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Abstract

Recent years have seen an increased interest in employing data analysis tech-

niques for the automated identification of cell populations in the field of cytom-

etry. These techniques highly depend on the use of a distance metric, a function

that quantifies the distances between single-cell measurements. In most cases,

researchers simply use the Euclidean distance metric. In this paper, we exploit

the availability of single-cell labels to find an optimal Mahalanobis distance

metric derived from the data. We show that such a Mahalanobis distance met-

ric results in an improved identification of cell populations compared to the

Euclidean distance metric. Once determined, it can be used for the analysis

of multiple samples that were measured under the same experimental setup.

We illustrate this approach for cytometry data from two different origins, i.e.

flow cytometry applied to microbial cells and mass cytometry for the analysis

of human blood cells. We also illustrate that such a distance metric results

in an improved identification of cell populations when clustering methods are

employed. Generally, these results imply that the performance of data analysis

techniques can be improved by using a more advanced distance metric.
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1. Introduction

Automated data analysis techniques are becoming increasingly popular in

the field of cytometry. This can be attributed to the increasing dimensionality

of cytometric assays and the increasing amount of acquired data per assay [1,

2, 3, 4]. Automated data analysis techniques include a number of preprocessing5

steps, such as specific transformations and quality controls of the data [5, 6],

often followed by dimensionality reduction and clustering techniques to visualize

the data and to determine cell populations in an automated way [7, 8, 9, 10]. The

latter techniques usually depend on a predefined distance metric to measure the

distances between single-cell measurements. In most techniques, the distance10

metric of choice is simply the Euclidean distance metric. Other distance metrics,

such as the Mahalanobis distance metric, have been considered [11, 12, 13], but

are rarely employed.

The availability of single-cell annotation has paved the way for supervised or

semi-supervised machine learning techniques in the field of cytometry [14, 15].15

Among those, distance metric learning exploits such available knowledge by

learning a distance metric that appropriately measures the similarity of the

data examples. The goal is to learn a distance metric that results in small

distances between instances of the same class (in this case cell population) and

large distances between instances of different classes. Recent developments in20

distance metric learning have shown that an advanced distance metric can lead

to an increased performance for many distance-based techniques [16, 17, 18].

In this paper, the usefulness of a Mahalanobis distance metric for the anal-

ysis of cytometry data is explored. More specifically, a Mahalanobis distance

metric is derived from the data using the Distance Metric Learning through25

Maximization of the Jeffrey divergence (DMLMJ) method [18]. DMLMJ leads

to significant improvements in k-nearest-neighbour (k-NN) classification, and,

more importantly, DMLMJ is scalable to large datasets. We compare the per-

formance of k-NN classification according to cell population by DMLMJ with
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the use of Euclidean distances. This is done for two cytometry applications:30

the first being flow cytometry in the field of synthetic microbial ecology (two

datasets) and the second being mass cytometry or Cytometry by Time-Of-Flight

(CyTOF) for the analysis of human cells (three datasets). We assessed the ro-

bustness of DMLMJ in the so-called transfer DMLMJ setting (t-DMLMJ). In

this case, the Mahalanobis distance metric, which is determined using a specific35

sample, is used to quantify distances between cells that are part of a different

sample that has been measured by the same experimental setup. Ultimately, we

evaluated the impact of a Mahalanobis distance metric on the clustering analy-

sis of CyTOF data of a disease versus control group [19], using the PhenoGraph

algorithm [10]. Samples from multiple patients were included in the analysis,40

in order to evaluate an automated clustering analysis with incorporation of a

Mahalanobis distance metric.

2. Materials & Methods

2.1. Distance Metric Learning

Many machine learning tasks, including dimensionality reduction, clustering,45

and visualization, rely on a distance metric that measures the (dis)similarity be-

tween data instances [17]. Unfortunately, common distance metrics, such as the

Euclidean and Manhattan distance metrics, do not always achieve satisfactory

results because they assume that all variables are independent and ignore cor-

relations between them [16]. Therefore, learning an optimal distance metric50

from data is more desirable than using a default one. The underlying idea is to

adjust the parameters of a distance metric that measures the distances between

examples in order to improve the performance of a learning method [20, 21].

For example, in supervised classification settings, one tries to learn a distance

metric so that the distances between examples of the same class are small, while55

distances between those of different classes are large [22]. We refer the reader

to [17] for a comprehensive survey of distance metric learning.
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2.1.1. k-Nearest-Neighbor Classification

We use k-nearest-neighbor (k-NN) classification in order to evaluate the

robustness of a distance metric. The k-NN classifier is among the simplest yet60

most effective methods in terms of classification accuracy [23]. It has been

considered one of the top 10 methods in data mining for performing recognition

tasks [24]. The idea is to classify a test example by the majority label of its

k nearest neighbors. It is well suited for multi-class classification problems

with a large number of training examples. Moreover, the k-NN classifier makes65

no assumption about the training data, making it practical for many different

application domains. Previous research efforts have shown that an appropriate

distance metric can lead to a significant improvement of k-NN classification [16,

18, 20, 21], but the use of advanced distance metrics remains unexplored for

cytometry data.70

2.1.2. Distance Metric Learning through Maximization of the Jeffrey Divergence

In this study, we learn a Mahalanobis distance metric that preserves the

similarity relationships among the data. Let {(xi, yi)}Ni=1 denote the training set

containing N cells, where xi is the i-th cell in RD (where D denotes the number

of variables describing xi) and its corresponding cell population is yi. Note that

“cells” interchangeably refer to the machine learning terminology “instances”

of a data set, and “cell populations” refer to the class labels. Formally, the

Mahalanobis distance between two cells xi and xj in RD is defined as:

dM(xi,xj) =
√

(xi − xj)>M(xi − xj) ,

where M ∈ RD×D is a positive semidefinite matrix in order to guarantee that

dM satisfies the properties of a (pseudo)metric1. Since M is positive semi-

definite, one can factorize (e.g., using eigenvalue decomposition or Cholesky

decomposition) M = AA>, where A ∈ RD×m with m = rank(M). By doing

1A distance metric d defined on a set X is a nonnegative symmetric function satisfying the

triangle inequality d(xi,xj) + d(xj ,xl) ≥ d(xi,xl) for any xi,xj ,xl ∈ X .
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so, the Mahalanobis distance metric implicitly corresponds to the Euclidean

distance metric after applying the linear transformation x 7→ A>x, i.e.

dM(xi,xj) =

√
(xi − xj)>AA>(xi − xj) = ‖A>(xi − xj)‖ .

The goal is to learn a Mahalanobis distance metric from the data (i.e. es-

timating M), which amounts to learning a linear transformation (i.e. estimat-

ing A). The latter has the advantage that it can be optimized easily since

the positive semidefiniteness is no longer required. More importantly, when75

m < D, we implicitly reduce the number of variables describing the data. Here,

we use the Distance Metric Learning through Maximization of the Jeffrey di-

vergence (DMLMJ) method, recently proposed in [18]. We will briefly describe

this method in what follows.

We consider a sample difference vector (xi − xj), which is called a positive

difference if yi = yj (i.e., two cells are part of the same cell population) and a

negative difference if yi 6= yj (i.e., two cells are part of different populations).

Consequently, we define P and Q as the distributions of positive differences and

negative differences, respectively. Our goal is to find a linear transformation

that maximizes the Jeffrey divergence between these two distributions in the

transformed spaces PA and QA:

arg max
A∈RD×m

f(A) = KL(PA, QA) + KL(QA, PA) , (1)

where KL denotes the Kullback-Leibler divergence between two distributions.80

Note that the Jeffrey divergence is the symmetrized version of the Kullback-

Leibler divergence. Increasing this separability criterion leads to a consider-

able improvement in the performance of the k-NN classifier. According to [18],

problem (1) can be formulated as a generalized eigenvalue problem and there-

fore solved analytically by assuming that P and Q are multivariate Gaussian85

distributions with zero mean2. More specifically, let ΣS and ΣU denote the

2As noted by Nguyen et al [18], this is not a strong assumption and can easily be satisfied

in practice.
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covariance matrices of P and Q, respectively, then the solution to problem (1)

is a matrix whose columns are m linearly independent eigenvectors of Σ−1S ΣU

corresponding to the m largest values of λi + 1/λi, where λi is the i-th eigen-

value of Σ−1S ΣU . Note that m is a user-specified parameter, which denotes the90

desired number of variables in the transformed space. One can tune this param-

eter using a cross-validation approach. In practice, often a separate validation

set is used to measure the performance of a classifier. When no validation set

is available, we first create one containing 30% of the training data. DMLMJ

is then trained with different numbers of variables. The optimal number of95

variables is the one that gives the highest score (accuracy or F1 score) on the

validation set. At the end, DMLMJ returns a Mahalanobis distance metric that

induces a linear transformation of the original data and reduces the number of

variables from D to m at the same time.

2.1.3. Transfer Distance Metric Learning100

Once the linear transformation A is determined for a specific sample, we can

use it to quantify distances between cells for any related sample that is measured

by the same setup. We refer to this setting as transfer distance metric learning.

The idea is to learn a distance metric from one task and then apply it in other

related tasks due to the lack of knowledge [25, 26], e.g. the unavailability of105

labeled data. We will denote the transfer distance metric learning through

maximization of the Jeffrey divergence method as T-DMLMJ. A schematic

overview illustrating the DMLMJ and T-DMLMJ setting can be found in SI

Fig. 1.

2.2. Experiments110

In order to characterize and validate the potential of DMLMJ for single-cell

data, several experiments were conducted for two different cytometry applica-

tions, two generated by flow cytometry of synthetic microbial ecosystems and

three generated by mass cytometry (CyTOF) for human blood cells. Data

were retrieved from experiments that are publicly available. Experiments and115
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evaluation metrics are reported per dataset. Readers are referred to the orig-

inal publications for a full overview of data collection and preprocessing. The

Euclidean distance metric is used as a benchmark to evaluate the effect of a

Mahalanobis distance metric, as determined by DMLMJ.

2.2.1. Application 1: Synthetic Microbial Communities120

Dataset 1: Rubbens2017

Data from 20 individual bacterial cultures measured through flow cytometry

(FCM) were retrieved from [27] (FlowRepository ID: FR-FCM-ZY6M). In brief,

samples were stained with SYBR Green I and measured subsequently. Most bac-

terial cultures (n = 17) were in early-to-mid stationary phase, the other ones125

(n = 3) still were in exponential or linear growth phase. The samples were

analyzed on a 3-laser FACSVerse flow cytometer (BD Biosciences), which con-

tained two scatter detectors (forward and side) and eight fluorescence detectors,

in which the FITC-detector (527/32 nm) was the targeted detector. Because

peak area, height and width signals were captured, the experiment resulted in 30130

measured variables in total. All variables were considered in DMLMJ, although

only a subset of them contain biologically relevant information [27]. In this

way, the functionality of DMLMJ can be evaluated, as we know that a linear

transformation should be able to discover this information automatically. A full

description of experimental details and preprocessing can be found in [27]. After135

measurement, samples were denoised in the asinh-transformed bivariate FITC-

H – PerCP-Cy5.5-H space, using a robust digital gating strategy [28]. To ensure

the quality of the data, the data were additionally filtered using the automated

package flowAI (v1.4.4., default settings, target channel = FITC, changepoint

detection penalty = 200) [6]. A full list of bacterial species and experimental140

details can be found in [14, 27].

Dataset 2: Sgier2016

Data were collected from [29] (FlowRepository ID: FR-FCM-ZYLB), in

which cyanobacterial and algal cultures were cultured and measured by FCM,
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using a Beckman-Coulter Gallios flow cytometer. As these microbial popula-145

tions exhibit autofluorescent properties, no fluorescence staining was needed.

Ten fluorescence and two scatter detectors measured area, height and width sig-

nals from the pulse, resulting in 36 variables in total describing the experiment.

Sgier et al. removed all cells that were above the signal saturation limit in any

of the 12 parameters. We considered only those samples that contained more150

than 500 cells per replicate. This resulted in 31 individual strains that were

used for further analysis.

Experimental Setup

Microbial communities were assembled in different compositions using a

data-aggregation step. This means that cells were sampled from bacterial pop-155

ulations that were measured individually and combined into artificial communi-

ties, so-called in silico communities [14]. The same number of cells (n = 10, 000

for dataset 1, n = 1, 000 for dataset 2) were sampled for every population, dis-

tributed over the number of technical replicates that were available. Half of the

cells were added to a training set and the other half to the test set for every in160

silico community. The complexity of a community can be expressed in terms

of the species richness S, denoting the number of phylogenetically distinct mi-

crobial populations that were combined in a community. The total number of

cells in both training and test set amounts to S×n. The following experiments

were conducted for both datasets:165

1. Ten in silico communities were assembled at random for every increment

of S ranging from two to ten. Performance was evaluated in terms of

classification accuracy of cells that were part of a held-out test set. In

all cases, cells were classified according to their phylogeny using k-NN

classification based on the Euclidean distance metric or the Mahalanobis170

distance metric, as determined by DMLMJ. Experiments were carried out

using two different settings, on the raw data and on data for which each

variable was transformed by f(x) = asinh(x), a transformation that is
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used as a preprocessing step for the analysis of microbial cytometry data

[28, 30].175

2. Next, the communities for S = 10 were retained, which are called the tar-

get communities. For each community, microbial populations were ran-

domly removed one by one, until only two remained. At each step, the

resulting community contains one less population compared to the target

community. DMLMJ was performed on these subset communities, after180

which the distance metric was incorporated in the k-NN classifier and cells

of the target communities were classified according to this classifier. We

call this the partial transfer DMLMJ (partial T-DMLMJ) setting.

3. Finally, a distance metric was determined using microbial populations of

which none were present in the target communities for S = 10 (i.e., we have185

20 in total, so half of the populations are part of a microbial community

of interest, the target community, while ten remaining communities were

used to only determine a distance metric). This distance metric was used

to quantify distances between cells in the target communities, after which

cells were classified using k-NN classification. Note that the labels of the190

target communities and the training set are not the same. This setup is

called the transfer DMLMJ (T-DMLMJ) setting.

2.2.2. Application 2: Mass Cytometry

DMLMJ was also evaluated for three mass cytometry (Cytometry by Time-

Of-Flight, CyTOF) datasets. All data were transformed using the transforma-195

tion f(x) = asinh(x/5), which is a common preprocessing step for the analysis

of CyTOF data (see e.g. [31, 32]).

Dataset 1: Levine 13dim

The Levine 13dim-dataset originates from one healthy individual, in which

bone marrow mast cells (BMMCs) were analyzed using a 13-color panel. Cell200

populations were labeled after manual gating using all markers; all markers were

used for data analysis. This dataset, as presented by [33] is publicly available
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on FlowRepository (ID: FR-FCM-ZZPH). The dataset was originally presented

in [31].

Dataset 2: Levine 32dim205

The Levine 32dim-dataset originates from two healthy individuals, in which

BMMCs were analyzed using a 32-color panel. Cell populations were labeled

after manual gating, which was done using 19 out of the 32 surface markers.

All markers were used for data analysis. This dataset, as presented by [33], is

publicly available on FlowRepository (ID: FR-FCM-ZZPH). This dataset was210

originally introduced in [10].

Dataset 3: HMIS-2

The HMIS-2 dataset, studying the Human Mucosal Immune System (HMIS),

originates from 47 individuals, in which peripheral blood mononuclear cells

(PBMCs) were analyzed through CyTOF using a 28-color panel. The dataset215

was originally published in [19]. This data is publicly available on FlowRepos-

itory (ID: FR-FCM-ZYRM). We used the 14 control (CTRL) samples and 14

samples which were identified with Crohn’s Disease (CD). Cell labels were used

as reported in [34]. In brief, cells were first clustered according to six major im-

mune lineages on the basis of the expression of a corresponding marker. Next,220

cell populations were automatically determined per lineage using the Gaussian

Mean Shift clustering algorithm [35], after which clusters were merged upon

high correlation or discarded when they contained too few cells. This resulted

in 57 cell types in total. Cell counts per sample and cell type are available

in [34].225

Experimental Setup

Training and test sets were created in a stratified manner, as the distribution

of cell population labels is unbalanced in which instances of the major class

heavily outnumber those of the minor class. For the first and second datasets,

20,000 labeled cells per sample were added to the training set and test set,230
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respectively. For the third dataset 10,000 cells per sample were added to the

training and test set respectively. The following experiments were conducted:

1. Single-cell labelling using k-NN classification was conducted, in which the

Euclidean distance metric was compared to the Mahalanobis distance met-

ric, as determined by DMLMJ. The hyperparameters were tuned to maxi-235

mize the macro average F1-score per cell class. The F1-score is calculated

as the harmonic average of the precision (which quantifies the number of

false positives) and recall (which quantifies the number of false negatives),

and lies between zero and one. An F1-score of one resembles perfect cell

label classification for all cell populations.240

2. The visualization performance of DMLMJ on t-SNE [36] was assessed

for the Levine 13dim and Levine 32dim datasets. The test sets from the

previous setup were used for this analysis.

3. The effect of an advanced Mahalanobis distance metric was evaluated for

the clustering performance of the PhenoGraph algorithm [10]. This was245

done using the HMIS-2 dataset. We first clustered all individual CD-files,

in which distances were quantified using the Euclidean and Mahalanobis

distance metrics. The transfer distance metric learning setting was also

considered. We calculated a Mahalanobis distance metric for one subject,

and applied this metric for the subsequent analysis of all other samples250

using PhenoGraph. This was done for all possible combinations. The

clustering performance was reported using the V-measure [37]. The V-

measure is defined as the weighted harmonic mean of completeness (i.e., a

cluster is as complete as possible, containing all cells from a specific pop-

ulation) and homogeneity (i.e., a cluster is as pure as possible, containing255

only those cells that are part of a single population) [38]. Subsequently,

all files, both from the CD and control group, were concatenated into one

dataframe. PhenoGraph was run on the whole dataframe, after which

relative cell fractions per cluster and per sample were tested for statis-

tical differences using the Mann-Whitney-U test. This was done seven260
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times, once using Euclidean distances and six times using a Mahalanobis

distance metric which was determined using a specific sample from the

cohort, which was chosen at random.

2.3. Data and Code Availability

DMLMJ was implemented in MATLAB. The Python implementation of265

PhenoGraph was used with default settings. The implementation of t-SNE

(default settings) and performance metrics can be found in the scikit-learn ma-

chine learning library (v0.19.1) [39]. All processed datasets, MATLAB code for

DMLMJ and Python scripts can be found at https://github.com/bacnguyencong/

CytoDMLMJ.270

3. Results

3.1. Synthetic Microbial Communities

A total of 90 different microbial communities were assembled by using a

data-aggregation step, creating in silico communities. Ten communities were

evenly sampled for every increment of S = 2, ..., 10, in which S denotes the total275

number of microbial populations that were present in a community. Note that

these populations were determined beforehand, and upon creation of an in silico

community, a number of these populations will overlap (i.e., a number of these

populations will be present in a number of communities, which is determined at

random). The impact of the use of a learned Mahalanobis distance metric on280

k-NN classification was evaluated in terms of the classification accuracy, which

denotes the fraction of correctly labeled cells according to the phylogeny of a

single cell. We compared the Mahalanobis distance metric, as determined by

DMLMJ, to the Euclidean distance metric in the context of k-NN classification.

The accuracy was evaluated using a held-out test set. This was done for two dif-285

ferent datasets, the first containing 20 bacterial populations stained with SYBR

Green I, the second containing 31 microbial populations (cyanobacteria and al-

gae) with autofluorescent properties. The accuracy increased when DMLMJ was

12
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applied to predict the cell labels of the test data (on average 5.4% for dataset 1,

2.7% for dataset 2) (Fig. 1). An increase in the number of microbial populations290

resulted in a drop in accuracy.
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Figure 1: Classification accuracy of k-NN classification for an increasing population richness

S with and without the use of DMLMJ. Each boxplot contains the classification accuracy for

ten communities. Each box displays the 25% and 75% quartiles of the classification accuracy,

of which the whiskers extend the range to maximal 1.5 times the interquartile range. Points

that lie outside this range are visualized as outliers.

The same methodology was applied leaving out the asinh transformation as

preprocessing step. Applying DMLMJ resulted again in an increased identifi-

cation of cell phylogeny (SI Fig. 2). Optimizing the distance metric without

transforming the data resulted in the best performance for dataset 1 (average295

accuracy over all communities was 77.7%), while for dataset 2 a combination of

asinh and DMLMJ resulted in the best predictions (which resulted in an average

accuracy over all communities of 88.6%). We conclude that DMLMJ is able to

capture the similarity between examples of the same phylogeny and gave rise

to a linear transformation of the data resulting in an improved classification of300

single cells. Note that preprocessing the data with asinh improved k-NN classi-

fication considerably for both datasets when Euclidean distances were used.

Next, the dependency on a specific microbial community of DMLMJ was
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evaluated in the so-called transfer learning setting. In other words, we evalu-

ated the capability of an optimized distance metric to quantify distances between305

cells of communities that have not been seen during the determination of the

Mahalanobis distance metric during training. Two types of experiments were

conducted, the so-called partial transfer learning setting using DMLMJ (partial

T-DMLMJ) and the transfer learning setting using DMLMJ (T-DMLMJ). Both

experiments started from the same test sets as created in the previous experi-310

ment for S = 10, denoted as the target communities (we have 10 in total). For

the first experiment, one microbial population was randomly eliminated in an

incremental way until only two microbial populations were left. A Mahalanobis

distance metric was determined using DMLMJ at every step using the popu-

lations that were present in the reduced communities. If we let T denote this315

number, then T quantifies the number of common populations in the reduced

and target communities and ranges from nine to two. This means that sin-

gle cells in the target communities were classified using a k-NN classifier that

uses a Mahalanobis distance metric based on a reduced number of bacterial

populations. For the T-DMLMJ setting, a Mahalanobis distance metric was320

determined using microbial populations of which none was part of the target

communities. For dataset 1, as the target communities contained ten bacterial

populations, the left-out populations were used to determine the distance metric

through DMLMJ for T = 2, ..., 10 (as there are 20 in total). For dataset 2 these

were chosen at random for every community. Results are shown in Fig. 2.325

When T was large enough, the accuracy remained stable. The classification

accuracy for T-DMLMJ was comparable to (dataset 1) or slightly lower than

(dataset 2) than that of the partial T-DMLMJ setting. Results for both partial

T-DMLMJ and T-DMLMJ were slightly lower than or comparable to those of

the DMLMJ setting (see T = 10 in Fig. 2, as in this case the partial DMLMJ330

setting is the same as for S = 10 in Fig. 1). Large variability in performance

was reported for T = 2 in dataset 2. This indicates that the learned distance

metric depends on the community. As T increased, performance increased and

variability decreased, indicating that DMLMJ for this setting became indepen-
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(a) Dataset 1: In silico bacterial communities
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(b) Dataset 2: In silico autofluorescent micro-

bial communities

Figure 2: Classification accuracy of k-NN classification for ten target communities each con-

taining ten microbial populations, in which the distance metric was determined using only a

subset of the microbial communities present (partial T-DMLMJ) or a set of microbial commu-

nities of which none was part of the target community (T-DMLMJ). Data was first transformed

using f(x) = asinh(x). Each boxplot displays the 25% and 75% quartiles of the classification

accuracy, of which the whiskers extend the range to maximal 1.5 times the interquartile range.

Points that lie outside this range are visualized as outliers.

dent of the microbial community and thus useful for communities that contain335

a larger number of microbial populations. These empirical results confirm that

DMLMJ results in an optimized distance metric that does not depend on a spe-

cific community, and is therefore generalizable to other communities that have

been measured by the same experimental setup.

3.2. Application 2: Mass cytometry340

DMLMJ was evaluated for three mass cytometry (CyTOF) datasets. Data

were first split in a training and test set using stratified sampling, as cells are

unevenly distributed over the different cell populations. We determined a Ma-

halanobis distance metric based on the training sets in function of the average

F1-score over all cell populations (i.e., the macro-average). Performances of345

k-NN classification were reported for the test sets (Fig. 3). Using a Maha-
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lanobis distance metric improved the performance of k-NN classification when

compared to that of the Euclidean distance metric. The average increase for

the Levine 32dim-dataset was 2.6%, for the HMIS-2 dataset 6.3%. The average

F1-score dropped for the Levine 13dim-dataset, although the median was higher350

(91% versus 86.5%). This is due to the fact that most cell populations resulted

in a better identification, but a few of them returned low identification scores,

resulting in a lower average F1-score.
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Figure 3: F1-score with and without the use of DMLMJ using k-NN classification of single-cell

labels for CyTOF data. Boxplots show the distribution of F1-scores per dataset and per cell

population, in which each cell population is represented by a black dot. Each boxplot displays

the 25% and 75% quartiles of the F1-score, of which the whiskers extend the range to maximal

1.5 times the interquartile range. Points that lie outside this range are visualized as outliers.

In order to evaluate the effect of a Mahalanobis distance metric on an un-

supervised analysis of CyTOF-data, we performed an additional unsupervised355

analysis of the HMIS-2 dataset. We first analyzed the samples that were diag-

nosed Crohn’s Disease (CD, n = 14) using the clustering algorithm PhenoGraph.

Each sample was first split in a training and test set. A Mahalanobis distance

metric was determined for each sample separately, and used to transform the

data of all other samples. In other words, a distance metric, determined using360

one sample, was used to quantify distances between cells for all other samples

(the T-DMLMJ setting). Cells were clustered using PhenoGraph, and cluster-
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ing results were evaluated using the V-measure, which lies between zero and

one, in which a score of one equals ‘perfect’ clustering (Fig. 4A). Clustering was

compared with samples analyzed using the Euclidean distance metric (Fig. 4A,365

last column). The clustering performance improved when using a Mahalanobis

distance metric, both in the DMLMJ and T-DMLMJ setting (Fig. 4B). The

reason for the improvement can be attributed to the number of clusters that

are automatically determined by PhenoGraph (Fig. 4C). Although DMLMJ re-

sulted in a lower number of variables compared to the original representation of370

the data, PhenoGraph will automatically detect more clusters compared to the

use of the Euclidean distance metric.

We also assessed whether the use of DMLMJ improves the statistical power

upon discriminating between samples which have been diagnosed with CD and

a control (CTRL, n = 14) group. Samples from both groups were concate-375

nated and cells were clustered using PhenoGraph. We determined the relative

cell counts per cluster and sample, and tested for statistical differences using

the Mann-Whitney-U test. P -values were adjusted using Benjamini-Hochberg

correction. Data was analyzed using the Euclidean distance metric and using

the Mahalanobis distance metric based on DMLMJ, which was applied for six380

different samples chosen at random (SI Figs 3 and 4). While the number of

clusters that were retrieved was of the same order (sometimes higher, some-

times lower) compared to the use of the Euclidean distance metric, we always

retrieved the same or more clusters that revealed statistically significant differ-

ences (P ≤ 0.05) between the CD and CTRL group.385

We also evaluated the use of t-SNE on the test sets of the Levine 13dim-

dataset and Levine 32dim-dataset, with and without the use of DMLMJ to

visualize the data (SI Figs. 5-7). t-SNE was able to return a clear visualiza-

tion of most cell populations without the use of DMLMJ, although we note

that DMLMJ improved the visualization to some extent. This was for exam-390

ple reflected in the visualization of megakaryocyte and erythroblast cells, which

were more separated for the Levine 13dim dataset. In general, we note that

separation between large cell populations that were already separated improved
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Figure 4: Summary of clustering results using PhenoGraph. A: Heatmap displaying V-

measure results, in which each element Vij corresponds to an analysis in which sample j

was transformed by DMLMJ based on sample i. The column ’E’ contains clustering re-

sults using the Euclidean distance metric. B: Boxplots showing the distribution of of the

V-measure, using the Euclidean distance metric, DMLMJ (diagonal elements of the heatmap)

and T-DMLMJ (the non-diagonal elements of the heatmap). C: Boxplots showing the distri-

bution of the number of clusters that are detected per sample using PhenoGraph, using the

Euclidean distance metric, DMLMJ (diagonal elements of the heatmap) and T-DMLMJ (the

non-diagonal elements of the heatmap). Each boxplot displays the 25% and 75% quartiles of

the V-measure or number of clusters, of which the whiskers extend the range to maximal 1.5

times the interquartile range. Points that lie outside this range are visualized as outliers.

slightly because of DMLMJ.

4. Discussion395

More advanced distance metrics have been applied to cytometry data, but

only to define distances between samples. Examples of these are the quadratic

form (QF) distance [40, 41] and the Earth Mover’s distance (EMD) [42]. To
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the best of our knowledge, the use of more advanced distance metrics to de-

fine distances between single-cell measurements remains relatively unexplored400

in the field of cytometry. Most algorithms make use of the Euclidean distance

metric to define a distance between two cells. A few studies have discussed

the impact of alternative distance metrics for automated cell population iden-

tification, but only briefly. For example, Van Gassen et al. reported that the

Euclidean distance metric gave the best results compared to the Manhattan and405

Chebyshev distance metrics for the FlowSOM algorithm [9]. Boddy et al. noted

that a Mahalanobis distance metric consistently resulted in a 4% increase in

terms of the classification accuracy compared to the weighted Euclidean dis-

tance metric for the classification of phytoplankton single cells using neural

networks [43]. Pouyan & Nourani proposed a more advanced distance metric410

based on Random Forest graphs, showing that their distance metric improved

k-NN classification compared to the use of the Euclidean or Manhattan distance

metric [13]. Pouyan & Kostka proposed an extension of the previous model for

the analysis of single-cell RNA sequencing data [44]. Kim and colleagues showed

that the correlation-based similarity measures improved the automated cluster-415

ing analysis compared to the distance-based similarity measures for the analysis

of single-cell RNA sequencing data [45].

In this paper, we evaluated and quantified the usefulness of a Mahalanobis

distance metric for the analysis of data originating from two different cytom-

etry applications. We determined the coefficients of the Mahalanobis distance420

metric using Distance Metric Learning through Maximization of the Jeffrey di-

vergence (DMLMJ). This method makes use of single-cell labels to determine

a Mahalanobis distance metric in a data-driven way. DMLMJ was compared

to the use of Euclidean distances for k-NN single-cell classification. We first

showed that the performance of a distance-based method such as the k-NN425

classifier can be improved by employing an appropriate distance metric. Next,

we tested whether a Mahalanobis distance metric, which is determined using

a specific sample, can be used for the analysis of additional samples that have

been measured by the same experimental setup. This property can be relevant
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for different cytometry experiments. For instance, in the field of synthetic mi-430

crobial ecology, researchers have knowledge of bacterial populations that are

present in the experiment [46], and are able to measure their individual cyto-

metric profile at the start of their experiment [14]. These data can then be used

to perform distance metric learning, from which the resulting distance metric

can subsequently be included in the analysis of the dynamics of the respective435

community. We used all variables for the Rubbens2017 dataset, for which we

know that a number of them are redundant. Yet, previous work has shown that

correlated variables, due to spillover, can assist in the discrimination between

bacterial populations [27]. Therefore, DMLMJ results in a better identification

of single cells, as it intrinsically performs a linear transformation of the data,440

in which only interactions between relevant variables are included. To illus-

trate this, we have included an example of a metric determined by DMLMJ

(SI Fig. 8). When organisms contain autofluorescent properties, which is the

case for the Sgier2016 dataset, researchers might not know which detectors to

include in their analysis. Distance metric learning can offer a way to decide445

this automatically. Another important difference between these two datasets is

the origin of the studied species. A large part of the studied populations of the

latter consists of phytoplankton species, of which the cells are typically larger

than those of bacterial populations. Therefore, their expression of scatter and

fluorescence signals is also higher. This might explain why the asinh is not nec-450

essary to perform DMLMJ for the first dataset, while it is for the second. Note

that the identification of microbial populations considerably improved for both

datasets when we applied the asinh transformation as a preprocessing step.

Cytometry by Time-Of-Flight (CyTOF) is often applied using different ma-

chines and for various subjects. In case a supervised classification method breaks455

down due to variability between samples, an appropriate distance metric deter-

mined by DMLMJ can still be used to improve downstream cluster analysis. We

have evaluated this in a clustering setting, in which a Mahalanobis distance met-

ric was determined using one sample, and used for a clustering analysis for all

other samples using the PhenoGraph algorithm. We have shown that DMLMJ460
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is robust for inter-subject variability and increases the cell population identifica-

tion using PhenoGraph at the same. The reason for this is that, while DMLMJ

results in a reduction of the number of variables, the number of clusters that are

detected by PhenoGraph increases at the same time. Distance metric learning

can therefore provide an alternative way to incorporate pre-existing knowledge.465

When cell population annotation is available for at least one sample, this in-

formation can be included in automated cell annotation techniques to analyze

samples that have been studied with the same experimental setup. Naturally, as

with any semi-supervised or supervised technique, the performance of distance

metric learning depends on the quality of the annotated dataset. We also tested470

whether the use of DMLMJ resulted in more cell populations that captured

statistical differences between a disease and control group analyzed by the same

experimental setup. We conclude that in some cases additional cell populations

gave rise to statistical differences, but it is not the case for any situation. How-

ever, statistical power never degraded. Future research will therefore focus on475

the evaluation of alternative distance metrics and their impact on downstream

statistical analyses.

The cytometry applications studied in this research are related but quite

different at the same time. Microbial FCM is characterized by the analysis of

small particles, as bacterial cells are often orders of magnitude smaller in both480

size and volume compared to human eukaryotic cells. In addition, due to the

high diversity of microbial communities, no general antibody-based panels have

been established for microbial cells [47]. Therefore, one has to rely on general

DNA stains, for which multicolor approaches are limited [48]. This results in

few targeted detectors, resulting in overlapping cell populations, as the number485

of bacterial populations is typically larger than the number of differentiating

signals. This is why the performance for synthetic microbial communities is

lower compared to performances reported for CyTOF data. As cells for the

latter are described by a lot more variables, many more cell populations can be

separated.490

To conclude, the performance of distance-based data analysis techniques
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depends on the used distance metric. Distance metric learning provides a so-

lution to improve their performance when some supervised information, in this

case single-cell labels, is available. DMLMJ allows to estimate a Mahalanobis

distance metric in a data-driven way, which improves the performance of au-495

tomated cell population identification using both classification and clustering

algorithms.
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