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BACKGROUND

We present an approach based on unsupervised
Uniform Manifold Approximation! (UMAP) and
supervised classification to detecting small cell
populations in flow cytometry (FCM) samples with a
focus on minimal residual disease (MRD) quantifica-
tion to monitor Acute Lymphoblastic Leukemia
(ALL) treatment response. A common issue within
automated FCM data analysis is the lack of (labe-
led) training data; an approach operating on least
possible number of training samples is of consider-
able value.

RESULTS

Method Comparison with Varying Training Set Size
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Figure 1: Comparison of Gaussian Mixture Manifolds (GMM), Random Forest (RF) and feature
transformation with UMAP before RF classification (UMAP+RF) in terms of average F:-score
(vertical axis) for different training set size N (horizontal axis).

CONCLUSION

proposed method allows for a training set size
reduction of more than 90% (N=144 to N= 8) in the
problem setting discussed

p performance of the standard classifier can be
improved significantly by combining it with a prece-
ding unsupervised learning step involving UMAP

p UMAP proves superior to other dimension reducti-
on methods in terms of run time performance and
Fi-score
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Using UMAP to embed FCM features into a latent
2D space prior to classification by Random
Forest? (RF)

Comparison with a
state-of-the-art method®
based on Gaussian mixture
manifolds (GMM) on
varying training set sizes

Comparison with alternative
embedding dimensionality
and feature transform
methods,

t-SNE¥, PCAS, and LLE®

Figure 2: 8 training samples embedded to a 2D space with PCA (left), t-SNE (middle)
and UMAP (right). Leukemic cells are shown in red.

Table 1: 8 samples randomly chosen are used for training. Precision (p), recall (r), average
Fi1-score (avg F1), and median Fi-score (med F1) are calculated per single cell.

Method | N P r med F}
PCA+RF 0.362  0.656 0.324
t-SNE+4+RF 0.696  0.747 0.693
LLE+RF 0.725  0.729 0.730
UMAP+RF (6D) 0.823  0.687 0.785
UMAP+RF 0.790 0.758 0.833

avg By
0.377
0.615
0.621
0.688
0.697
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