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THINGS-fMRI/MEG: A large-scale multimodal neuroimaging dataset of responses to natural object images
Contier, O.¹,², Hebart, M. N.¹, Dickter, A. H.³, Teichmann, L.³, Kidder, A.³, Corriveau, A.³, Zheng, C.4, Vaziri-Pashkam, M.³, Baker, C. I.³

Background fMRI dataset

The THINGS8 object image database

• A detailed understanding of visual object representations benefits
from large-scale neuroimaging datasets for training and testing
computational models1.

• Existing datasets2, 3, 4, 5, 6, 7 focus on dataset size by presenting
participants with large sets of images from computer vision research.

• However for object recognition research, another important
dimension is object space coverage, i.e. extensive and
representative object sampling.

• Previous large-scale efforts focused on spatial responses using
fMRI - the temporal response profile remains largely unaccounted for.

• 3 Tesla fMRI, 2mm functional resolution, 1.5 s TR,
whole-brain coverage, physiological recordings

• Comprehensive neuroimaging data

• Oddball detection task

• 12 sessions
10 runs per session

• Repeated images:
fMRI: 100, MEG: 200

• Additional NSD6 images

contier@cbs.mpg.de | hebart@cbs.mpg.de hebartlab.com Abstract ID: 2633twitter.com/olivercontier | twitter.com/martin_hebart

• (f)MRI: 3 Participants, 8,740 unique images of 720 objects

• MEG: 4 Participants, 22,448 unique images of 1,854 objects

• Custom head casts Very little head motion (MRIQC¹0)

• 1,854 object concepts (concrete, picturable nouns)

• > 26,000 high-quality naturalistic object images

• Rich annotation
(categories, typicality, size, semantic embeddings, core dimensions9)

Extensive and representative sampling

• High image stability after preprocessing (fMRIPrep11)

• High noise ceilings (Monte Carlo simulation13,14)

• Validation: "Animals vs. Tools" contrast replicates12 animacy effect.

• Consistent responses across sessions (split-half correlation)

• 272 channels high spatial and temporal resolution

functional T1w T2w T2* Angiogram Resting state

MEG dataset

Conclusion
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• We present two neuroimaging datasets that combine

a. Extensive and representative sampling of object images
b. Large number of measurements per subject
c. High spatial and temporal resolution
d. High data quality
e. Rich annotation

• These datasets may provide a basis for an extensive evaluation of
object recognition in the human brain.

• Data will be made publicly available upon manuscript publication.
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