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Abstract

Clustering tractography streamlines is an important step to characterize the brain white matter
structural connectivity. Numerous methods have been proposed to group whole-brain tractography
streamlines into anatomically coherent bundles. However, the time complexity, or the initial streamline
sorting in conventional methods, or still, using supervised deep learning models, may limit the results
and/or restrict the versatility of the methods. In this work, we propose an autoencoder-based method for
clustering tractography streamlines. CINTA, Clustering in Tractography using Autoencoders, is trained
on unlabelled data, uses a single autoencoder model, and does not require any distance thresholding
parameter. It obtains excellent classification scores on synthetic datasets, achieving a 0.97 F1-score on
the clinical-style, realistic ISMRM 2015 Tractography Challenge dataset. Similarly, CINTA obtains
anatomically reliable results on in vivo human brain tractography data. CINTA offers a time-efficient
bundling framework, as its running time is linear with the streamline count.
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Introduction

White matter (WM) brain fiber parcellation, also named bundling, or segmentation, especially when
providing a voxel-based output , or “virtual dissection” when being done semi-automatically or with some
manual intervention, encompasses methods that aim to classify and group together fiber entities, i.e.
streamlines. Bundling is an essential processing step in tractography pipelines allowing to identify the
tracks of interest across different brain regions. The large number of streamlines contained in an average
tractogram calls for automated procedures. Streamline classification for bundling purposes is most
commonly performed using either of two criteria [6]: (i) the streamline similarity (defined according to
some distance measure); and/or (ii) the regions of interest (ROI) streamlines traverse or which (gray
matter) brain regions their endpoints connect. Despite being a seemingly simple geometrical entity,
adequately characterizing streamlines is still a challenge. Although several distance measures (such as
the closest point distance, the Hausdorff distance, the Mahalanobis distance, or the Minimum average
Direct and Flip distance (MDF), among others) have been proposed in literature [6,17], streamline-space
point-wise distance computation and full pair-wise comparisons are computationally expensive, and
might not capture other relevant features. Clustering can be performed in the streamline native space,
or some other representation space (e.g. [17,23,27]), and some methods provide a volumetric result of
streamline groups (bundles) (e.g., [13,14,22]).

We propose to extend the autoencoder-based latent space nearest neighbor tractography framework
proposed in [12] to cluster streamlines into bundles. We show that the proposed autoencoder-based
method is successful at bundling streamlines on synthetic and clinical-style realistic phantom and in vivo
human brain data. The method (i) does not require to be trained on labelled data, (ii) uses a single model,
trained only once, to classify streamlines, and (iii) does not require any distance thresholding parameter

to generate the clusters.

Related Work

Automatic bundle identification of deep white matter pathways has been performed using a variety of
methods: (i) anatomical filtering; (ii) clustering; (iii) atlas-based; (iv) graph-based; (v) dictionary
learning;(vi) segmentation-based; and, more recently, (vii) deep learning-based methods [23]. Automatic
anatomical filtering methods (e.g. [26]), including query languages [21], often offer limited quality results
due to the variability of the streamline locations across subjects, and are highly sensitive to the
streamlines’ waypoints (e.g. streamlines that are a few voxels short of reaching the gray matter, or apart
from each other at a few locations might be discarded or classified into different groups).

Clustering methods [2,9,15,17,19] use a given streamline similarity distance definition. These
approaches may include some form of hierarchical approach to progressively improve the results (e.g.
[9]). Several methods have used unsupervised machine learning strategies, such as Expectation-
Maximization (EM) [15] or k-means [9]. Similarly, the use of streamline feature descriptors that aim to

capture and summarize the relevant information for the classification, along with the use of some form



of embedding space where the clustering takes place, have also been proposed [2,17,19]. Some of these
methods (e.g. [17]) require computing pair-wise streamline distances, which has a complexity of O(N?).

Atlas-based methods such as the ones proposed in [6,25] rely on the anatomical priors provided by
the atlas to assign streamlines to a given bundle. They use bundle or cluster “models” to recognize
streamlines in the target tractogram according to a given threshold with respect to the streamline- or
feature-space centroids. Some of these methods, such as [6], might yield a variable number of clusters
across subjects, or differing results depending on the initial sorting of the streamlines in the tractogram.

Graph-based strategies [18,20] consider the clustering task as a graph partitioning problem that seeks
to cluster the nodes based on a similarity measure. Dictionary learning methods [23], in turn, generally
assume that a dictionary that contains a representative signature for each bundle can be computed (or
learned), and posit the task of finding the class a streamline belongs to as an optimization problem that
seeks to find the coefficients that fit a given bundle representation for each streamline.

Lately, deep learning-based methods have also been applied to the bundling task, and have
compared favorably over the mentioned conventional methods within the studied contexts. Several
authors [11,27] have used recurrent neural networks (RNNs) to solve the clustering problem as a
classification problem. Similarly, regular classification convolutional neural networks (CNNs) have been
employed [10,19,24] to predict the streamline bundle labels. In [3], authors proposed a Deep Embedded
Clustering-based (DEC) framework to provide the cluster assignments. Finally, a number of deep
learning-based methods have cast the problem into a segmentation task, yielding bundle-wise voxel
masks [13,14,22].

Classification neural networks are trained to reliably provide a prediction on a fixed-length probability
vector, and hence do not allow to change the number of target labels (i.e. bundles) without retraining.
Tractography segmentation methods, in turn, are inherently binary classification methods: given that the
same voxel cannot be assigned to multiple labels (even if multiple streamlines belonging to different
bundles may traverse the same voxel), such methods require a separate model to be trained for each
bundle.



Material and Methods

The same deep autoencoder architecture presented in [12] is used in this work. The chosen
autoencoder is a regular convolutional deep neural network, trained to minimize the mean squared-error
loss between the input streamlines and their reconstructions at the output of the autoencoder.

We propose to cluster streamlines using a k-NN approach in the latent space learned by autoencoding
streamlines. It is essentially assumed that similar data points (streamlines in our case) will be
concentrated to neighboring regions in the Euclidean sense in the latent space [1,8]. Thus, given (i) an
autoencoder; (ii) a set of streamlines to train the autoencoder; (iii) the anatomical bundle classes of a
subset of the preceding streamlines; and (iv) a new tractogram that needs to be split into the same set
of available bundles, the proposed method proceeds as follows:

1.Train an autoencoder using raw, unlabelled streamlines, generated by a predetermined
tractography algorithm.

2.Select a subset of streamlines whose bundle class is known so that they can beused as the
reference set to bundle new streamlines. Project such streamlines to the latent space.

3.Project to the latent space the streamlines in a new, to-be-bundled tractogram.

4.Apply a k-NN method using the readily available labelled (reference) streamlines to determine
the bundle class of the new streamlines.

We have dubbed the above method CINTA, Clustering in Tractography using Autoencoders. The
method requires all streamline data to dwell in a common or standard reference space (such as the MNI

space).

latent space
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Fig.1. Conceptual illustration of CINTA (Clustering in Tractography using Autoencoders). The

streamlines that belong to the same bundle are naturally clustered together in the latent space of a
trained autoencoder. A k-NN method is applied to assign the bundle label to such streamlines.

Experiments

CINTA'’s performance is quantitatively measured on the (i) “Fiber Cup” synthetic tractography dataset
[4,5], and the (ii) clinical-style realistic ISMRM 2015 Tractography Challenge dataset [16]. A subject from
the Human Connectome Project (HCP) dataset [7] was used to qualitatively demonstrate CINTA’s
bundling ability on in vivo human brain tractography data. Local probabilistic (“Fiber Cup”; ISMRM 2015
Tractography Challenge) and global tracking (HCP) were employed to reconstruct streamlines. The
ground truth WM parcellations were obtained according to the data preparation procedure described in

[12]. Streamlines had their head-to-tail orientations flipped according to a reference, and were resampled
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to 256 points prior to training the autoencoder. The k parameter for the k-NN clustering method was
chosen experimentally from the set 3,5: it was fixed to a value of 5 as it provided a better F1-score on
the ISMRM 2015 Tractography Challenge dataset (an identical performance was registered for both
values on the “Fiber Cup” dataset). RecoBundles [6] was used as the baseline method (using the
synthetic bundle models available in each dataset). The following results are reported:
- Accuracy: proportion of correct predictions (true positives and true negatives) over the total
number of streamlines.
- Sensitivity (recall): proportion of relevant instances that are predicted as positives (true positives)
among all positive streamlines in the data.
- Precision: proportion of relevant instances that are predicted as true positives among all retrieved
(predicted) positive streamlines.
- F1-score: harmonic mean of precision and sensitivity.
For each bundle, the positive instances are those corresponding to the streamlines that are labelled
with the given bundle class as determined by the underlying scoring method, the negatives being any

other streamline in the whole tractogram.



Results

Table 1 shows CINTA’s performance for the “Fiber Cup” and ISMRM 2015 Tractography Challenge
datasets averaged over all bundles. As the reported measures reveal, the proposed autoencoder-based
tractography bundling procedure achieves perfect and close to perfect scores on the respective datasets,
and outperforms the RecoBundles baseline consistently. Additionally, as it can be seen in figure 2, the

classification performance is highly consistent across bundles on both datasets.

Table 1. Bundling classification scores. Mean and standard deviation values across bundles.

Dataset Method Accuracy Sensitivity Precision F1-score
RecoBundles 0.98 (0.04) 0.99 (0.02) 0.96 (0.11) 0.97 (0.09)
« Fiber Cup »
CINTA 1.0 1.0 1.0 1.0
RecoBundles 0.99 (0.01) 0.99 (0.01) 0.88 (0.15) 0.91 (0.12)
ISMRM 2015
CINTA 1.0 0.97 (0.04) 0.97 (0.04) 0.97 (0.04)

Figures 3 and 4 show the bundles as classified with the proposed method. As expected from the
scores in table 1, the latent space-based bundling predictions closely follow the anatomically coherent
streamline-space bundle partitions. Furthermore, following from the reconstruction difficulty analysis on
the ISMRM 2015 Tractography Challenge dataset [16], which revealed 18 hard or very hard bundles,
results indicate that CINTA reliably identifies hard-to-track bundles in the data (e.g. left CST and fornix;
see (e) and (f) subplots in figure 4).

Figure 5 shows the bundling results on the HCP data subject. As it detaches from the figure, CINTA

successfully clusters streamlines into the corresponding anatomically meaningful bundles.

Bundling score Bundling score
: "Fiber Cup") (dataset: ISMRM 2015 Ti ci
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(a)

Fig.2. CINTA’s classification performance bundle-wise breakup: (a) “Fiber Cup” dataset; and (b)
ISMRM 2015 Tractography Challenge dataset.




(a) (b) (0) d)

Fig.3. Autoencoder-based bundling on the “Fiber Cup” dataset: (a) all bundles; (b) bundle 5; (c)
bundle 6; and (d) bundle 7 (following the numbering in [4]).

() (e) ()

Fig.4. Autoencoder-based bundling on the ISMRM 2015 Tractography Challenge dataset: (a, b, c)
all bundles (axial superior, coronal anterior, sagittal left views, respectively); (d) left SLF (axial superior
view); (e) left CST (coronal anterior view); and (f) Fornix (sagittal left view) (see [16] for the bundle
acronyms and names).

(a) (b) (c)

(d) (e) (f)

Fig.5. Autoencoder-based bundling on the HCP dataset: (a, b, c¢) all bundles (axial superior, coronal
anterior, sagittal left views, respectively); (d) right ILF (sagittal right view); (e) left OR (axial superior
view); and (f) CC (sagittal left view).



Discussion

The results in section 4 show that the latent space learned by the proposed autoencoder provides a
low-dimensional representational space where similar streamlines are clustered close to each other.
Thus, streamlines can be appropriately classified into anatomically coherent bundles in such a space.

Our clustering approach only requires a single parameter to be fixed (the neighborhood value k), and
it is experimentally verified that its value does not influence significantly the results. Its worst case
computational time performance is linear (O(Nd) =O(N), whereN "Nd) (is the number of data points
andsee section A.2 for an experid the number of features, assuming

mental demonstration). The complexity is thus dominated by the number of samples. Our clustering
framework uses a single model to classify all streamlines at once. Additionally, CINTA can accommodate
a variable number of bundles: the autoencoder does not need to be retrained if the number of bundles
to be identified changes.

The proposed procedure does not incur notable misclassification errors: it is verified that when a
streamline is assigned to the wrong bundle, such streamlines are anatomically close to the wrong class
(e.g. left CST streamlines being classified as left FPT streamlines; see section A.1 for an example). This
constitutes an indirect evidence of the fact that the latent space of our autoencoder appropriately
encodes the necessary anatomical information about the input streamlines.

CINTA requires a subset of the training streamlines to be appropriately labelled so that streamlines
in any new tractogram can be classified according to their nearest neighbors in such set. Such a set of
labelled streamlines needs to be built only once (for a target bundle mapping). Investigating the
classification performance dependency on the number of available labelled streamlines, or whether and
how such a value may be variable across bundles or target bundle mappings, is left for future work.

Similarly, a multi-subject dataset comparative analysis of CINTA is left for a separate piece of work.

Conclusion

We present an extension to an autoencoder-based framework to cluster tractography streamlines into
anatomically consistent bundles. We demonstrate that the autoencoder-based tractography latent space
offers a versatile representational space to classify streamlines in a straightforward fashion. CINTA
(Clustering in Tractography using Autoencoders), obtains excellent scores in synthetic and clinical-style
realistic phantom data, and outperforms the RecoBundles baseline method. It also obtains anatomically
consistent results on in vivo human brain data. The method (i) does not require to be trained on labelled
data, (ii) uses a single model, trained only once, to classify streamlines, and (iii) does not require any

distance thresholding parameter to generate the clusters.



Conflict of Interest. Pierre-Marc Jodoin and Maxime Descoteaux report a relationship with Imeka
Solutions inc. that includes board membership and employment. Jon Haitz Legarreta, Pierre-Marc Jodoin

and Maxime Descoteaux have patent #17/337,413 pending to Imeka Solutions inc.

Acknowledgments. This work has been partially supported by the Centre d’Imagerie M’edicale de
'Universit’e de Sherbrooke (CIMUS); the Axe d’'Imagerie M edicale (AIM) of the Centre de Recherche
du CHUS (CRCHUS); and the R’eseau de Bio-Imagerie du Qu’ebec (RBIQ)/Quebec Bio-imaging
Network (QBIN) (FRSQ - R’eseaux de recherche th’ematiques File: 35450). This research was enabled
in part by support provided by the Digital Research Alliance of Canada Advanced Research Computing
service (alliancecan.ca) and Calcul Qu’ebec (calculquebec.ca). We also thank the research chair in

Neuroinformatics of the Universit’e de Sherbrooke.

Appendix
Misclassified Streamlines

Figure 6 shows the split of the ISMRM 2015 Tractography Challenge right FPT bundle as classified
by the autoencoder-based bundling procedure. As it detaches from the figure, the misclassified
streamlines belong to bundles (right CST and right POPT) that are closely related to it in anatomical
and/or spatial terms. This reinforces the assumption that streamlines that are close to each other in
anatomical space are also located in neighboring regions in the latent space learned by the CINTA
autoencoder. Hence, CINTA provides an anatomically reliable ground for bundling purposes with minimal

disagreement.

Time Computational Requirements

To demonstrate CINTA’s computational time performance, six (6) tractograms containing 20 000, 40
000, 100 000, 200 000, 600 000, 1 000 000 streamlines were generated on the ISMRM 2015
Tractography Challenge dataset using local probabilistic tracking. Implausible streamlines were filtered
following the method proposed in [12]. The time required to bundle each resulting tractogram was
measured for three (3) runs, and the mean and standard deviation values computed. Only the time
required for bundling was measured, excluding 1/0O operation time. Time tests were performed on a
conventional desktop machine (Intel(R) Xeon(R) W-2133 CPU @3.60 GHz 6 core processor; 16 G RAM;
NVIDIA GeForce GTX 1080 Ti 12 G graphics card). As shown in figure 7, CINTA requires a linear time
to bundle streamlines. Similarly, its time demands are comparable to other competitive deep learning-
based methods reported in literature [3], requiring slightly less than 200 s to bundle almost 600 000

streamlines.
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(a) (b) (c)

(d) (e) (f)

Fig.6. Right FPT bundle of the ISMRM 2015 Tractography Challenge dataset as labelled by the
autoencoder-based bundling procedure: (a) right FPT; (b) right CST in the reference set; (c) right POPT
in the reference set; (d) right FPT true positives; (e) false positive right FPT streamlines belonging to the
right CST; (f) false positive right FPT streamlines belonging to the right POPT. All sagittal right views.

Bundling computational requirements
(dataset: 2015 Tractography Challenge)

200{ —— CINTA

125

time (s)

by N N 2 b
N © o >
R & R &

streamline count

Fig.7. Computational time performance for bundling different ISMRM 2015 Tractography Challenge
dataset tractogram sizes with CINTA. Due to the vertical scale and reduced standard deviation values,
the latter are hardly noticeable around the mean value. Streamline counts are expressed with Sl prefixes
and engineering notation. Horizontal axis labels correspond to filtered tractogram streamline counts.

11



References

10.

11.

12.

13.

14.

15

16.

17.

18.

19.

20.

Bengio, Y., Courville, A., Vincent, P.: Representation learning: a review and newperspectives. IEEE
Trans. Pattern Anal. Mach. Intell. 35(8), 1798-1828 (2013). https://doi.org/10.1109/TPAMI.2013.50
Bert'o, G., et al.: Classifyber, a robust streamline-based linear classifier for white matter bundle
segmentation. Neuroimage 224, 117402 (2021). https://doi.org/10. 1016/j.neuroimage.2020.117402
Chen, Y., et al.: Deep fiber clustering: anatomically informed unsupervised deeplearning for fast and
effective white matter parcellation. In: de Bruijne, M., et al. (eds.) MICCAI 2021. LNCS, vol. 12907,
pp. 497-507. Springer, Cham (2021). https://doi.org/10.1007/978-3-030-87234-2 47

C'ot’e, M.A,, Girard, G., Bor’e, A., Garyfallidis, E., Houde, J.C., Descoteaux, M.: Tractometer:
Towards validation of tractography pipelines. Medical Image Analysis 17(7), 844-857 (2013).
https://doi.org/10.1016/j.media.2013.03.009, special Issue on the 2012 Conference on Medical
Image Computing and Computer Assisted Intervention

Fillard, P., et al.: Quantitative evaluation of 10 tractography algorithms on a realistic diffusion MR
phantom. Neuroimage 56(1), 220-234 (2011). https://doi.org/ 10.1016/j.neuroimage.2011.01.032
Garyfallidis, E., et al.: Recognition of white matter bundles using local and globalstreamline-based
registration and clustering. Neuroimage 170, 283—295 (2018).
https://doi.org/10.1016/j.neuroimage.2017.07.015. Segmenting the Brain

Glasser, M.F., et al.: The human connectome project’s neuroimaging approach.Nat. Neurosci.
19(9), 1175-1187 (2016). https://doi.org/10.1038/nature18933

Goodfellow, I., Bengio, Y., Courville, A.: Deep Learning, Adaptive Computationand Machine
Learning. MIT Press, Cambridge (2016)

Guevara, P., et al.: Robust clustering of massive tractography datasets. Neuroimage54(3), 1975—
1993 (2011). https://doi.org/10.1016/j.neuroimage.2010.10.028

Gupta, V., Thomopoulos, S.1., Corbin, C.K., Rashid, F.M., Thompson, P.M.: FiberNet 2.0: an
automatic neural network based tool for clustering white matter fibers in the brain. In: IEEE 15th
International Symposium on Biomedical Imaging (ISBI), pp. 708-711. Washington, DC, USA (04
2018). https://doi.org/ 10.1109/ISBI.2018.8363672

Lam, P.D.N., Belhomme, G., Ferrall, J., Patterson, B., Styner, M., Prieto, J.C.: TRAFIC: Fiber tract
classification using deep learning. In: Proceedings of the International Society for Optical
Engineering (SPIE). vol. 10574, p. 1057412. The international society for optics and photonics
(SPIE) (2018). https://doi.org/10. 1117/12.2293931

Legarreta, J.H., et al.: Filtering in tractography using autoencoders (FINTA). Medical Image Analysis
72, 102126 (2021). https://doi.org/10.1016/j.media.2021. 102126

Li, B., et al.: Neuro4Neuro: a neural network approach for neural tract segmentation using large-
scale population-based diffusion imaging. Neuroimage (2020).
https://doi.org/10.1016/j.neuroimage.2020.116993

Liu, W., et al.: Volumetric segmentation of white matter tracts with label embedding. Neuroimage
250, 118934 (2022). https://doi.org/10.1016/j.neuroimage.2022. 118934

.Maddah, M., Grimson, W.E.L., Warfield, S.K., Wells, W.M.: A unified frameworkfor clustering and

quantitative analysis of white matter fiber tracts. Med. Image Anal. 12(2), 191-202 (2008).
https://doi.org/10.1016/j.media.2007.10.003

Maier-Hein, K.H., et al.: The challenge of mapping the human connectome basedon diffusion
tractography. Nat. Commun. 8(1349), 1-13 (2017). https://doi.org/ 10.1038/s41467-017-01285-x
O’Donnell, L.J., Westin, C.F.: Automatic tractography segmentation using a highdimensional white
matter atlas. IEEE Trans. Med. Imaging 26(11), 1562—-1575 (2007).
https://doi.org/10.1109/TMI1.2007.906785

Siless, V., Chang, K., Fischl, B., Yendiki, A.: AnatomiCuts: hierarchical clusteringof tractography
streamlines based on anatomical similarity. Neuroimage 166, 32—45 (2018).
https://doi.org/10.1016/j.neuroimage.2017.10.058

Ugurlu, D., Firat, Z., Ture, U., Unal, G.: Supervised classification of white matterfibers based on
neighborhood fiber orientation distributions using an ensemble of neural networks. In: Bonet-Carne,
E., Grussu, F., Ning, L., Sepehrband, F., Tax, C.M.W. (eds.) MICCAI 2019. MV, pp. 143—-154.
Springer, Cham (2019). https:// doi.org/10.1007/978-3-030-05831-9 12

V'azquez, A., et al.: FFClust: fast fiber clustering for large tractography datasets for a detailed study
of brain connectivity. Neurolmage 220, 117070 (2020). https://
doi.org/10.1016/j.neuroimage.2020.117070

12



21. Wassermann, D., et al.: The white matter query language: a novel approach fordescribing human
white matter anatomy. Brain Structure and Function 221(9), 4705-4721 (2016).
https://doi.org/10.1007/s00429-015-1179-4

22. Wasserthal, J., Neher, P.F., Maier-Hein, K.H.: TractSeg - fast and accurate whitematter tract
segmentation. Neurolmage 183, 239-253 (2018)

23.Wu, Y., Hong, Y., Ahmad, S., Lin, W., Shen, D., Yap, P.-T.: Tract dictionary learning for fast and
robust recognition of fiber bundles. In: Martel, A.L., et al. (eds.) MICCAI 2020. LNCS, vol. 12267, pp.
251-259. Springer, Cham (2020). https:// doi.org/10.1007/978-3-030-59728-3 25

24.Zhang, F., Cetin Karayumak, S., Hoffmann, N., Rathi, Y., Golby, A.J., O’Donnell, L.J.: Deep white
matter analysis (DeepWMA): fast and consistent tractography segmentation. Medical Image
Analysis 65, 101761 (2020). https://doi.org/10.1016/ j.media.2020.101761

25.Zhang, F., et al.: Whole brain white matter connectivity analysis using machinelearning: an
application to autism. Neuroimage 172, 826—837 (2018). https://doi.
org/10.1016/j.neuroimage.2017.10.029

26.Zhang, Y., et al.: Atlas-guided tract reconstruction for automated and comprehensive examination of
the white matter anatomy. Neuroimage 52(4), 1289-1301 (2010).
https://doi.org/10.1016/j.neuroimage.2010.05.049

27.Zhong, S., Chen, Z., Egan, G.: Auto-encoded latent representations of white matterstreamlines. In:
28th Virtual Conference & Exhibition of the International Society for Magnetic Resonance in
Medicine (ISMRM). International Society for Magnetic Resonance in Medicine (2020), abstract
#0850

13



