data science projects builds capacity 
both for us and for the communities we serve. The answer to “how?” 
is “not alone.” In this article, we describe how NAL, in collaboration 
with the University of Maryland College of Information Studies 
(UMD iSchool), the USDA Agricultural Research Service (ARS), and 
university librarians (the “friends” in the title), is using lean start-up 
methodology to enable us all to continue a long tradition of supporting 
agricultural knowledge generation, dissemination, and preservation.

At NAL, we consider data science to include, but not be limited to, 
the core analytical activities necessary for deriving insight from data. 
We recognize that data science activities are practiced not only by 
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those with a title “data scientist,” but also by our data curators and 
even by the scientists who originally collected, analyzed, and then 
prepared their data for publication. How did we get to this place? 
The story begins with NAL and its data services, starting with data 
curation. We describe how we are developing and testing prototype 
services in data science and data management planning. In each data 
service discussion, we explain the key partnerships that have been 
instrumental to iterative service development.

History of NAL’s Data Services

NAL has a deep history. Founded in 1862 by the same legislation that 
founded the Department of Agriculture, NAL’s mission has been to 
acquire, describe, provide access to, and preserve the literature of 
agriculture and related sciences. The library has grown to manage 
nearly 2.5 million physical volumes, as well as digital collections, 
information centers, and a thriving reference service. NAL currently 
is part of the USDA Agricultural Research Service, USDA’s agency for 
intramural research, which employs nearly 2,000 scientists. It has long 
had a special relationship with the United States land-grant university 
system and, together with four other libraries in that system, formed 
the Agriculture Network Information Collaborative (AgNIC) in 1995. 
AgNIC has since grown to more than 50 participating groups,3 with 
partners in both Canada and Mexico along with the United States, and 
taken on a number of data-related initiatives that are further described 
by Erica Johns in this issue of RLI.

In 2012, NAL created the Knowledge Services Division to support 
the advanced research data needs of agricultural researchers and the 
broader community. However, “data needs” encompass a very broad 
range of requirements. Cooper et al.4 and Hanscom et al.5 found that 
the needs range from guidance on data management, to data storage 
infrastructure, to analytical skill building. Moreover, data policy 
and practice are rapidly changing, and there are calls for improved 
infrastructure to serve the needs of emerging fields such as precision 
agriculture.6
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The first efforts at NAL to build infrastructure and services to support 
data analysis and management included the i5K workspace@NAL7 
and the Life Cycle Assessment Commons.8 These two projects were 
designed to support users in specific disciplines: insect genomics and 
cradle-to-grave modeling of the inputs and outputs of agricultural 
production processes. Later, NAL responded to calls for US public 
access to data as a product of federally funded research by initiating the 
Ag Data Commons,9 a general catalog and repository for open research 
data funded by USDA.

Lean Start-up Methodology

Having made these investments in software product infrastructure and 
the associated data curation services, we next turned our attention to 
complementary services: data science services and data management 
planning. With these two newest services, and particularly with its 
data science services, NAL’s Knowledge Services Division is beginning 
to apply lean start-up methodology.10 In this method, products and 
services undergo iterative cycles of build–measure–learn, followed 
by either pivoting or perseverance. With specific hypotheses in mind, 
one quickly creates a minimum viable product (MVP) and tests it 
with stakeholders. For these services, we are testing hypotheses about 
whether the services are needed, who can best provide these services, 
and how to develop the appropriate capacity and resources to deliver 
these services effectively. Essential to our application of this method is 
partnership with land-grant university libraries, information schools, 
and researchers at both universities and USDA ARS who are our key 
stakeholders. While our cycles are not yet as rapid as is recommended, 
we are constantly refining our methodology as we go.

Defining Data Science within the Full Data Life Cycle

As of this writing, data science is defined in Wikipedia as “a multi-
disciplinary field that uses scientific methods, processes, algorithms 
and systems to extract knowledge and insights from structured 
and unstructured data.”11 Donoho offers six buckets of data 
science activities: (1) Data Exploration and Preparation, (2) Data 
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Representation and Transformation, (3) Computing with Data, (4) Data 
Modeling, (5) Data Visualization and Presentation, and (6) Science 
about Data Science.12 Gartner lists 33 relevant hot topics ranging from 
crowdsourcing and ethics to machine learning and visualization.13

In most paradigms, the activities 
of planning for data management, 
data collection, and making data 
available (for data science or other 
purposes) are not included in the 
definition of data science. However, 
the lines cannot be clear when 
choices made during planning, 
data collection, or data sharing will 
impact any of Donoho’s six buckets. 
For example, the availability of 
data and its discoverability and 
suitability for data exploration and 
modeling may rely on tidy data14 
and standards-driven metadata 
APIs. Schutt and O’Neil15 took a 
data-driven approach to capturing 
the nature of data science, in other words, asking data scientists 
what they do in their work, and concluded that (1) data science is a 
real thing worth teaching, and (2) in industry, that includes not only 
programming and statistical skills, but also basic data wrangling, 
driving curiosity, and the ability to communicate effectively.

Data Curation Services

Soon after NAL began developing services in data curation and 
preservation, we initiated cooperative agreements with the University 
of Maryland iSchool. Under these agreements, we have sponsored 
four master’s of library and information science students to work with 
us on digital data curation projects and two postdoctoral scholars to 
assess our readiness for trusted data repository certification and make 

Schutt and O’Neil took a 
data-driven approach to 
capturing the nature of data 
science, in other words, 
asking data scientists what 
they do in their work, and 
concluded that 1) data 
science is a real thing 
worth teaching, and 2) in 
industry, that includes not 
only programming and 
statistical skills, but also 
basic data wrangling, driving 
curiosity, and the ability to 
communicate effectively.
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recommendations for workflow process improvement and digital 
preservation. These fellowships (part of a larger cohort throughout the 
library) provided practical, on-the-ground work experience for these 
individuals, enabling them to build on their education and prepare for 
their careers. They also provided NAL with our first data collection 
policy documents and protocols for curation at the Ag Data Commons. 
And they helped conduct an important assessment of federal responses 
to US public access policy.16

The partnership with UMD taught us valuable lessons about how to 
offer data curation services. We quickly realized that a combination of 
data set self-submission and expert data curation would be necessary 
to scale our services without a reduction in quality. We are now 
preparing for a distributed curation model.17 Expertise in metadata 
standards and tools is critical and requires different knowledge than 
traditional library metadata. We realized it was important to include 
our data curators as stakeholders in agile software development—they 
are critical links between end users and developers, and they are the 
power users of our software. One former student is now one of our 
professional data curators, and two others are working in related 
positions (including management) elsewhere.

Data Science Services

In 2017, master’s of information management students from University 
of Maryland joined us to launch the first iteration of an experiment in 
providing data science services. These students considered themselves 
data scientists. We tested the hypothesis that an information school 
such as UMD can adequately prepare students to apply their skills 
to real-world problems. We tested the idea that data scientists need 
not have domain knowledge to conduct their work. Finally, we tested 
the idea that staff, such as that in a library, could supervise data 
science work of individuals working on distinct projects and produce 
results within a year. In collaboration with a high school intern, one 
student built an impact tracking dashboard prototype for the Ag Data 
Commons—we later refactored it and it is still in use.18 The same 
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student conducted sentiment analysis on historical dietary guidelines 
documents as a test of how to apply these methods to the digital library 
collections. Another student used data from the Global Biodiversity 
Information Facility19 to find geographic and temporal patterns in 
agricultural biodiversity data reporting.

In 2018, when University of Maryland created a new Data Science 
specialization within their undergraduate information science degree, 
we learned that students need not be graduate students to have the 
necessary skills. Our fellowship could offer juniors and seniors an 
opportunity to practice data science in a meaningful context. A college 
senior, our first such student, developed scripts to automate the process 
of checking for public access policy compliance and establish a baseline 
for future tracking.20

Later in 2018, in a third iteration, 
we began testing the hypothesis 
that we could offer data science 
services to a client outside the 
library, staffing that service cost-
effectively by hiring recent data 
science graduates as contractors, 
and managing that service using 
the same model developed with 
Maryland iSchool Fellows. Both 
the fellows and the contracted data 
scientists now meet regularly with 
a growing group of library staff 
who, in the course of their jobs, 
interface with or do data analytics. 

This interest group includes software developers, web analytics 
experts, data policy analysts, and indexers who are developing the NAL 
thesaurus.21 Capacity is growing and self-reinforcing.

We developed a simple project template for data science projects that 
guides young data scientists to work closely with their “clients” to 

We learned that students 
need not be graduate 
students to have the 
necessary skills. Our 
fellowship could offer juniors 
and seniors an opportunity 
to practice data science in a 
meaningful context. A college 
senior, our first such student, 
developed scripts to automate 
the process of checking 
for public access policy 
compliance and establish a 
baseline for future tracking.
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establish shared goals and questions and propose their own technical 
approaches before they get too far into the exploration, insight, and 
predictive phases of their work. These project proposals are also 
discussed with the data science interest group. We learned that some 
early-career data scientists can quickly learn how to use a high-
performance computing system on their own, but that managers need 
to work hard to encourage them to work with domain-savvy clients, 
and to cultivate them to draw their own insights from data. Finally, 
we can confirm what others describe: data scientists work best in 
small teams (teams of two plus a manager worked for us) to which 
members bring complementary skills.22 If the library continues to offer 
this service, it will be important to provide an environment in which 
teams can tackle projects together and regularly share their work with 
interested colleagues.

Taken together, these experiences have shaped a functioning data 
science program that serves the needs of clients both within the 
library and with the Agricultural Research Service’s Office of National 
Programs. We used the experience we gained managing data science 
fellows to work with ARS and other USDA agencies to prepare a 
menu of data science position description snippets that could be used 
to effectively tailor job postings or statements of work that would 
be effective in recruiting talent. These position description snippets 
were tested when recruiting the data science contractors, and they 
are designed to be included in any new position inside or outside the 
library where data science skills are needed.

While the two teams of data curators and data scientists typically 
work separately, the data scientists have provided valuable feedback 
to the features of our data catalog and of our APIs. They represent 
an emerging community of library users—developers and analysts 
who will use library products and services to do analytics and derive 
new knowledge.
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Data Management Planning Services

The final service emerging at NAL is a data management planning 
service. Although planning for data management has long been 
recognized as an essential part of the data life cycle,23 many researchers 
in agriculture have only recently encountered funder requirements for 
formal data management plans (DMPs) to be submitted with proposals 
(for example, the National Institute of Food and Agriculture24).

As we develop this service, the hypotheses to test are as follows:

1. Many agricultural researchers need a review service, but some
of them have access to such services through their institutional
libraries.

2. Data curators are well positioned and have the capacity to
perform this service.

3. The service will improve the quality of data management plans
and improve NAL’s ability to anticipate the infrastructure it must
supply as part of the plans.

Our initial incarnation of the service requests that researchers prepare 
a draft according to the instructions provided by their funder, and 
submit that draft to us by email. We then circulate the draft among 
data curators and relevant subject-matter experts, and provide 
recommended changes and comments by email. In addition to 
assistance with specific funder instructions, we provide guidance (with 
examples) on the NAL website.25

This service is being developed in close cooperation with University of 
Maryland, other AgNIC members, and the Office of National Programs 
in USDA ARS. Together we are developing and delivering educational 
webinars tailored to agricultural researchers. As with data curation 
and data science, data management planning is recognized as part of 
the data life cycle and all three activities benefit from consideration 
of the others. For example, a recent data science project was to use 
natural language processing to establish a baseline in DMP content 
in a pilot round of USDA ARS project plans. By reviewing DMPs, 
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our data curators are able to better understand the specific needs 
of disciplinary research projects before they are funded. They can 
establish relationships with project personnel that will in coming years 
bear fruit in well-described, highly accessible, data submissions to the 
Ag Data Commons resulting from the funded work.

Recent analysis by Smale et al. finds that supposed benefits of DMPs 
have not yet been supported by evidence.26 However, they suggest 
that placing DMP preparation into a researcher-centric context of 
education and sound program management may be useful. As this 
experimental service progresses we can determine if this is the case.

Conclusion

In summary, we have two primary conclusions:

1. It is important for a library like NAL to team up with universities
and science organizations to explore new services and create
talent pipelines.

2. It is productive to explore new services in the context of the
entire data life cycle.

These efforts allow us to gather the requirements for future programs 
that may or may not need to be housed in the library. In closing, let 
us consider the benefit to the library of developing these services 
here rather than being embedded, for example, in an IT services 
organization or a scientific department.

Developing data science services in a research library—in the context of 
other data management services—provides an excellent way to attract 
and develop technical talent to the field of library and information 
science. It may even be the case that data science can help increase 
diversity in the library pipeline. People of many backgrounds, genders, 
and races may be excited by a career in innovative science and 
technology and find satisfaction in practicing those skills in a mission-
driven service context rather than profit-driven organization. Finally, 
given the uncertain future of traditional scholarly publishing, the role 
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of research libraries must change to support scholarly activity in new 
ways. Delivering data science services can be the next iteration in a 
progression first noted in the 1894 Yearbook of Agriculture:

A reading room has been arranged and increased facilities provided 
for the convenience of investigators. The Library has been made in 
this manner a working laboratory instead of a miscellaneous 
storehouse.27
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