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Introduction

3D Context Contrastive Learning
Quantifiable and interpretable descriptors of nerve fiber architecture at Sampling SImMCLR objective Feature maps

microscopic resolution are important for a deeper understanding of human brain N
architecture [1]. 3D polarized light imaging (3D-PLI) [2] provides insights into the aia L t~T_. f
course and geometry of nerve fibers in whole postmortem brain sections, n-plane > Ta—> e —> Za
represented in large data sets. The complex texture captured in 3D-PLI images (CL-2D) l
therefore makes analysis challenging and limits access to data annotations. T, e " e
To this end, we demonstrate a novel method to analyze the regional organization x T |
of the human hippocampus in 3D-PLI by combining a geometric unfolding <5’3/a>> T
method [3] with deep texture features obtained using self-supervised — tNTiJF f - Y A+
contrastive learning [4]. We identify clusters in the feature embeddings that .
. : - . . : cross-section
correspond well with classical descriptions of hippocampal subfields, lending (CL-3D)
validity to the developed methodology. N

e Sample positive pairs in a 2D or 3D context of individual brain sections [4].

- - - e Extract square Iimage patches with 128 pixels (166 Mmm) size from
3D Polarized nght Imaglng transmittance, direction and retardation maps showing 3D-PLI texture.

Setup of the PM Intensity profile Fiber orientation -+ Use set of 3D-PLI-specific data augmentations 7 [4].
e larior /4 rotarder  Polacizer - Z  Nerve fiber * Train encoder fand projection head g in the SImCLR [5] framework.
i § T ° e Reduced ResNet-50 encoder fextracts 256 features per patch.
[f \ : —— 2 + Training took 17 hours on 4 Nvidia A100 GPUs on JURECA-DC [6].
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*Individual brain sections are scanned using a polarizing microscope (PM).

*3D-PLI parameter maps transmittance I, direction ¢ and retardation r are
derived from recorded light intensity profiles at each pixel.

3D fiber orientations are computed from direction and retardation.
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Component

e CL-3D features concatenated between geometrical inner and outer surfaces
are projected onto PCA components with largest explained variance.
“rostral e PCA projections are visualized on the smoothed mid-surface (left) and in
unfolded space (right), where gray marks missing data.
e First 6 components with largest eigenvalues follow the general hippocampal
regional organization pattern.
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 Use PM measurements of a human hippocampus of an 87-year-old male.

e 1.33 um in-plane resolution, 60 um section thickness.

* The regional organization can be divided into labels CAl1l, CA2, CA3, CA4 and Clustering
the subicular complex.

e Sections are reconstructed to a volume of 26757 X 547 x 22734 voxels.

e Surfaces of the pyramidal layer are extracted, manually extrapolated to
missing data regions.

Subfields labels K-means clustering
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Vertical component
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Geometric Unfolding using HippUnfold N P
AP coordinate PD coordinate AP coordinat_elo PD coordinat_elo - CA1l
| Sub. complex ' - _ 7
Posterior CL-3D FA + Iy
. / . Q‘ E -  K-means clusters are compared with anatomically identified subfield labels.
I unfolding > & o e Clusters of CL-3D texture features more closely resemble the subfield labels than
. . 3 R clusters of mean transmittance 7, and fractional anisotropy FA.
e Black contours and white spots mark missing data.
Proximal-distal ~  Proximal-distal Method  Input | Purity T ARIT MIT e Compare evaluation metrics for k-means
e Calculate Laplacian potential fields between anterior-posterior (AP) and Ir,o,r | 067 033  0.72 clusterings for 6 clusters of features by different
proximal-distal (PD) ends of the hippocampus. CL-3b Iy 82; 8?‘6) 8-28 feature extraction methods.
* The fields form 2D coordinates along the long-axis and proximal-distal axis. ok ' ' " e<Deep texture features achieve higher scores
* AP and PD coordinates provide a mapping between folded and unfolded space. o T 0% o3l o  than baseline features.
e Surfaces have 30004 nodes, isotropic in unfolded space [3]. - 051 013 o040 °*CL-3D outperforms CL-2D.
- Ir+FA Ir.or| 053 o015 o040 °lIncluding fiber orientation information as input
= It Ir 051  0.13  0.36 for feature extraction improves scores over
' FA  Ir,p,r | 050 011 027  transmittance alone.

Conclusions

e CL-3D features follow the general regional organization pattern without
providing explicit prior information on anatomy in training.

e Cross-section sampling of positive pairs in contrastive learning (CL-3D) improves
clustering of 3D-PLI texture by subfields over in-plane sampling (CL-2D).

e Extract geometrical inner and outer surfaces of the pyramidal layer of the e Unfolding 3D-PLI texture features facilitates their integration into a
hippocampal Cornu ammonis (CA) region and the subicular complex. comprehensive multimodal mapping of the human hippocampus.

e Texture features are sampled and concatenated along interpolated vertices e Future work will apply the approach to other brains, specimens, and
between geometrical inner and outer surfaces (green arrows). microscopic modalities with available 3D reconstructions.
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