


5 5 . i
L T, NMI
° . g | 1.0
. . L[] ﬁ‘ 9 ] l-. 0.8
@ @ g 0.6
Z 0 Z o0 . TR ar .."-_ '
2 K@ . = - 0.4
i i N .5 "
5 0.2
‘e . g 25 "
L] .. [ ] g ... O 0
—54 -5 * e° ¢ 33 .-
—5 0 5 -5 0 5 1 9 17 25 33
t-SNE 1 t-SNE 1 Index of Estimated Component
(a) TCGA (b) Reconstructed TCGA (c) Normalized Mutual Information

Figure 7: ELBMF discovers the hidden structure in gene expression data. We show the two-
dimensional t-SNE embedding of the TCGA dataset (a) and the embedding of its reconstruction
from ELBMF (b), where each point corresponds to one of the 10 459 patients, colored by cancer type.
While the cancer types are hard to differentiate in the embedding of the original dataset (a), they are
separated into easily distinguishable clusters in the embedding of our reconstruction (b). In (c), we
show the normalized mutual information between estimated groups and cancer types, and observe
that there is an almost 1-to-1 correspondence between our estimated groups and the cancer types.

To better understand these results, we quantify the association between our 33 estimated components
and the ground-truth cancer types by computing the normalized mutual information matrix. This
matrix is noticeably sparse (Fig. 7c), leading to a clean segmentation. Upon closer inspection with
ENRICHR [8], the associations we discover turn out to be biologically meaningful. For example, we
find that ELBMF associates a set of 356 genes to patients with thyroid carcinoma. This component
is associated with thyroid hormone generation and thyroid gland development, and statistically
significantly so—even under a strict False Discovery Control, with p-values as low as 2.574 x 1078
and 6.530 x 1076,

5 Conclusion

We introduced ELBMF to efficiently factorize Boolean matrices using an elegant and simple algorithm
that, unlike its closest competitors, does not rely on heavy post-processing. ELBMF considers a novel
relaxed BMF problem, which allows intermediate solutions to be real-valued. It solves this problem by
leveraging an efficiently computable proximal operator, derived from the innovative ELB regularizer,
and using a regularization rate to obtain Boolean factors upon convergence. Experimentally, we have
shown that ELBMF works well in practice. It operates reliably on synthetic data, outperforms the
discrete state of the art, is at least as good as the best relaxations on real data, and yields interpretable
results even in difficult domains—without relying on post-processing.

Limitations Although ELBMF works overall, it has two bottlenecks. First, by randomly initializing
factors, we start with highly dense matrices, thus prohibiting efficient sparse matrix operations. This
is not ideal for sparse datasets that are too large to fit into memory, and future research on sparse
initialization of Boolean factors will benefit not only ELBMF but also many other methods. Second,
the larger the datasets, the higher the cost of computing gradients, and future work might adapt
stochastic gradient methods for ELBMF to mitigate this problem.

Broader Impact ELBMF is a method for factorizing Boolean matrices, which permits interpretable,
rather than black-box data analysis. As such, it can help make explicit any biases that may be present
in the data. Just like any other method for interpretable data analysis, the insights ELBMF yields can
be used for good purposes (e.g., insight into cancer-causing mutations) or for bad purposes, and the
ultimate quality of the outcome also depends on the behavior of the user. In our experiments, we
focus on beneficial applications, and only consider anonymized open data.
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