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QUESTIONS Research Data Management Maturity Model

. . . Research Data Management (RDM) includes the documentation, file naming, storage, RDM maturity was defined as the extent to which data management practices
How do neuroimaging researchers manage their data? security, backup, publication, sharing, and preservation of research materials including are clearly defined, implemented, and (if applicable) optimized
raw data, analyzed data, code, documentation of the data collection and analysis Examples of maturity levels in Cognitive Neuroscience MRI research
How do they plan for data management, store and procedures, and any other research materials such as stimuli or other measures. RDM Ad hoc Refined
document data during collection and analysis, and encompasses the entire research lifecycle from planning through collection, analysis, —— etvorat
N and publication and sharing of results. data from scanner to the fab. data, tc) and *Data Sharing" is revisited
share their data and code? PIan  Thero s pan for backing up  outcomes are dofined in is nclude n 8 documents. _ ioughou poject fecyce.

the behavioral, imaging, and  advance. Task/design specific  task pian, and forms (e.g consent Experiment is pre-regitered.

cuesionnae data Seramatars aredatn.
What methods do they use for collection, analysis, and Neuroimaging as Case Study B o
Collect n
i i ithi e 3 3 3 someplace. Dat s backed P. i, i comolta, ot b/ colaboration sandard (o, 8I0S)
Shanng of data and how consistent are those within a Neuroimaging research presents an ideal case study for assessing RDM practices and [Code s prsarvec " "
research group? perceptions for several reasons: RT—— oot and o sufo 0
(1) The datasets are large and complex, often containing information collected in a wide AlyzD s o) are ecrded las. o) e soteds ot (o 0% Fyahl, 0208 PubIE andartated
What are their perceptions of emerging open science ~ variety of forms and file formats. il oo o
d holarl icati i includi (2) Analytical pipelines are highly iterative and rely on an array of software packages and Dot is described ina et e desrbed T
and scholarly communications practice including open custom code. Decisions have significant downstream effects. - B e . publcatin that ncudes G e o P
access publishing, data sharing, and preregjstration? (3) The field is currently grappling with concerns about its methodological and statistical s o, syl ve nopeose T Oyt a0 0)
practices, prompting a growing interest in open science, reproducibility, and data sharing. Srainhtep. e
SURVEY Questions focused on a range of RDM topics including: PARTICIPANTS
. . . . A total of 144 participants from 11 countries and 69 institutions participated in the survey.
* 74 multiple choice questions ordered roughly according the « Types of data collected
) P X ) a
the phases of a typical research project including ratings of + Tools used to analyze and manage data e B e e R e P U,
practices maturity from 1 (ad-hoc) to 5 (mature). +  Standardization of RDM practices within a lab group e e A o e o afe. e e n
« Designed in consultation with MRI researchers and tailored to Factors that motivate and limit RDM e 1 e e =
specific terminology, practices, and tools of the community. + Emerging scholarly communication practices including e S N — TR o
. ) ) o e B
Modeled on the structure of the Data Curation Profiles and publishing pre-prints, datasets, and other research e Teohnlcion AT nen Newmsence— e
i ili T Othe 14 MRI Methods 21
employing a capability maturity model framework. products er e s u
RDM Limits & Motivations Maturity Ratings Long Term Preservation
Data Collection Data Analysis _Data Sharing — e — SR —
= 5 at Data should be preserved long term? erce
- gm? ?g'g 517'3 ;gg 3 Raw MRl data 574 RDM and data
OSte E g s 3 Behavioral data (e.g. response accuracy, reaction times) 948 sharing are both
Training 3238 409 411 o Demographic data (e.g. age, gender) 905 limited by time
Best Practice 43.2 48.7 49.1 £ Task-related stimuli (e.g. images, audio/visual files) 905 y
Incentives 36.8 322 375 [=] MRI acquisition parameters (e.g. TR, TE) 88.8 and cost.
Other 72 6.1 54 2 Code used for stimuii presentation 845
Motivations Access 76.8 733 705 s Questionnaire data 81.9 )
Prevent loss 100.0 85.8 786 Z Code used for data collection 81.0 Motivated by
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T > £ + Analyzed MRI data (e.g. contrast maps) 733 and providing
Availability of tools 12.0 9.2 89 2 Clinical or Medical data (Including mental health information) 629 access to data.
Openness and reproducibilty ~ 63.2 64.2 67.0 5 Physiological data (e.g. heart rate, biood pressure) 388
Other 32 33 0.0 & Eye tracking/pupillometry data 302
g Genetic/molecular data (e.g. blood samples, cheek swabs) 203 Data is backed-up
Other neuroimaging data (.g. EEG, NIRS) 26.7
Data Types ° Other 767 but not curated.
1 2 3 4 5
MRI Data Percent __Non-MRI Data Percent __Study Information __Percent AdHoe Maturty Rating Mature . .
Anatomical 992 Demographics 97.0 Session info 90.2 Barriers to Data Sha"ng
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Diffusion 59.8 Questionnaires 88.6 Stimuli 91.7 Sonsive data s socrod ore to publist : :
Field Map 64.4 Other Imaging 250 Code (presentation) 826 £ oo i = Read our Preprint
Other 1.4 Physiological Data ~ 43.2 Code (data collection) ~ 71.2 H 1o naming and organzaton : ) )
i 303 Other 76 s '3 and organkeatk g;::x:m lgg Borghi, J. A,, & Van Gul.lck,vA. E. (2918). F)ata
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Software Types Related flos are inked Intellectual Property 17 BioRxiv. https://doi.org/10.1101/266627
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FSL 708 r 70.0 Lack of workflow . Documentaton: Analysis ppoine
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AFNI 45.0 SPSS 517 2 Documentation: Software and code _
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Other (see note) (and they may be).
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