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Abstract:

Turnover is a fact of life for any project, and academic research teams can face
particularly high levels of people who come and go through the duration of a project.
In this article, we discuss the challenges of turnover and some potential practices
for helping manage it, particularly for computational- and data-intensive research
teams and projects. The topics we discuss include establishing and implementing
data management plans, file and format standardization, workflow and process
documentation, clear team roles, and check-in and check-out procedures.
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Introduction

Turnover, or the arrival and departure of personnel from a project, is common in
academic research teams. Students, postdocs, research staff, visiting scholars, and
collaborators come and go from projects as their career and research opportunities
change. For this reason, labs and teams should have mechanisms in place to ensure
smooth transitions from one team member to the next. Data-intensive research
teams are no different; in fact, the nature of data-intensive research makes turnover
management essential to sustaining research efforts. As we have discussed in
previous Best Practices blog posts and meetings, data intensive research teams often
are heterogeneous in members’ backgrounds and expertise, require collaboration
across disciplinary and subdisciplinary boundaries, and weave together smaller,
easier to manage projects into larger, more complex research systems.

In this post, we discuss some of the challenges presented by turnover and lay out
some best (or “good enough”) practices for contending with the challenges. First, we
explain how data collection and accessioning can be standardized by first piloting
the collection process and documenting it in sufficient detail. Next, we turn to issues
around funding requirements and turnover, arguing that teams should know and
consider funding agency requirements for data-intensive research (e.g., accessing,
using, and publishing datasets) and document team member roles for managing
adherence to funder rules. We conclude by emphasizing check-in and check-out
procedures as a foundational way of managing turnover in data-intensive research
teams and acknowledge the numerous questions unaddressed in our working group
meeting.

Best practices for data-intensive research have been the subject of several papers,
notably a paper of the same name and a follow-up paper by Greg Wilson and
colleagues (Wilson et al., 2014, 2017). We encourage all research groups to read and
reflect on how those practices may be of use. Our group’s discussion touched on
several of the same areas, though there is incomplete overlap as the focus of our
discussion was on how the difficulties posed by regular personnel turnover can be
mitigated by project pre-planning and documentation.

Data management should be a part of the project plan

Our Best Practices series meetings are centered on developing generalizable prac-
tices to promote reproducible data-intensive research. The components of repro-
ducibility include the “the public availability of the data and software” (Rokem et al.,
2018, p. 7). Best practices for creating reproducible scripts and software packages
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is a common topic of discussion-researchers who conduct data-intensive research
are often familiar with Git and GitHub or other software development and version
control systems, recognize the importance of code documentation, and engage with
one another in robust open source software communities.

Less often discussed are issues around data management, such as data accessioning
and permanent storage, dataset sharing, and data citation. Yet emergent data
services offer several ways forward in developing sound data management practices.
Examples include the Center for Open Science’s Open Science Framework, the
newly-formed partnership between California Digital Library’s DASH and Data Dryad
(Simms, 2018), discipline-specific repositories such as GenBank," and multipurpose
services such as figshare? or Zenodo.? DataVerse” is a useful resource for evaluating
and comparing data management tools and services for your project.

Data management plans/protocols (DMPs)

Armed with knowledge of the available tools and services, research teams can begin
to develop data management plans (DMP) and consider how to address turnover
within the plan. Although DMPs are now a common (and sometimes frustrating)
mandate from many funders, teams often do not recognize the beneficial role they
can play in managing turnover. For example, in our discussion, we emphasized that
DMPs should document the roles of each person in accessing, storing, backing up,
locating, and otherwise stewarding the data.

Commonly, much of this data management work is handled by “temporary” em-
ployees such as students and postdocs; in turn, documentation of the processes
and responsibilities is paramount to the success of the project. Additionally, one or
more team members should maintain responsibility for adhering to funder, journal,
and institutional policies about data access, storage, and sharing. This member can
consult with your institution’s Research Data Management (RDM) service, where
available (for example, UC-Berkeley’s RDM offers consulting®). The California Digital
Library’s DMPTool® is also a robust tool for creating a tailored, team-specific DMP
(see also Sallans and Donnelly 2012 and Starr et al. 2012).

We noted that for individual research projects, though the protocols are often docu-

" https://www.ncbi.nlm.nih.gov/genbank/

2 https://figshare.com

3 https://zenodo.org

4 https://dataverse.org

5> See more information at https://researchdata.berkeley.edu
6 https://dmptool.org
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mented for pre-approval, recording of experimental observations or intermediate
data outputs is not necessarily standardized. Furthermore, data management can
vary by data type; it is important to construct a plan that aligns with your pipeline
and is accessible and easy to use for your research team, no matter members’
degree of technical proficiency (Geiger et al., 2018).

Standardization and documentation of data and file formats

With multiple individuals involved, it is especially important to not just plan for
standardization, but also document standards as part of a project plan at the start
of a project. We observed that journal and funding agency requirements and
infrastructure can have a large effect on degree of standardization. In genomics, for
example, raw sequence data is often expected to be shared at time of publication,
and the National Cancer Biotechnology Institute maintains a Sequence Read Archive
for data deposition’ (see also Leinonen et al. 2010).

We also noted that large research consortia, by their nature, must set standards
for data collection types. The Human Genome Project, for example, appears to be
responsible for the development of several file formats (Kent et al., 2002). Finally, it
is important to acknowledge that software availability has shaped the development
and adoption of other file formats (Cock et al., 2009). Within a research group, stan-
dardization of file formats and file organization is an important for the development
of reproducible analysis pipelines.

Setting internal standards around file structure and file management is one of the
practices for reproducibility that can provide the biggest bang for a (very small) buck.
Project TIER? is an excellent resource as it provides detailed templates and clear
specifications on how, when, and where documentation should be created (see
also Medeiros and Ball 2017). In addition, workflow diagrams can be of assistance
in helping team members understand and adhere to project standards for data
storage and management. Some good examples of data workflow diagrams can
also be found in the edited collection The Practice of Reproducible Research (Kitzes
et al., 2018).

Documenting data collection and analysis procedures

While DMPs are more standardized in the physical and life sciences, those of us
from the social sciences (like economics, political science and psychology) also saw

7 https://www.ncbi.nlm.nih.gov/sra
8 https://www.projecttier.org/
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potential in adopting some of the protocols and best practices outlined above.
There is plenty of space for learning, here we suggest just two examples. First, the
concept of a scientific lab notebook could be adopted in social science survey data
collection to create a log of all the main methodological decisions (designing the
instruments, field and data intake logistics, etc.; see Schreier et al. 2006 ). Currently
many research groups track those decisions in an ad-hoc manner, but a standardized
procedure would help with later publication of all the materials.

Second, the use of data from administrative records (e.g., tax, hospital, or insurer
records) is an ever-growing practice in social science. One key problem is that
until now, most of the access to these rich data sets is restricted to a very small
number of researchers with the right connections. The absence of a clear pipeline to
access administrative records is justified on the the protection of confidentiality and
privately identifiable information. We think that this debate could be enriched by
the experiences in genomics and other data-intensive disciplines that must deal with
the trade-off of obtaining access to highly sensitive information and sharing data
to ensure reproducibility. Unfortunately, we did not have time for a full discussion
during this meeting.

DMPs can be difficult to construct without empirical grounding and contextual
expertise (i.e., without having begun data collection in the field). Piloting can aid
in the process of constructing a plan. In the pilot phase, team members can begin
delineating each member’s roles and responsibilities. Even when a DMP exists,
piloting can help to reevaluate the feasibility of the proposal. Additionally, it might
also be useful to discuss and document authorship and credit attribution during this
process (i.e., which roles and responsibilities correspond to authorship opportunities
and orders).

Develop, Document, and Implement Check-In and Check-
Out Procedures

While data standardization and documentation was a significant focus of our discus-
sion, the larger question of adaptability to turnover remained. From our experience,
we have found that implementation of check-in and check-out procedures can
help. While such procedures are often found in many groups from a regulatory
perspective, we suggest extending them to address project-specific concerns. At
check-in, we noted that it was important to discuss macro-scale questions in project
organization, addressing both technical requirements and the project management
scheme.
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We also found it helpful to discuss desired outcomes and goalposts, both for the
project and for individual contributors, to ensure that contributors have a stake
in project success. Finally, we found it helpful to discuss all aspects of "how the
team works" - while many modes of work might be acceptable for any given project,
reducing friction with existing workflows is beneficial. These topics ranged from
file structures and coding styles to codes of conduct and managing interpersonal
interactions.

Ideally, much of project documentation would be written during the course of a
project, but sometimes best intentions escape us. In addition, a team member’s
tacit knowledge still requires documentation. At the departure of a research group
member, we recommend a checkout procedure for computational projects along-
side any existing checkout for administrative or experimental purposes. We also
recommend a review of job responsibilities, project, data and backup organization
against the documentation, in the event that items were added or removed without
prior documentation, so that this knowledge can be passed on to the next person.

We also explicitly recommend a review of any services that are tied to institutional
email addresses, as they may become deactivated. Access to resources and data
should be reviewed in this context as well, to ensure not only that any restrictions
on access after departure are met, but also that remaining team members have
rights to manage access. From an administrative standpoint, we also recommend
collecting non-institutional contact information from the departing team member,
should further questions arise, or for the sake of future publications.

Due to the brevity of our discussion, numerous topics were not addressed. Examples
include a more in-depth discussion of gaining and managing access to sensitive data,
and administrative concerns (e.g., formalizing collaborations) (Playford et al., 2016).
Like all Best Practices lunches, this discussion raised many topics of discussion for
future meetings. We continue to recommend that researchers adopt this format
for discussions in their own communities, so they are able to address the nuances
of their particular situations. However, we also derived great benefit from an
interdisciplinary meeting that allowed us to contrast the practices of different fields.
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