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Abstract

Physical cell interactions are biologically relevant, but they are routinely dis-
carded as doublets or multiplets in standard flow cytometry workflows. A recent
clustering-based cytometry framework has instead retained multiplets while
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using non-uniform sampling, or sketching, to preserve rare cell types during
large-scale analysis. However, it remains unclear how well such sampling strate-
gies support downstream recovery of extremely rare events and how reliably
singlets can be distinguished from multiplets. To address this, we compare
leverage-score and geometric sketching for recovering circulating tumor cells
(CTCs) among singlet events, and evaluate whether adding side scatter (SSC)
ratio to forward scatter (FSC) ratio improves singlet/multiplet discrimination
across all events. The analysis comprises 4 blood samples from 3 patients,
ranging from 116,507 to 1,361,065 events each. Geometric sketching yielded
higher CTC recovery on average, particularly in recall, though performance
remained sensitive to sample identity and clustering resolution. FSC ratio alone
provided strong singlet/multiplet separation, while adding SSC ratio yielded
no consistent improvement. These findings highlight the importance of both
sampling strategy and feature selection for extending clustering-based cytometry
to extremely rare events while retaining information beyond singlets.

1 Introduction

Cellular interactions are important for understanding development, homeostatic
function, and pathophysiology of multicellular organisms, shaping processes
from immune activation to tumor progression. Characterizing the frequency,
composition, and dynamics of specific interaction types can reveal disease-
associated alterations, inform patient stratification, and support the monitoring
of therapeutic response. Representative examples include circulating tumor
cell-neutrophil clusters, whose physical association enhances metastatic compe-
tence and has been proposed as a therapeutic target [1], and T cell-tumor cell
conjugates, which are therapeutically induced by bispecific T cell engagers to
promote tumor cell killing [2].

Despite the widespread adoption of single-cell genomics and spatial tran-
scriptomics for dissecting cellular heterogeneity, direct analysis of physically
interacting cells remains limited. Computational approaches such as Cell-
PhoneDB [3] and CellChat [4] infer cell-cell communication indirectly, from
the expression of ligands, receptors, and associated signaling components

284 Proc. 36. Workshop Computational Intelligence, Berlin, 19.-20.11.2026



across cell populations, without confirming physical contact between interacting
cells. Spatial transcriptomics methods [5, 6] preserve spatial context and can
identify neighboring cells, but spatial proximity alone does not establish direct
physical interaction. Moreover, transcriptome-based inference is constrained
by prior knowledge of signaling relationships, whereas high-resolution spatial
approaches involve trade-offs among gene coverage, cell throughput, acquisition
time, and cost.

Flow cytometry [7], by contrast, offers the potential to capture and characterize
physical cell interactions through light scatter properties and surface marker
co-expression at high throughput and comparatively low cost. Standard flow
cytometry workflows, however, are generally centered on the analysis of indi-
vidual singlet cells. This is traditionally achieved through hierarchical gating,
which evaluates one or two parameters at each step [8], or, as panel sizes have
grown, through clustering on the joint feature space [9]. In either case, doublets
and multiplets are routinely excluded as technical artifacts prior to analysis,
discarding potential interaction signal before it is examined. Historically, flow-
cytometric analysis of cell-cell conjugates has instead been applied in targeted
assays designed to quantify specific interaction types [10].

More recently, interact-omics [11] has begun to recover the discarded multiplet
signal. We extend this line of work specifically to the rare-event regime, where
events of interest constitute only a small fraction of all measured events. Because
cytometry datasets can contain large numbers of events, computational pipelines
often perform clustering on a downsampled subset, using sampling strategies
designed to retain rare events, with cluster assignments subsequently extended
to the full event pool [11, 12]. However, it remains unclear how effectively
different downsampling strategies preserve extremely rare events in clinical
flow cytometry.

To examine an extreme rare-event setting, we focus on circulating tumor cells
(CTCs), which can occur at frequencies as low as approximately one cell per 109

blood cells, yet are implicated in metastatic spread and therapy resistance [13].
We therefore compare downsampling strategies for rare CTC recovery among
singlets, and assess whether augmenting clustering with an additional scatter-
derived feature can improve singlet/multiplet discrimination.
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2 Background and Related Work

Hierarchical gating has long been the standard approach for cell population
identification in flow cytometry [14]. However, as the number of measured
parameters increases, hierarchical gating becomes increasingly time-consuming
and difficult to scale [8]. The number of possible bi-axial marker combinations
grows quadratically with panel size. Spectral flow cytometry has enabled panels
of 50 or more fluorescent parameters with instruments recording fluorescence
across dozens to more than one hundred detection channels [15]. At this scale,
comprehensive analysis through sequential bi-axial gating becomes increasingly
impractical. Consequently, high-dimensional cytometry analyses have increas-
ingly adopted clustering-based analytical tools that consider multiple markers
simultaneously [9].

Among the widely used clustering algorithms for this purpose are FlowSOM
[16] and PhenoGraph [17], both of which have been implemented in commonly
used cytometry analysis software. FlowSOM applies a self-organizing map
followed by meta-clustering, whereas PhenoGraph constructs a nearest-neighbor
graph and applies Louvain community detection. Both approaches, however,
have been shown to vary substantially in their ability to resolve rare cell
populations [18].

Cytometry pipelines have long incorporated downsampling strategies to better
preserve rare populations during analysis. SPADE [12], for example, uses
density-dependent downsampling to reduce differences in local cell density,
thereby increasing the relative representation of rare populations prior to clus-
tering. More recently, sketching approaches adopted for large-scale single-cell
genomics have begun to be applied to cytometry data. Interact-omics [11], for
instance, uses leverage-score sketching [19].

Leverage-score sketching [19] and geometric sketching [20] have both been
applied in single-cell genomics to preserve rare populations during downsam-
pling, but rely on contrasting criteria for determining which observations to
retain. Leverage-score sketching, as implemented in Seurat v5 [19], assigns sam-
pling probabilities according to statistical leverage, prioritizing high-leverage
observations and thereby enriching rare populations. Geometric sketching [20],
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in contrast, covers the feature space with equal-volume regions and samples
approximately evenly across them, reducing the dominance of densely populated
regions and increasing the relative representation of sparse populations. Whether
these contrasting sketching strategies reliably preserve extremely rare events in
clinical flow cytometry has not been systematically evaluated.

Beyond this uncertainty in sketching performance, the clustering algorithms
discussed above can also show reduced performance in resolving rare popu-
lations [18]. Moreover, these algorithms are typically applied within cytome-
try workflows that exclude doublets and multiplets through upstream singlet
gating. Interact-omics [11] is a closely related prior approach that recovers
cell-interaction events from cytometry data through clustering, addressing this
multiplet-exclusion gap. The method jointly clusters events using surface marker
expression, light scatter properties, and the forward scatter (FSC) ratio, defined
as FSC-A (area) divided by FSC-H (height). Multiplet events tend to exhibit
higher FSC ratios than singlets, and clusters are subsequently classified based
on the proportion of events above an FSC-ratio threshold.

This framework was primarily validated in immune-cell interaction settings in
which interacting events were considerably more abundant than the CTC events
examined here. Because downstream analysis depends on the events retained
during sketching, it remains unclear whether extremely rare CTC events are
retained sufficiently during sketching to enable reliable downstream detection
after clustering and classification. It has also not been established how FSC
ratio-based classification performs in CTC-containing clinical samples and
whether it can be further refined using additional scatter-ratio features. To
address these gaps, we compare leverage-score and geometric sketching for
rare CTC recovery at both the sketch and full-pool levels. Separately, we test
whether FSC ratio-based singlet/multiplet discrimination is effective in CTC-
containing samples and whether incorporating an additional side scatter (SSC)
ratio improves this discrimination.
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3 Methodology

Dataset
4 samples, 3 patients
AnnData (.h5ad)

Quality Control (QC)
margin, signal stability,

debris, live-cell gates

Leverage-score
QR-based importance downsampling

NumPy

Geometric
PCA-based geometric downsampling

geosketch

Sketching

Clustering
PCA + kNN + Leiden + Cluster labeling (Singlets/Multiplets, CTCs within singlets)

GPU: rapids-singlecell + CuPy

Cluster label extension
LDA: sketch→ full QC-passed event pool

scikit-learn

Figure 1: Overview of the analysis pipeline implemented in Python 3.11. After QC, samples
are downsampled by leverage-score or geometric sketching, projected using principal
component analysis (PCA), represented by a k-nearest-neighbor (kNN) graph, and
clustered using Leiden clustering. Clusters are labeled as singlets or multiplets based on
FSC ratio, with CTCs assigned only within singlet clusters, and the resulting labels are
extended to the full QC-passed pool using linear discriminant analysis (LDA).

3.1 Dataset

The dataset comprises 4 conventional flow cytometry blood samples from 3
patients. These are non-spiked clinical samples, with CTCs present at naturally
occurring frequencies rather than experimentally introduced or enriched. Up to
two longitudinal timepoints per patient were available, spanning several months
to years of clinical follow-up. Samples were acquired on a BD FACSAria
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III Cell Sorter using four lasers (405, 488, 561, and 633 nm). Acquisition
parameters included FSC and SSC area, height, and width measurements (FSC-
A/H/W and SSC-A/H/W), together with three fluorescence channels (CD45-
APC (allophycocyanin), EpCAM-FITC (fluorescein isothiocyanate), and DAPI).
The subsequent analysis workflow, including QC, sketching, clustering, and
cluster label extension, is summarized in Fig. 1.

3.2 Quality Control (QC)

Quality Control (QC) comprised margin dynamic-range event QC, signal
stability QC, a debris gate, and a live cell gate. Margin dynamic-range event QC
and signal stability QC are custom Python procedures inspired by PeacoQC [21],
enabling integration into our analysis workflow.

Margin dynamic-range event QC is applied to untransformed data. Events
within the upper 0.1% of each channel’s range, as specified by the FCS $PnR,
are removed as upper-range events potentially affected by saturation or clipping.
For scatter channels, negative values are also removed, as they are not expected
for raw scatter measurements. For fluorescence channels, negative values are
retained, as they can arise from compensation spread and are required to estimate
the Logicle [22, 23] width parameter (W).

Signal stability QC is applied to transformed data across all channels (log(1+x)
for scatter parameters, Logicle for fluorescence markers). Events are binned by
equal event count to maintain comparable statistical support despite variation
in acquisition rate. Bins whose median differs from the global median by
more than a threshold defined using the median absolute deviation (MAD) are
removed. This captures signal drift and abrupt perturbations associated with
acquisition anomalies such as clogs.

Debris gating excludes events with low forward-scatter signals, which are
more likely to represent cellular fragments than intact cells. In this dataset,
debris exclusion was implemented through an instrument-level FSC threshold
(FSC > 5000) applied during acquisition rather than through an additional
post-acquisition gate.
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Live cell gating retains events with low viability-marker signal. In this dataset,
DAPI was used as the viability marker, with DAPI− events considered live. The
cutoff was determined per sample by one-dimensional kernel density estimation
on the Logicle-transformed DAPI channel and set at the density valley between
the dominant peak and the next sufficiently separated peak.

No further morphological cell gate is applied to avoid removing rare or morpho-
logically atypical events, including CTCs and multiplets, before clustering.

3.3 Sketching

Sketching downsamples the QC-passed pool for each sample to 10,000 events.
This sketch size was chosen to retain sufficient rare events while maintaining
a manageable dataset size for downstream clustering, given QC-passed pool
sizes of up to 1,361,065 events in this dataset. Baseline features comprised raw
scatter parameters (FSC-A/H/W and SSC-A/H/W) and Logicle-transformed
fluorescence markers (CD45-APC and EpCAM-FITC). All baseline features
were standardized (z-scored and clipped to ±10) prior to sketching.

Leverage-score sketching assigns sampling weights based on each event’s
contribution to the linear structure of the data. For the standardized event-by-
feature matrix X ∈ Rn×d , where n and d denote the numbers of events and
features, respectively, a reduced QR decomposition is computed as X = QR,
where Q has orthonormal columns and R is upper triangular.

The leverage score hi of event i is the squared Euclidean norm of the corre-
sponding row of Q, and the normalized sampling weight pi is defined as

hi = ∥Qi,:∥2
2, pi =

hi

∑n
j=1 h j

, (1)

where j indexes all n events. Events are sampled without replacement according
to the weights pi. Leverage scores were computed directly from the reduced
QR decomposition using a custom NumPy-based implementation.

Geometric sketching aims to provide a more balanced representation of sparsely
and densely populated regions of the data. For the standardized feature matrix X,
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PCA is performed using full singular value decomposition (full SVD), retaining
all 8 available components (baseline features) in this study. The resulting
embedding is covered by non-empty, equal-sized axis-aligned boxes,

C= {B1,B2, . . . ,BK}, (2)

where Bk denotes a covering box and K is the number of non-empty boxes. For
the target sketch size of 10,000 events, events are sampled approximately evenly
across the covering boxes, with events selected uniformly within each box. This
reduces the dominance of densely populated regions in the resulting sketch.
Geometric sketching is implemented using the Geosketch package.

3.4 Clustering

3.4.1 Clustering algorithm

Based on the clustering benchmark in Interact-omics [11], Leiden clustering
was selected and implemented in rapids-singlecell with a fixed random
seed for reproducibility.

Features of the sketched events (baseline features + FSC ratio (raw FSC-A / raw
FSC-H)) are standardized (z-scored, clipped to ±10) and a PCA embedding
is computed using full SVD. Given the low-dimensional feature space, all 9
PCs are retained to avoid discarding low-variance structure that may be relevant
to rare populations. PCA therefore acts only as an orthogonal transformation,
preserving Euclidean distances for kNN graph construction.

A k-nearest-neighbor (kNN) graph is then constructed (k = 15, brute-force
search) on this embedding, followed by Leiden clustering with a fixed random
seed. The Leiden resolution parameter controls clustering granularity, with
higher values generally producing a larger number of smaller clusters. For each
sample and sketching method, the same 10,000-event sketch was reused across
three Leiden resolutions (r = 0.5, 1.0, 1.2) to assess how downstream results
depend on clustering granularity.
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3.4.2 Cluster labeling

Singlets and multiplets are distinguished following the FSC ratio-based strat-
egy of Interact-omics [11]. Otsu thresholding is applied to the event-level
FSC ratio distribution across the sketch. In this implementation, a cluster is
classified as a multiplet cluster when at least 50% of its member events exceed
this threshold, and as a singlet cluster otherwise.

CTCs within singlets are identified based on their relative CD45 and EpCAM
expression. Rather than relying on conventional manual inspection of marker
expression [11,16,17], each singlet cluster is assigned a reproducible, rule-based
score derived from its median CD45 and EpCAM expression. Because the two
markers are measured on different fluorescence intensity scales, cluster medians
for each marker are z-scored across singlet clusters within each sample, and a
score is computed as score = zEpCAM− zCD45.

The highest-scoring singlet cluster, representing the strongest relative high-
EpCAM/low-CD45 profile, is designated as the CTC cluster. Using relative
comparisons across singlet clusters within the same sample instead of an abso-
lute threshold makes the approach less sensitive to sample-to-sample variation
in fluorescence intensity while remaining consistent with the CD45−/EpCAM+

CTC phenotype used in this study.

3.5 Cluster label extension

Leiden cluster labels are extended from the sketched pool (n = 10,000) to the
full QC-passed pool (n = N) using linear discriminant analysis (LDA) as in
Interact-omics [11]. The clustering features (scatter channels, marker channels,
and FSC ratio) are standardized using the sketch mean and standard deviation (z-
score, clipped to ±10), and a multiclass LDA classifier is trained to predict the
Leiden cluster labels and is then applied to the non-sketched events. Together
with the original sketch labels, these predictions assign cluster labels across
the full QC-passed pool. Each event inherits the singlet/multiplet label of its
assigned cluster and, within singlet clusters, its CTC label where applicable.
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3.6 Evaluation

3.6.1 Pseudo ground truth

Because no orthogonal confirmation (e.g., imaging-based validation) is available,
hierarchical manual gating in FlowJo (v11) is used as a pseudo ground truth.
The gating hierarchy used to define CTCs and multiplets is shown in Figure 2.
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Figure 2: Manual gating hierarchy for P3 (T1), with representative gating plots for each step:
an initial scatter-based cell gate, followed by singlet gating based on FSC-A vs.
FSC-H, with events outside the singlet gate classified as multiplets. Live cells were
subsequently selected using DAPI− within both the singlet and multiplet branches, and
CD45−/EpCAM+ singlet events were used to define the CTC population.
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4 Results and Discussion

4.1 CTC recovery under QC

The QC pipeline (Section 3.2) is designed to remove technical noise while
avoiding the exclusion of rare or heterotypic events. To assess this, we examine
whether manually gated CTCs are preserved after QC (Table 1). Overall event
retention ranged from 79.8% to 83.4% across the 4 samples, whereas manually
gated CTCs were retained at a higher rate, from 86.9% (73 out of 84) to 100%
(553 out of 553). This indicates that the QC procedure preserved the majority
of manually gated CTCs. Manually gated CTC prevalence ranged from 0.054%
to 0.238% of the QC-passed pool across samples, showing that CTCs constitute
a rare population even after QC.

Table 1: Per-sample event and manually gated CTC counts before and after QC, with retention rates
and post-QC CTC prevalence. (P: patient; T: timepoint; prev.: prevalence)

Sample
Events CTCs

Prev. %
Raw Post-QC (%) Manual Post-QC (%)

P1 (T1) 659,308 526,348 (79.8) 553 553 (100.0) 0.105
P1 (T2) 864,009 712,824 (82.5) 410 387 (94.4) 0.054
P2 (T1) 1,703,663 1,361,065 (79.9) 3,556 3,244 (91.2) 0.238
P3 (T1) 139,716 116,507 (83.4) 84 73 (86.9) 0.063

4.2 CTC recovery through sketching

We compare leverage-score sketching (lev-sketch) and geometric sketching
(geo-sketch) across all 4 samples and 3 Leiden resolutions (r = 0.5, 1.0, 1.2),
yielding 24 scenarios. For each scenario, CTC recovery within singlet clusters
is evaluated after extending sketch-derived cluster labels to the full QC-passed
pool (Section 3.5).
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Cluster-based CTC predictions exceeded manual CTC counts in most scenarios
(20 of 24), although underprediction was observed in four scenarios. The
frequent overprediction may reflect both the conservative nature of hierarchical
manual gating (Figure 2), which requires events to pass a sequence of strict
gating boundaries, and possible overestimation by the clustering approach when
CTC and non-CTC events are grouped within the same cluster. Given this
uncertainty and the rare-event setting, recall and F2 are emphasized to prioritize
successful CTC recovery, while precision and F1 are also reported to capture
potential overprediction. F1 and F2 are defined as

F1 = 2 · precision · recall
precision+ recall

, F2 = 5 · precision · recall
4 ·precision+ recall

, (3)

where F1 balances precision and recall equally, whereas F2 places greater
emphasis on recall and is therefore more sensitive to successful CTC recovery.

Geo-sketch achieved higher full-pool mean and median values than lev-sketch
across every summary metric (Table 2): mean F1 (0.445 vs. 0.370), mean
precision (0.410 vs. 0.338), and mean recall (0.719 vs. 0.465). The gap was
most pronounced for recall, where the median for geo-sketch exceeded the
median for lev-sketch (0.771 vs. 0.363) by more than a factor of two. This
recall-driven advantage was reflected in the larger between-method difference in
median F2 score (0.631 vs. 0.280) than in median F1 score (0.488 vs. 0.227).

Table 2: Mean and median CTC recovery metrics across 12 sample-resolution combinations (4
samples × 3 resolutions), for the sketch and full pool.

Precision Recall F1 F2

Full pool

lev-sketch (mean) 0.338 0.465 0.370 0.409
geo-sketch (mean) 0.410 0.719 0.445 0.541

lev-sketch (median) 0.210 0.363 0.227 0.280
geo-sketch (median) 0.366 0.771 0.488 0.631

Sketch

lev-sketch (mean) 0.322 0.516 0.375 0.433
geo-sketch (mean) 0.347 0.708 0.430 0.536

lev-sketch (median) 0.200 0.488 0.236 0.314
geo-sketch (median) 0.391 0.717 0.483 0.618
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Despite geo-sketch’s higher full-pool averages, lev-sketch showed more extreme
performance, with higher maxima for F1 (0.882 vs. 0.836) and precision (0.857
vs. 0.789), but lower minima for both (F1: 0.000 vs. 0.078, precision: 0.000 vs.
0.041) across all scenarios (Table 3). For recall, geo-sketch had both a higher
maximum (0.953 vs. 0.914) and a higher minimum (0.297 vs. 0.000), although
its range remained substantial. Thus, its higher mean and median recall partly
reflected avoidance of very low-recall scenarios rather than uniformly stable
performance.

Pronounced dependence of recall on resolution was observed more often for
lev-sketch in these samples. In P1, lev-sketch’s recall varied sharply across
resolutions (from 0.604 to 0.119 for T1, and from 0.054 to 0.912 for T2, between
r = 0.5 and r = 1.0), while geo-sketch’s recall remained stable in both (swings
of 0.024 and 0.015, respectively). In P3, lev-sketch’s recall instead declined
monotonically toward zero across resolutions (0.110, 0.068, 0.000), a modest
absolute change in magnitude but a complete loss of recall. At r = 1.2, this
corresponded to complete recovery failure in P3, despite 48 manually gated
CTCs being retained in the lev-sketch (Figure 3). This suggests that rare-event
retention during sketching alone does not guarantee cluster-based recovery. In
P2, however, the pattern was reversed. Geo-sketch recall dropped from 0.906 to
0.297, while lev-sketch remained stable (0.897–0.914).

UMAP1

U
M

A
P

2

P3_outcome
TN (n=9876)
FN (n=48)
FP (n=76)
TP (n=0)

UMAP1

U
M

A
P

2

P2_outcome
TN (n=9559)
FN (n=14)
FP (n=88)
TP (n=339)

Figure 3: Comparison of sketch-level classification outcomes for P3 (left) and P2 (right) using
lev-sketch at r = 1.2, highlighting the complete loss of recall observed in P3 compared
with P2 under the same analysis settings.

296 Proc. 36. Workshop Computational Intelligence, Berlin, 19.-20.11.2026



Sketch-only performance is also examined as a secondary comparison to assess
whether the relative performance of the two sketching methods is preserved
after label extension. For precision and F1, the relative ranking was preserved.
Whichever method scored higher within the sketch also scored higher after
cluster extension, in all 12 paired scenarios. Recall was the exception. In 4 of
the 12 scenarios, lev-sketch had the higher sketch-only recall but was overtaken
by geo-sketch after extension, with no instances of the reverse.

Table 3: CTC recovery performance of geo-sketch and lev-sketch by sample and resolution (Res.).

Sample Sketch Res. TP FP FN Precision Recall F1 F2

P1 (T1)

geo
0.5 420 716 133 0.370 0.759 0.497 0.627
1.0 433 763 120 0.362 0.783 0.495 0.635
1.2 421 575 132 0.423 0.761 0.544 0.656

lev
0.5 334 1350 219 0.198 0.604 0.299 0.429
1.0 66 232 487 0.221 0.119 0.155 0.131
1.2 67 393 486 0.146 0.121 0.132 0.125

P1 (T2)

geo
0.5 369 781 18 0.321 0.953 0.480 0.684
1.0 368 655 19 0.360 0.951 0.522 0.716
1.2 363 489 24 0.426 0.938 0.586 0.756

lev
0.5 21 2493 366 0.008 0.054 0.014 0.026
1.0 353 231 34 0.604 0.912 0.727 0.828
1.2 335 851 52 0.282 0.866 0.426 0.613

P2

geo
0.5 2939 845 305 0.777 0.906 0.836 0.877
1.0 1021 273 2223 0.789 0.315 0.450 0.358
1.2 964 260 2280 0.788 0.297 0.432 0.339

lev
0.5 2910 485 334 0.857 0.897 0.877 0.889
1.0 2965 517 279 0.852 0.914 0.882 0.901
1.2 2957 501 287 0.855 0.912 0.882 0.900

P3

geo
0.5 57 1338 16 0.041 0.781 0.078 0.169
1.0 43 199 30 0.178 0.589 0.273 0.403
1.2 43 446 30 0.088 0.589 0.153 0.275

lev
0.5 8 1873 65 0.004 0.110 0.008 0.018
1.0 5 182 68 0.027 0.068 0.038 0.052
1.2 0 99 73 0.000 0.000 0.000 0.000

UMAP visualizations qualitatively illustrate differences in the sampled dis-
tributions between the two sketching methods (Figure 4). In the separately
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computed UMAP embeddings, geo-sketch points appeared more evenly dis-
tributed, whereas lev-sketch points formed more compact and visually distinct
groupings.
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Figure 4: UMAP embeddings for geo-sketch (left) vs. lev-sketch (right), P2 at r = 0.5. Numbers
indicate Leiden cluster labels.

4.3 Singlet/multiplet discrimination with SSC ratio

Next, we assess whether SSC ratio (raw SSC-A / raw SSC-H) improves sin-
glet/multiplet discrimination within the QC-passed pool. For P2 at r = 0.5,
we compare four conditions: lev-sketch with FSC ratio alone, lev-sketch with
FSC and SSC ratios, geo-sketch with FSC ratio alone, and geo-sketch with
both ratios. This setting was chosen because both sketching methods achieved
high CTC F2 scores (Table 3). The same sketch is reused within each sketching
method, so within-method differences between the FSC-only and FSC+SSC
conditions arise solely from the added clustering feature.

Adding SSC ratio had opposite effects for the two sketching methods (Table 4).
For lev-sketch, it substantially improved specificity (0.789 to 0.940) and bal-
anced accuracy (0.894 to 0.960), at a small cost to recall (0.999 to 0.980) and F1

(0.997 to 0.989) (Figure 5). For geo-sketch, the same addition instead reduced
specificity (0.720 to 0.660) and balanced accuracy (0.860 to 0.830), while recall
(both near 1.0) and F1 (0.996 to 0.995) remained comparably high.

Because singlets are treated as the positive class and substantially outnumber
multiplets, precision and recall primarily characterize singlet classification
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and do not directly quantify multiplet recovery. Specificity and balanced
accuracy are therefore also reported to capture performance on the multiplet
class. Because the manual singlet/multiplet gate is itself defined on FSC-A
versus FSC-H, the strong performance of FSC ratio should not be interpreted as
independent validation. The more informative comparison is whether SSC ratio
provides additional discriminatory value beyond FSC ratio. Overall, SSC ratio
did not provide a consistent improvement across the two sketching strategies.
Specificity and balanced accuracy improved for lev-sketch but decreased for
geo-sketch. This method-dependent effect suggests that the impact of SSC ratio
depends on the sampled event composition and subsequent clustering structure,
although these contributions were not separately evaluated here.

Table 4: Singlet/multiplet classification against the manual gate for P2 at r = 0.5, using FSC ratio
alone or combined with SSC ratio. (Spec.: specificity; Bal. acc.: balanced accuracy)

Sketch Features Precision Recall F1 Spec. Bal. acc.

lev-sketch FSC ratio 0.9937 0.9994 0.9965 0.7892 0.8943
lev-sketch FSC + SSC ratio 0.9982 0.9798 0.9889 0.9404 0.9601

geo-sketch FSC ratio 0.9916 0.9999 0.9958 0.7197 0.8598
geo-sketch FSC + SSC ratio 0.9899 0.9996 0.9947 0.6601 0.8298
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Figure 5: Manual singlet/multiplet (left), predicted singlet/multiplet (center), and classification
outcome (right) for lev-sketch, P2 at r = 0.5, using FSC ratio only (top) and FSC and
SSC ratios combined (bottom). Events without a corresponding manual singlet/multiplet
label are shown as NA and were excluded from metric calculation.

5 Conclusion

In this study, we investigated whether clustering-based cytometry analysis can
be extended to an extreme rare-event setting while retaining multiplets that are
conventionally excluded during singlet gating. Using CTCs in clinical blood
samples, we compared geometric and leverage-score sketching prior to Leiden
clustering and extended sketch-derived cluster labels to the full QC-passed
event pool. Geometric sketching showed higher average CTC recovery from
singlet clusters, particularly in recall, and avoided the complete recovery failure
observed for leverage-score sketching. However, performance remained sample-
and resolution-dependent, showing that sketching strategy can substantially
affect rare-event recovery. Adding SSC ratio to FSC ratio did not consistently
improve singlet/multiplet discrimination in the evaluated P2 setting at r = 0.5,
indicating that additional scatter-derived features should be evaluated in the
context of the sampling and clustering strategy.
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Several limitations constrain the interpretation of these findings. No orthogonal
ground truth, such as imaging-based confirmation of CTCs and physical cell
interactions, was available. Manual gating was therefore used as a pseudo
ground truth, although this means that the clustering results are evaluated against
labels derived from the same fluorescence and scatter measurements. The data
were originally generated to isolate CTCs for downstream molecular profiling,
rather than rare-event clustering or multiplet identification. Consequently,
the acquisition panel, available markers, and reference annotations were not
optimized for the present task. The dataset comprised only 4 blood samples
from 3 patients, limiting the scope for inferential statistical analysis.

The present analysis selected the single most CTC-like singlet cluster based
on relative CD45 and EpCAM expression. CTC labeling was restricted to
singlets because CD45+/EpCAM+ multiplets could represent CTC-leukocyte
conjugates, but their cellular composition could not be unambiguously deter-
mined with the available marker panel. Moreover, phenotypically heterogeneous
CTCs may occupy multiple clusters or form a minority subpopulation within
larger mixed clusters, which may lead to underestimation of CTC abundance.
Conversely, assigning an entire mixed cluster as CTC-positive may overestimate
CTC abundance by including non-CTC events. With more reliable ground truth,
future studies should therefore evaluate multiple CTC-cluster assignments and
downstream subclustering of CTC-enriched or mixed clusters.

The LDA-based extension of sketch-derived labels could also be compared with
non-linear classifiers, such as kernel support vector machines [24] or random
forests [25], which can capture more complex decision boundaries than linear
discriminant analysis. Beyond label extension, alternative clustering strategies
may also be useful for rare-event recovery. In particular, noise clustering
explicitly introduces a noise class for observations that are poorly represented
by the main clusters [26]. Further examination of these events could provide
a complementary strategy for identifying rare events, although the noise class
may also contain technical noise and debris.

Finally, the analysis was implemented in Python 3.11 using AnnData (.h5ad)
as the central data structure, with GPU acceleration using rapids-singlecell
and CuPy. In contrast to R-based Interact-omics, the present framework operates
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within the Python/AnnData ecosystem, allowing these GPU-enabled tools to
support analysis of larger event pools. The use of .h5ad as the central data
structure also provides a natural route for integrating .h5-based imaging flow
cytometry features into the same event-level representation. Such morphological
information could complement scatter and marker measurements and provide a
more direct basis for distinguishing singlets from multiplets.
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