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1 | INTRODUCTION

Acute lymphoblastic leukemia (ALL) is the most common pediatric
cancer, with T-cell acute lymphoblastic leukemia (T-ALL) comprising
15% of all newly diagnosed ALL cases in pediatric patients. The event-

free survival rates (EFS) have been steadily increasing and now exceed
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Abstract

T-lineage acute lymphoblastic leukemia (T-ALL) accounts for about 15% of pediatric
and about 25% of adult ALL cases. Minimal/measurable residual disease (MRD)
assessed by flow cytometry (FCM) is an important prognostic indicator for risk strati-
fication. In order to assess the MRD a limited number of antibodies directed against
the most discriminative antigens must be selected. We propose a pipeline for evalu-
ating the influence of different markers for cell population classification in FCM data.
We use linear support vector machine, fitted to each sample individually to avoid
issues with patient and laboratory variations. The best separating hyperplane direc-
tion as well as the influence of omitting specific markers is considered. Ninety-one
bone marrow samples of 43 pediatric T-ALL patients from five reference laboratories
were analyzed by FCM regarding marker importance for blast cell identification using
combinations of eight different markers. For all laboratories, CD48 and CD99 were
among the top three markers with strongest contribution to the optimal hyperplane,
measured by median separating hyperplane coefficient size for all samples per center
and time point (diagnosis, Day 15, Day 33). Based on the available limited set tested
(CD3, CD4, CD5, CD7, CD8, CD45, CD48, CD99), our findings prove that CD48 and
CD99 are useful markers for MRD monitoring in T-ALL. The proposed pipeline can

be applied for evaluation of other marker combinations in the future.

KEYWORDS
CDA48, CD99, feature importance, flow cytometry, minimal residual disease, support vector
machine, T-lineage acute lymphoblastic leukemia

85% in many contemporary clinical trials [1-3]. The success can be
partly attributed to the development of a risk stratification approach
to identify patients at high relapse risk. Once relapsed, the survival
rate drops below 25% [4]. Hence, there is an urgent need to identify
patients at high risk for relapse. In contrast to B-cell precursor acute
lymphoblastic leukemia (BCP-ALL), new biological insights in T-ALL
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have scarcely been incorporated into current protocols, and risk strati-
fication relies mainly on response to treatment. Measurable residual
disease (MRD, defined as the residual leukemic burden at specific time
points during intensive therapy, is the single most powerful high-risk
factor in acute leukemia, including T-ALL [5, 6]. Nowadays, real-time
guantitative  polymerase chain reaction-based methodology
(PCR-MRD), as well as multicolor flow cytometry (FCM-MRD), are
used for MRD assessment in the clinical setting [5]. FCM-MRD is
based on the discrimination of normal and leukemic cells due to
aberrant expression of specific antigens on T-ALL blasts (leukemia-
associated immunophenotype, LAIP). Since immature T-cells are nor-
mally not present in peripheral blood (PB) or bone marrow (BM), the
leukemic cells can be discriminated from the mature T-cells and Natu-
ral killer cells (NK-cells) [7]. Several leukemia-associated immunophe-
notype (LAIP)s for mostly immature blasts have already been
described, such as the dual positive or negative expression of CD4
and CD8 [8, 9] or their isolated single expression, expression of CD34
[9, 10], aberrantly dim/negative or heterogeneous expression of
CD45 [9, 11, 12], co-expression of CD56 [9, 13-15] or overexpres-
sion of CD7 [9, 16, 17]. In addition, T-ALL blasts display a 7.7 times
higher median CD99 expression than normal T-cells from within the
same sample [18] and in a study from the Children's Oncology Group
(COG), reduced expression of CD48 has been recognized useful for
FCM-MRD assessment in T-ALL [7, 19]. We, therefore, aimed to
assess the contribution and relevance of these markers for discrimina-
tion of T-ALL blasts.

1.1 | Problem description

Often, only a limited number of antigens are used for MRD assess-
ment in T-ALL, and their expression (levels) may vary during the
course of therapy. In particular, immature antigens (such as TdT and
CD99), which distinguish between leukemic and mature cells at diag-
nosis, are often affected by such expression changes [18, 20]. Espe-
cially T-ALLs that show expression of surface CD3 can often be
particularly challenging with respect to MRD assessment. Therefore,
the identification of new antigens that complement those currently in

use is highly desirable.

1.2 | Research questions and contribution

In this work, we assess the relevance of eight markers for MRD assess-
ment (Table S1) in pediatric T-ALL patients, based on those markers
used by large international consortia in clinical practice for T-ALL MRD
[7, 21]. We focus on identifying which markers provide crucial informa-
tion for the separation of normal and leukemic cells, and the impact of
omitting certain markers. Additionally, we examine the influence of
sampling time point and EGIL stage [22] on marker relevance, and
explore the gain of using CD45 in the presence of CD48. Our contribu-
tion includes the importance analysis of these markers and the proposal

of a pipeline for evaluating cell population classification in FCM
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samples, addressing cross-patient and cross-laboratory variations, and

accounting for class imbalance in MRD blast classification.

2 | RELATED WORK

Hoffmann et al. [23] used logistic regression to assess marker combi-
nations for diagnosing B-cell chronic lymphocytic leukemia (B-CLL)
using FCM samples. This method cannot be applied to assess feature
importance for MRD determination, as MRD requires classifying indi-
vidual events within FCM samples.

EuroFlow [24] developed unsupervised and supervised methods
to linearly project FCM samples into a 2D space using principal com-
ponent analysis [25] and canonical correlation analysis [24, 26],
respectively. These methods assess marker importance by evaluating
the contribution of individual markers to the linear projection. How-
ever, these approaches are only suitable for consistently standardized
FCM databases, which is not the case for our data.

Linear support vector machine (LSVM) has been previously used
for FCM sample analysis, such as the approach proposed by Qiu [27]
that achieved high accuracy in rare cell identification. This approach
fits LSVM to each sample individually to account for inter-laboratory
differences (batch effects).

Guyon et al. [28] employed support vector machine (SVM) to
evaluate gene importance in cancer classification. Our measurement
of FCM marker importance is based on the same idea, where the
weights assigned to the hyperplane in the SVM model reflect feature

importance for classification.

3 | METHODS

We operate on single FCM samples, described by a set of events
EcRN*M. N defines the number of events (50— 500 x 10°) and M
denotes the number of markers. For each sample, a ground truth vec-
tor t of length N exists, which defines each event's class membership
(blast or non-blast). We aim to assess the feature importance of the M
markers for separating the events corresponding to their class in t.
SVM is utilized for this goal.

3.1 | Feature importance with SVMs

In brief, SVMs aim to separate two groups of observations by search-
ing for a direction in the feature space that maximizes the distance
between the closest observations of both groups [29]. (For further
details on the SVM, the reader is referred to 6.1.1 in the supplemen-
tary information.) Since linear SVM discriminates along the direction
of greatest margin between the closest observations of both classes,
the coefficients of the hyperplane can be utilized to gauge the impor-
tance of each feature [28]. The larger g; the more relevant is feature i
in the decision function. Only LSVM directly indicate the feature
importance in the coefficient vectors [30].
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FIGURE 1 Two possible separating hyperplanes of a support

vector machine that highlight the importance of feature selection
when assessing feature importance. The left plot depicts the
separating hyperplane with the widest margin. The right plot depicts
another separating hyperplane. Feature (A) and (B) are both capable of
separating the classes correctly, though Feature (B) is considered a
strong separator due to the wide margin on the left plot in contrast to
the margin on the right plot. [Color figure can be viewed at
wileyonlinelibrary.com]

Figure 1 demonstrates how feature importance can be inferred
from the hyperplane direction. This approach only considers each fea-
ture's influence on the direction of the widest separation between
classes and may not account for other directions that rely on other
features. For instance, in Figure 1, Feature A separates well, but has a
low hyperplane coefficient in the left plot, since it only barely contrib-
ute to the separation direction with widest margin. This example high-
lights the importance of considering different combinations of
features to assess the feature importance based on the hyperplane

coefficients.

3.1.1 | Choosing linear SVM for blast cells
separation assessment

Asking for linear separability can be an unnecessary restriction in
many machine learning problems, but can be beneficial in certain
problems. For the reasons mentioned below, LSVM was chosen in this
study to assess the significance of the marker:

1. The direction of the SVM's separating hyperplane in the feature
space can be directly used to assess the importance of individual
features. The hyperplane coefficient vector can be interpreted as
the gradient of the quadratic cost function [28] and therefore indi-
cates directions of greatest sensitivity to data perpetuations. In
addition, projections of the individual observations on the linear
hyperplane can visually express the separability of a sample in an
interpretable way. In contrast to random forest (RF) [31], where
the feature importance is based on the impurity decrease within
each tree [32] and therefore can be more difficult to interpret.

2. We aim to assess the usefulness of the given markers for blast
identification. It is sufficient to measure the marker importance for
each sample individually. We do not require the model to general-

ize from one FCM sample to others (which is especially difficult

due to patient and laboratory variations). Nevertheless, the model's
capacity must be controlled, since high-capacity models are prone
to overfit a FCM sample, resulting in an unreliable estimation of
the actual significance of the features. Following structural risk
minimization (SRM) [33] we, therefore, opt for a linear model as it
allows to fit each sample individual while still obtaining reliable
importance scores.

3. Detecting MRD is a classification problem with high imbalance. In
our dataset, some samples have only about 30 blasts, which leads
to a scarcity of data points. Consequently, low-capacity models like
linear models are preferred for evaluating feature importance,
despite the possibility of a true decision boundary of higher-order.
A low-capacity model allows us to reliable estimate the feature
importance on individual samples and account for the limited num-
ber of blast cells.

4. LSVM is considered to be robust to outliers since it is only sensi-
tive to the data points closest to the decision boundary. In con-
trast, logistic regression, another linear classification method,
considers all data points and can be stronger influenced from out-
lying data points (See 7.1.2 Relation to logistic regression in
Reference [34]).

3.2 | Assess separation

As we aim to identify a small amount of blast cells in the whole popu-
lation, an imbalanced binary classification problem is faced. Therefore,

the evaluation focuses on the precision, recall, and F1-score to assess

the separation of the blast cells. The precision

true positives
true positives + false positives
_ correctly identified blast cells
" correctly identified blast cells + wrongly classified non-blast cells’

&)

Precision =

defines, in the context of blast cell classification, the proportion of
correctly identified blast cells among all identified blast cells. The

Recall

true positives
true positives + false negatives
B correctly identified blast cells
" correctly identified blast cells + not identified blast cells’

Recall =

2

provides the ratio of correctly identified blast cells to all blast cells. A
recall score of one indicates that all blasts have been identified. How-
ever, this also holds if a classifier simply predicts all cells as blast cells.
Therefore, F1-score

Precision x Recall
Fl=2x Precision + Recall’ (3)

is used to seek a balance between recall and precision.
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4 | EXPERIMENTS

In this section, the used datasets and the experiment setup are

described as well as the results are presented.

4.1 | Datasets

We collected 91 leukemic blast-positive samples from 43 pediatric
T-ALL patients recruited by five distinct national reference laborato-
ries. Sampling and research were approved by local Ethics Commit-
tees, and informed consent was obtained from patients or patient's
parents or legal guardians according to the Declaration of Helsinki.
The samples were submitted for FCM diagnostics in pediatric leuke-
mias and MRD monitoring and were collected at the time of diagnosis
(Day 0) as well as during or after induction therapy (Days 15 and 33)
of a Berlin-Frankfurt-Munster (BFM)-type protocol (Table S4 for the
number of samples per day and EGIL stage). Local operators anno-
tated all samples with respect to MRD (see Figures S1 and S2 for
more information about the distribution of the amount of MRD in our
data and see Tables S1-S3 for additional insight on the used clones
and fluorochromes.)

All samples have been compensated and in principle manual gat-
ing was performed as follows: Debris was excluded via side scatter
(SSC) and forward scatter (FSC) gating and singlets were selected
using FSC-A/FSC-H gating. Nucleated cells were selected based on
Syto41 positivity (if included in the panel). The best separating marker
combination was used to define MRD within the CD7 positive com-
partment (CD7+). We constructed the largest set of common markers
among all samples from all laboratories. These markers are referred in
the following as default marker set and consist of CD3, CD5, CD7,
CD45, CD48, CD99. As described in Table S1, an extended marker
set is defined, which includes the additional markers CD4 and CD8.
Samples with the extended marker set were available from only three
of the five laboratories. See Section 6.2.1 for further information on
the individual datasets as well as Table S3 for information on the used
antibody clones.

maximized separation by SVM

m markers

)
[ |
fcos Jooo | 1. [ [ [

k combinations

—_—
o
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42 | Setup

To account for differences in the data due to antibody clone choice,
used FCM, or gating strategy of different operators we process each
sample separately. By avoiding to combine events from different sam-
ples we ensure that we measure how good specific markers serve as
separators only in relation to the other markers in the given sample.
This sample-wise processing also ensures that samples with a low
number of events are not disregarded, as each sample equally contrib-
utes to the obtained results. In addition, individual processing of each
sample followed allows parallelization and of cache the calculations of
different samples, before the aggregated results are obtained. We
conducted the following experimental setup, in which, for each FCM

sample, the following steps are performed (as depicted in Figure 2):

1. To investigate the effects of different markers on the separability,
different subsets of the data are considered. k combinations of
markers are constructed from the initial set of m markers. In each
combination, 1-3 markers of the initial set are left out. For
instance, one subset can contain all markers except CD48 to mea-
sure the impact of omitting CD48.

2. All events outside the CD7+ gate are omitted, since we are only
interested in feature importance related to T-ALL specific events
and not related to discriminant more general cell groups as per-
formed by the initial gates. The operators provide the CD7+ gate
in the ground truth.

3. The remaining events are fitted k times (for each of the k marker

combinations) with a linear SVM.
From these computations the following information is obtained:

o For each sample, the direction of the separating SVM hyperplane is
retrieved to infer the importance of each marker for this separa-
tion. As shown in Equation 4 for each marker i of all p markers the
normalized parameter value j; is computed. j; € [0,1] therefore

expresses the influence of the ith marker for the separation. Such
that ;=0 indicates that the ith marker had no influence on the

hyperplane coefficients

S

fitting F1-score

1) Construct k combinations of
markers

2) Fit linear SVM for each marker
combination

3) Obtain hyperplane coefficients &
F1-score

FIGURE 2 The processing pipeline of flow cytometry sample. k marker combinations are constructed, and for each combination, a linear
support vector machine (SVM) is fitted to the data. The obtained hyperplane coefficient and the fitting F1-score are analyzed in comparison to

the other samples. [Color figure can be viewed at wileyonlinelibrary.com]
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separation and that ﬂA,:l describes that the ith marker entirely

separates the data.

e For each fit, the F1-score is obtained, which serves as a metric to
rate the fit quality. It, therefore, allows measuring the impact of
leaving out one marker e.g. CD48 on the sample fit quality.

43 | Results

The results are considered from three different perspectives: First, the
parameters of the separating SVM hyperplanes are evaluated. Then
the impact of omitting markers on the fitting quality is investigated,
followed by the visualizations of the separability of the hyperplanes

on a single sample level.

43.1 | Hyperplane direction

Figure 3 depicts the normalized parameters of the separating linear
SVM hyperplane of each sample using the default marker set. The
markers are ordered by their median parameter size. For all five data-
sets, CD48 is among the top two parameters with the largest median
coefficient. This means that it strongly contributes to the direction of
maximized class separation. CD99 is among the top two parameters
in Vienna, Padova, and Petah Tikva datasets and third place in the
Monza and Prague dataset.

Figure 4 shows the impact of omitting markers on the hyperplane
parameters. The top three normed hyperplane parameters are com-
pared among the k different combinations of omitted markers. Omit-
ting CD48 clearly increases the parameter size of CD45 while
omitting CD45 seems not to affect the parameter size of CD48. If
CD99 and CD48 are removed from the data, CD45 contributes the
strongest to the separating direction. Removing all three markers
(CD45, CD48, CD99) reveals CD3 and CD5 as the markers with the
strongest contribution among the default marker set.

4.3.2 | Fitting quality

To measure the impact of individual markers on the separation quality,
we measure the Fl-scores of the fitted hyperplane for each FCM
sample. Figure 4 shows the fit F1-scores of all samples compared
among the k different marker combinations. The violin plots are
ordered by the median F1-score. The best median F1-score is
achieved when all markers of the default marker set are present. The
worst median F1-score is obtained when CD48, CD99, and CD45 are
omitted. The exact values can be derived from Table S5.

433 | Extended marker set

As stated in Table S1 three of the five datasets also share two addi-
tional markers CD4 and CD8, which forms the extended marker set.
We reevaluated all experiments on this extended marker set and com-
pared the results to the default marker set. Figure S3 depicts the
parameters of the separating hyperplane of each sample using
the extended marker set. The additional markers CD4 and CD8 are
considered individual and combined. CD48 is among the top two
parameters with the largest median coefficient for all three datasets.
Figure S5 shows the fit F1-scores of the samples using the extended
marker set. Nearly the same order of the violin plots as in Figure S4 is
present. Only the violin plots of “w/o0 CD45” and “w/o CD5” changed
their position. Including CD4 and CD8 generally did not change the

result's main takeaways, neither as simple markers nor in combination.

434 | Influence of acquisition time point

Since the obtained data contains measurements from several acquisi-
tion time-points the results were analyzed regarding dependence on
the acquisition day. In Figure 5 the normalized hyperplane coefficient
values of all samples separated by acquisition day using both marker
sets are displayed. Regardless of the acquisition time-point CD48 and
CD99 are among the top two markers. The fit F1-scores divided per
sampling time point is depicted in Figure 6. In general, marker omis-
sion reduces the fit F1-scores less on Day 0, than on Days 15 and
33, indicating that blast event separation is easier at diagnosis. For
both marker sets, throughout all analyzed time points, omitting CD48,
CD99, and CD45 show the strongest decline in median fit F1-score.

4.3.5 | Influence of maturation stage

Flow MRD can be influenced by stage of maturation. We categorized
the samples into 3 categories according to EGIL stage [22] (T-I-l, T-llI,
T-1V) and analyzed the results regarding dependence on the EGIL
stage. Due to the small sample size, data from EGIL T-I and T-Il were
combined in the study. In Figure S6 the normed hyperplane coeffi-
cient values of all samples separated by EGIL stage using both marker
sets are displayed. Regardless of the stage CD48 and CD99 are
among the top two markers.

5 | DISCUSSION

Across laboratories, different panels are utilized for MRD assessment
in T-ALL, which makes it difficult to compare results among laborato-
ries. Since immature T-cells are normally not present in PB or BM a
combination of immaturity markers with mature T-cell markers can be
used for T-ALL MRD detection [35, 36]. However, the used panels
often rely on a relatively small number of antigens, of which not all

are stable during therapy [7, 18]. Phenotypic shifts can occur, which
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FIGURE 3 CDA48is always among the markers with top two largest hyperplane parameters. Higher values indicate a stronger contribution to
the direction of maximized class separation. The Figure shows violin plots with boxplots of the normalized hyperplane parameters ordered by
median using the default marker set. (A) All 91 samples. (B) The 51 samples of the Vienna dataset. (C) The 8 samples of the Monza dataset.

(D) The 8 samples of the Prague dataset. (E) The 7 samples of the Padova dataset. (F) The 17 samples of the Petah Tikva dataset (see Figure S3
for the same plot on the extended marker set). [Color figure can be viewed at wileyonlinelibrary.com]

urges the use of broader panels to avoid false negative MRD results
[20, 36]. While the occurrence of phenotypic shifts during leukemia
treatment is well described for B-cell acute lymphoblastic leukemia
(B-ALL) [37, 38], less literature exists on early phenotypic shifts in
T-ALL [18, 39]: Roshal et al. [20] reports that markers of immaturity
such as TdT and CD99 decline on leukemic cells during therapy. In
contrast, Janelitiniené et al. [39] observed that the TdT and CD99
mean fluorescence intensity (MFI) of blast cells fluctuate but are
always higher than in normal T-cells. Several markers and their combi-
nation, including TdT, CD99, CD7, CD4 & CD8, CD3, CD5, and CD45
have been established as suitable for MRD assessment in
T-ALL [9, 20].

The deployment of TdT is technically complicated by requiring
intracellular staining and is, therefore, less often used compared to
surface-only approaches [9, 40, 41]. In addition, TdT is not applicable
for all T-ALL patients for MRD assessment [18, 42].

Dworzak et al. [18] discovered that CD99 has in median 7.7 times
higher expression on T-ALL blasts than on normal T-cells from within
the same sample. Enein et al. [36] showed that CD99 was expressed
in all T-ALL patients with a higher median expression level compared
to age and sex-matched healthy control patients, making it therefore
especially attractive for MRD assessment.

The T-cell marker CD7 is stable across therapy. It appears at the
earliest stage of T-cell development and is almost always expressed
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on T-ALL blasts [16, 17]. Therefore in most gating strategies related
to MRD in T-ALL, CD7 is used for the initial gating of cells of the
T-cell lineage. In addition, CD7 is often overexpressed in T-ALL and,
together with CD99, can help to identify MRD. Weak(er) expression
of CD45 (compared to the normal lymphocytic counterparts) is a hall-
mark of ALL cells, including T-ALL blasts [9] although in general B-ALL
blasts express lower CD45 than T-ALL blasts. The weak expression of
CD45 can be used for blast identification, especially in combination
with overexpression of CD99 and/or downregulation of CD5. Never-
theless, blast identification can be difficult in cases with higher CD45
expression as for example in mature T-ALL.

More recently, we implemented CD48 in our panel, an antigen
that has been identified as one of the few antigens that showed con-
sistent differential expression between mature T cells and NK cells in
comparison to T-ALL blasts [7]. In our experience, the CD48 staining
pattern of normal leukocytes is reminiscent of that of CD45. We
found, however, that CD48 was, in most cases, superior to CD45 in
separating blasts from normal T-cells. Nevertheless, those results can
always only be interpreted minding the limited set of available
markers (CD3, CD4, CD5, CD7, CD8, CD45, CD48, CD99) in our
study.

5.1 | Research questions

In the following, we revisit the research questions as formulated in

Subsection 1.2 for further discussion:

1. Which markers and marker combinations allow the best separation

between normal and leukemic T-cell? CD48 has in median higher

. The omission of which markers

hyperplane coefficient values than any other marker except CD99
(Figure 3). This indicates that CD48 is important for the direction
of separating hyperplane that maximizes the margin between both
classes. However, CD48 seems to be also important for the gen-
eral separation performance (Figure S4). Removing CD48 and
CD99 from the available data reduces the F1-score (calculated
from the per-sample fit). Removing CD48 alone does not show a
significant reduction of F1-score but the second greatest reduction
when removing a single marker according to the median value. The
decrease in overall separation performance (measured by
F1-score) when a marker is removed, indicates that this marker
includes essential information for class differentiation that no
other feature implies. It is, therefore, justifiable to state that based
on the given data CD48 benefits the separation of blast cells in
T-ALL samples for MRD assessment. Similar to CD48, the results
show high importance of CD99 for class distinction. CD99 has the
second largest median hyperplane coefficients over all samples
(Figure 3). And, although not significant, removing CD99 shows
the second-largest median decrease in Fl-score among single
marker omission (Figure S4).

separation
significantly? Removing CD45, CD48, and CD99 yields the largest
reduction in median F1-score, followed by either removing CD45
and CD48 or CD48 and CD99 (Figures S4 and S5). Omitting CD3,
CD5 or CDA45 alone shows no reduction in median F1-score. The

worsen the

exact median F1-score values can be derived from Table S5.

. Does the time point of sampling or the EGIL stage [22] influence

the relevance of different markers? In line with [18, 20] a decline
of CD99 on leukemic cells during therapy occurs. However, similar
to the findings in [39] CD99 still retains enough separability on
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FIGURE 5 (CD48 and CD99 are both among the top two markers for all three time points. CD7 shows higher coefficient median values for
Day 0 than Day 15, and Day 33. The CD4 + CD8 combination ranks among top four markers at all time points. The Figure depicts violin plots
with boxplots of normed hyperplane coefficient values separated by acquisition day (rows) of all 91 samples using the default marker set (left
column) and all 65 samples using the extended marker set (right column). [Color figure can be viewed at wileyonlinelibrary.com]

treatment Days 15 and 33 such that it, together with CD48, influ-
ences the direction of greatest separation the most, therefore
remaining the strongest separators throughout all analyzed time
points. While the results in Figure 4 illustrated, that CD3 and CD5
do have the strongest hyperplane coefficients if CD45, CD48, and
CD99 are omitted from the default marker set, we see in Figure 6
that the separation in this case leads on Day 33 to poor (<0.2
median F1 default marker set) median F1 fitting scores. This effect
is less distinct on the extended marker set (<0.5 median F1
extended marker set), which could be an indication that the addi-
tional markers (CD4 and CD8) in combination with CD3 and CD5
are beneficial on Day 33 in absence of CD45, CD48, and CD99.
The analysis of different EGIL stages in Figure S6 shows no con-
trast to the results compiled among all samples. Both CD48 and

CD99 are among the top two markers over all stages.

4. Since CD45 and CD48 show a very similar expression pattern on nor-

mal leukocytes, what is the gain of using CD45 in the presence of
CD48 and vice versa? The results highlight a dependence between
CD48 and CD45. In Figure 4, which displays the top 3 highest median
hyperplane coefficients for different marker combinations, the coeffi-
cient size of CD45 increases if CD48 is omitted from the data. If both
CD48 and CD99 are removed CD45 has the top largest median
hyperplane coefficient size, and this size is significantly greater com-
pared to using all other markers. Removing CD48 harms the F1-score,
while removing CD45 does not harm the fitting F1-score if CD48 is
used (Figures S4 and S5). This indicates that CD48 includes both the
information about the class distinction of CD45 and essential informa-
tion that CD45 does not have. We conclude that both are useful dis-
criminators that should both be utilized if possible. The emerging

growth in deployable panel size on modern cytometers will allow
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FIGURE 6 In general marker omission reduces the fit F1-scores less on Day 0, than on Days 15 and 33, indicating that blast event separation

is easier at diagnosis. The figures shows violin plots with boxplots of the fit F1-scores separated by acquisition day (rows) of all 91 samples using
the default marker set (left column) and all 65 samples using the extended marker set (right column). [Color figure can be viewed at

wileyonlinelibrary.com]

extending established panels with CD48. However, when a choice
must be made, CD48 should be chosen in favor of CD45.

5.2 | Limitations

Since our analysis was conducted under retrospective conditions, the
operators could not be inhibited from using, for example, CD48 during
manual gating. Therefore, the results may be biased toward the opera-
tors' decision to gate the blast populations via specific markers/
marker combinations. Future work could further investigate the
importance of selected markers without using them in manual gating.
The data sets used contain a different number of samples. Further-
more, the centers use varying panel setups with regard to marker

composition and fluorochromes. The choice of the fluorochrome is

certainly important and may impact the separative power of certain
markers. In addition, the study involves different patient cohorts with
heterogeneous immunophenotypes. Therefore, we cannot exclude
center-specific issues. Given the limited number of samples available,
it was unfeasible to perform separate analyses on all the maturation
stages as defined by the EGIL classification, resulting in a consolida-
tion of data from EGIL T-1 and T-II for the study. In addition, the panel
we used for the study does not contain all of the markers that are
reported to be used for MRD assessment in T-ALL. However, our
panel is based on those used by large international consortia in clinical
practice for T-ALL MRD [7, 21] and has already been shown to have a
good predictive power and correlates well with outcome [21].
A future prospective study could investigate the importance also for
those markers that are less common used in clinical practice
for T-ALL MRD.

85UB017 SUOWILLIOD BAIFeR1D 3|l idde 8Ly Ag pausenob afe 9 VO ‘8SN JOS3INI Joj A%Iq1T 8UIIUO AB]IM UO (SUOIPUOD-PUR-SWLSH D" A3 | 1M ARe.q)1)BU1|UO//SANY) SUORIPUOD PUe SWie L 8L} 39S *[5202/90/20] U0 AigiTauliuo A8|IM IR} BUIL00D Aq G082 e 0140/200T 0T/I0p/W0d A8 1M AIq1eUUC//SANY WOl papeojumod ‘T 7202 ‘086725ST


http://wileyonlinelibrary.com

KOWARSCH ET AL.

5.2.1 | Choice of machine learning pipeline

Our study aims to assess the usefulness of given markers for blast
identification. We recognize that generalization is a well-known chal-
lenge in FCM data analysis and assuming linear separability introduces
bias. Our choice of a linear model based on SRM was motivated by
the need to control the model's capacity and prevent overfitting of a
particular FCM sample, which could lead to unreliable feature impor-
tance scores. However, this does not mean that a linear model is the
only viable approach, nor does it imply that generalization is not
important. We do not aim to generalize from one FCM sample to
others, since the aim is not finding stable decision regions across sam-
ples. This does not imply that generalization within a sample is not
important for the task at hand. This means that the variance of the
hyperparameter coefficients should be small if adapted to several ran-
dom event subsets of the same sample (See 6.2. Preliminary Evalua-

tions in Supplementary Information).

6 | CONCLUSION

Based on the limited observed markers, our experiments indicate that
CD99, CD48, and CD45 are all strong discriminators for blast cells
among the CD7+ cell compartment when monitoring MRD in T-ALL.
Although CD99 expression may decline during therapy, it retains
strong separation capabilities. This conclusion does not differ when
analyzing the results per laboratory or maturation stage. The proposed
evaluation pipeline is designed for cross-laboratory MRD assessment,
accounting for the lack of standardization between individual samples.
It can also be used beyond MRD assessment to quantify the impor-
tance of FCM markers for event population separation in other

contexts.
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