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Ethel Franklin Betts (1908)
The Orphant Annie Book, by James Whitcomb Riley



The neurobiological basis of
natural language and communication

The problem of language

—language is uniquely human, limiting the use of nonhuman animal models

—the dynamic and contextual nature of language is unamenable to experimental design

Yeshurun et al, Nat Rev Neurosci, 2021

https://doi.org/10.1038/s41583-020-00420-w


The neurobiological basis of
natural language and communication

The dominant experimental paradigm

—controlled experimental tasks and manipulations targeting particular linguistic phenomena

—models derived from small, manufactured datasets are difficult to synthesize

https://doi.org/10.1038/nrn2113
https://doi.org/10.1152/physrev.00006.2011
https://doi.org/10.1016/j.neuroimage.2012.04.062
https://doi.org/10.1093/cercor/bhp055


The neurobiological basis of
natural language and communication

The revolution in natural language processing

—neural network models have dramatically transformed natural language processing

—these models are very complex and require very large-volumes of real-world data

https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1907.11692
https://arxiv.org/abs/1906.08237
https://arxiv.org/abs/2005.14165


The neurobiological basis of
natural language and communication

Our goal:

Create a large-scale open neuroimaging dataset that will allow 
researchers to evaluate and compare neurobiological models of 
natural language comprehension across diverse spoken narratives.



Narratives
fMRI data for evaluating models of naturalistic language comprehension

ds002345
https://openneuro.org/datasets/ds002345 http://datasets.datalad.org/?dir=/labs/hasson/narratives

https://openneuro.org/datasets/ds002345


Ferguson et al., Nat Neurosci, 2014
Milham et al., Nat Commun, 2018

DuPre et al., NeuroImage, 2020
Willems, Nastase et al., Trends Neurosci, 2020

The Narratives data collection

Sharing the “long tail” of neuroscience data

—public, well-curated datasets accelerate research

—re-use of publicly available fMRI datasets saves 
billions USD in public funding

The “richness” of natural language data

—naturalistic paradigms such as story-listening can 
accommodate many hypotheses, increasing the 
re-use value

https://doi.org/10.1038/nn.3838
https://doi.org/10.1038/s41467-018-04976-1
https://doi.org/10.1016/j.neuroimage.2019.116330
https://doi.org/10.1016/j.tins.2020.03.003
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The Narratives data collection

345 unique subjects (ages 18–53 years, mean age 22.2 ± 5.1 
years, 204 reported female) participating in 891 functional scans.

27 spoken story stimuli ranging from ~3 minutes to ~56 minutes 
(mean ≈ 12 minutes) for a total of ~4.6 hours of unique stimuli.

Story stimuli are shared with accompanying word- and phoneme-
level time-stamped transcripts via Gentle forced alignment.

MRI data are standardized according to the Brain Imaging Data 
Structure (BIDS) and the full provenance is tracked using DataLad.

Ready-to-use derivatives include fMRIPrep preprocessing, volume 
and surface normalization, smoothing, and confound regression.



Evaluating the Narratives collection

Quality control

—automated quality control using MRIQC

—head motion, spatial smoothness, and tSNR

—intersubject correlation (ISC) analysis



The Narratives data collection

Story Duration TRs Words Subjects

“Pie Man” 07:02 282 957 82

“Tunnel Under the World” 25:34 1,023 3,435 23

“Lucy” 09:02 362 1,607 16

“Pretty Mouth and Green My Eyes” 11:16 451 1,970 40

“Milky Way” 06:44 270 1,058 53

“Slumlord” 15:03 602 2,715 18

“Reach for the Stars One Small Step at a Time” 13:45 550 2,629 18

“It’s Not the Fall That Gets You” 09:07 365 1,601 56

“Merlin” 14:46 591 2,245 36

“Sherlock” 17:32 702 2,681 36

“Schema” 23:12 928 3,788 31

“Shapes” 06:45 270 910 59

“The 21st Year” 55:38 2,226 8,267 25

“Pie Man (PNI)” 06:40 267 992 40

“Running from the Bronx (PNI)” 08:56 358 1,379 40

“I Knew You Were Black” 13:20 534 1,544 40

“The Man Who Forgot Ray Bradbury” 13:57 558 2,135 40

Total: 4.6 hours 11,149 TRs 42,989 words

Total across subjects: 6.4 days 369,496 TRs 1,399,655 words
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“Pie Man” by Jim O’Grady

The Narratives data collection

Ochshorn & Hawkins, 2019

https://docs.google.com/file/d/1JnI6KXCqy-9f3Hx7NTp7S67QgaOY6NB7/preview
https://lowerquality.com/gentle/




Gorgolewski et al., Sci Data, 2016



Brain Imaging Data Structure (BIDS)

What is BIDS?

—a standard for organizing neuroimaging data that facilitates re-use and automated processing

—the standard specifies machine-readable directory structure, filenames, file formats, and metadata 

—consensus-based community-driven development capitalizing on existing conventions

—emphasis on simplicity, readability, and accessibility, i.e. ease of use and adoption

—developed out of the OpenfMRI (now OpenNeuro) open neuroimaging data repository

Gorgolewski et al, Sci Data, 2016

https://openfmri.org/
https://openneuro.org/
https://doi.org/10.1038/sdata.2016.44


Brain Imaging Data Structure (BIDS)

https://doi.org/10.1038/sdata.2016.44


Brain Imaging Data Structure (BIDS)

https://doi.org/10.1038/sdata.2018.110


Brain Imaging Data Structure (BIDS)

https://doi.org/10.1038/s41597-019-0104-8


Brain Imaging Data Structure (BIDS)

https://doi.org/10.1038/s41597-019-0105-7


Converting data to BIDS

The hard way...

There are many tools that can facilitate BIDS conversion: 
HeuDiConv, dcm2niix, PyBIDS, bidsify, bidskit, 
pyBIDSconv, dcm2BIDS, etc

This is the most unpleasant part…
a single-use script manually tailored to the 
idiosyncrasies of each data set  (⊙_◎)

https://github.com/nipy/heudiconv
https://github.com/rordenlab/dcm2niix
https://github.com/bids-standard/pybids
https://github.com/NILAB-UvA/bidsify
https://github.com/jmtyszka/bidskit
https://github.com/DrMichaelLindner/pyBIDSconv
https://github.com/cbedetti/Dcm2Bids
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Visconti di Oleggio Castello et al, 
Zenodo, 2020

https://github.com/nipy/heudiconv
https://github.com/rordenlab/dcm2niix
https://github.com/bids-standard/pybids
https://github.com/NILAB-UvA/bidsify
https://github.com/jmtyszka/bidskit
https://github.com/DrMichaelLindner/pyBIDSconv
https://github.com/cbedetti/Dcm2Bids
https://github.com/ReproNim/reproin
https://doi.org/10.5281/zenodo.1207117
https://doi.org/10.5281/zenodo.1207117


Converting data to BIDS

The hard way...

There are many tools that can facilitate BIDS conversion: 
HeuDiConv, dcm2niix, PyBIDS, bidsify, bidskit, 
pyBIDSconv, dcm2BIDS, etc.

The easy way!
Using a prespecified naming convention when creating 
program cards on the scanner console can allow for 
automated BIDS conversion—e.g. ReproIn (for Siemens).

This is the most unpleasant part…
a single-use script manually tailored to the 
idiosyncrasies of each data set  (⊙_◎)

Moral of the story:
standardize for sharing from the start and 
not as an afterthought  (๑˃̵ᴗ˂̵)و

Halchenko & Hanke, GigaScience, 2015

https://github.com/nipy/heudiconv
https://github.com/rordenlab/dcm2niix
https://github.com/bids-standard/pybids
https://github.com/NILAB-UvA/bidsify
https://github.com/jmtyszka/bidskit
https://github.com/DrMichaelLindner/pyBIDSconv
https://github.com/cbedetti/Dcm2Bids
https://github.com/ReproNim/reproin
https://doi.org/10.1186/s13742-015-0072-7


Brain Imaging Data Structure (BIDS)

What is BIDS?

—a standard for organizing neuroimaging data that facilitates re-use and automated processing

—the standard specifies machine-readable directory structure, filenames, file formats, and metadata 

—consensus-based community-driven development capitalizing on existing conventions

—emphasis on simplicity, readability, and accessibility, i.e. ease of use and adoption

—developed out of the OpenfMRI (now OpenNeuro) open neuroimaging data repository

Carp, Front Neurosci, 2012
Ghosh et al, F1000Research, 2017
Botvinik-Nezer et al, Nature, 2020

The importance of automated processing

Neuroimaging analysis is complex and flexible—relying on multi-stage processing workflows 
with many possible analysis choices at each stage (i.e. “researcher degrees of freedom”).

The machine-readable BIDS organization with rich metadata allows for adaptive, automated 
processing and analysis (i.e. BIDS Apps) that:

—minimize error-prone manual intervention and “procedural overfitting”

—maximize reproducible execution via containerization and content-tracking

https://openfmri.org/
https://openneuro.org/
https://doi.org/10.3389/fnins.2012.00149
https://doi.org/10.12688/f1000research.10783.2
https://doi.org/10.1038/s41586-020-2314-9


Automated processing and containerization

https://doi.org/10.1371/journal.pcbi.1005209
https://doi.org/10.1371/journal.pcbi.1005209


What is a BIDS App?

—the machine-readable BIDS format enables automated processing via BIDS Apps

—BIDS Apps use containerization to facilitate portability and reproducibility

Software containers
Containerization solutions package software with 
all dependencies in single, encapsulated image.

Docker (for local use)

Singularity (for servers)

Automated processing and containerization

Kurtzer et al, PLOS One, 2017

https://bids-apps.neuroimaging.io/
https://www.docker.com/
https://sylabs.io/docs/
https://doi.org/10.1371/journal.pone.0177459


Data provenance

Content tracking with DataLad

All stages of data processing are version-controlled 
and distributed using DataLad.

https://github.com/snastase/narratives
http://datalad.org— discover
http://github.com/datalad/datalad — contribute
http://handbook.datalad.org — learn

https://github.com/snastase/narratives
http://datalad.org
https://github.com/datalad/datalad/
http://handbook.datalad.org/en/latest/


Data provenance

Content tracking with DataLad

All stages of data processing are version-controlled 
and distributed using DataLad.

https://github.com/snastase/narratives
http://datalad.org— discover
http://github.com/datalad/datalad — contribute
http://handbook.datalad.org — learn

https://github.com/snastase/narratives
http://datalad.org
https://github.com/datalad/datalad/
http://handbook.datalad.org/en/latest/


https://brainhack-princeton.github.io/2020/


https://brainhack-princeton.github.io/2020/
https://brainhack-princeton.github.io/2020/
https://doi.org/10.31234/osf.io/rytjq


Brooks et al, Zenodo, 2021

https://brainhack-princeton.github.io/handbook/
http://doi.org/10.5281/zenodo.4317623


Developing community resources 
for reproducible neuroimaging

TL;DR

—data standardization and sharing are critical for democratizing research

—follow best practices from the start—not as an afterthought!

—incentive maintaining and expanding existing infrastructure (don’t reinvent the wheel!)

—teaching students how to conduct transparent, reproducible research is probably more 
important than the actual content of their research  ( ⚆ _ ⚆ )
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Thanks for listening!

https://www.repronim.org/
https://www.nimh.nih.gov/

