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ABSTRACT

Flow cytometry is a cornerstone diagnostic technique, but manual analysis is laborious, subjective, and prone to inter-operator

variability. We propose a parameter-efficient deep ensemble model, CytoDNNEnsemble, for automated analysis of high-

dimensional flow cytometry data. The architecture consists of two smaller, independent subnetworks that process blood

samples from complementary global and local perspectives. This design reduces the reliance on expert gating, captures

complex cellular patterns, and improves diagnostic consistency. Extensive experiments on relatively large real-world datasets

demonstrate that the proposed model outperforms state-of-the-art approaches in terms of accuracy and robustness while

keeping the parameter count low, highlighting its potential for clinical deployment.

Introduction

Flow cytometry is a laboratory technique that is used to an-
alyze the physical and chemical characteristics of individual
cells suspended in a fluid. It is a cornerstone of hematol-
ogy, oncology, immunology, and transplant medicine, and is
widely used to diagnose conditions such as leukemia, lym-
phoma, HIV infection, immune deficiencies, and autoimmune
disorders.

In a typical workflow, blood, bone marrow, or tissue sam-
ples are stained with fluorescently labeled antibodies that bind
to specific cellular markers, enabling differentiation of cell
types and characterization of their activation or maturation
states. The stained sample is then processed by a flow cytome-
ter, which measures light scatter and fluorescence intensities
for thousands to millions of individual cells, representing each
cell as a high-dimensional vector.

Subsequently, clinicians or technicians perform manual gat-
ing by drawing polygons on two-dimensional plots to identify
distinct cell populations. This step is highly dependent on
expert judgment and is guided by visual heuristics and prior
experience. Based on the distribution of cell populations,
abnormal marker expression, or absence of expected popu-
lations, the clinician establishes a diagnosis or recommends
further testing.

However, several factors make this diagnostic process chal-
lenging. First, modern cytometers routinely measure 20–50 or
more markers per cell, making manual analysis labor-intensive
and error-prone. Second, manual gating is inherently subjec-
tive and not standardized, leading to substantial inter-expert
variability and making diagnostic accuracy strongly dependent
on individual expertise. Third, the time-consuming nature of
manual analysis can delay diagnosis in urgent clinical settings.

These limitations underscore the need for automated, reli-
able, and interpretable AI tools for flow cytometry-based diag-
nosis. Such tools can reduce workload, improve consistency,

and uncover non-obvious marker patterns and cell popula-
tions that may be missed in manual inspection. Deep learning
models–in particular ensemble-based approaches are well
suited to capture complex interactions in high-dimensional
biomedical data and to detect rare cell phenotypes that are
difficult for humans to identify1–5.

Nevertheless, flow cytometry presents unique challenges
for deep learning, including sparsity, batch effects, and com-
plex cell population distributions6, 7. Deep ensembles are
widely recognized for improving predictive accuracy and un-
certainty estimation8, but their high computational and mem-
ory requirements hinder integration into routine diagnostic
pipelines. Moreover, most ensemble methods have been devel-
oped for domains such as computer vision9–11 or natural lan-
guage processing12–14 and are not optimized for the structure
and variability of flow cytometry data. As a result, there re-
mains a notable gap in the development of parameter-efficient
deep ensemble models that can balance predictive perfor-
mance, uncertainty calibration, and deployment efficiency in
cytometry-based diagnostic support systems.

In this work, we address this gap by introducing a
parameter-efficient deep ensemble model tailored to flow
cytometry-based diagnosis. Our main contributions are as
follows:

• We propose a novel parameter-efficient deep ensemble ar-
chitecture for flow cytometry-based diagnosis that takes
advantage of complementary global and local represen-
tations of blood samples.

• We design a scalable ensemble strategy that improves
robustness and uncertainty estimation without incurring a
prohibitive computational or memory burden, facilitating
clinical deployment.

• We conduct a comprehensive evaluation on relatively
large real-world datasets, demonstrating superior predic-



tive performance and reliability compared to state-of-the-
art methods.

Related work

Recent advances in flow and imaging cytometry have enabled
high-throughput measurement of cellular features, creating a
demand for robust computational methods capable of handling
the resulting high-dimensional data. Classical approaches,
such as manual clustering and gating-based techniques, often
suffer from limited scalability, reproducibility, and robust-
ness in real-world clinical settings15. Early machine learning
methods, including decision trees16, random forests17, and
support vector machines (SVMs)18, were applied to automate
cytometry analysis as supervised learning models that rely on
annotated datasets. However, obtaining large, reliably anno-
tated cytometry datasets is challenging, time-consuming, and
expensive.

To address the scarcity of labels, many studies have adopted
unsupervised learning approaches, particularly clustering tech-
niques that do not require annotations. Examples include
K-means clustering19, FlowGrid, which builds on DBSCAN-
based clustering20, and Gaussian mixture modeling as imple-
mented in PhenoGMM21. Dimensionality reduction meth-
ods are also widely used to visualize and interpret high-
dimensional cytometry data, including Principal Component
Analysis (PCA), Self-Organizing Maps as in FlowSOM22, and
nonlinear techniques such as t-SNE and UMAP23. A recent
survey summarizes classical and modern machine learning
approaches for flow cytometry analysis24. In parallel, masked
autoencoders have been explored as a special class of autoen-
coders tailored to cytometry, aiming to learn task-agnostic
feature representations that can support downstream tasks
such as classification, detection, or segmentation25.

With the development of deep learning, recent research
has focused on extracting informative representations (em-
beddings) using deep models26, 27. These embeddings can
be further used for classification or clustering, making them
attractive building blocks for intelligent diagnostic systems.
One common approach is the use of autoencoders28, which
consist of an encoder and a decoder trained to reconstruct the
input; the bottleneck layer provides a compressed representa-
tion of the data that can serve as a compact feature space for
downstream tasks.

Several works have applied autoencoders directly to flow cy-
tometry. For example, Zhang et al.29 use learned embeddings
for clustering and analyze which patterns the model exploits to
separate cell populations, contributing to interpretability. Kim
et al.30 demonstrated the effectiveness of a masked autoen-
coder for learning relationships between protein markers in
immune cells based solely on protein expression data, showing
that self-supervised reconstruction can capture biologically
meaningful structure.

A novel computational framework based on variational
autoencoders (VAEs) was introduced in31 to integrate un-
paired biomedical data streams in flow cytometry. The VAE

model32 is a generative deep learning approach, also used
in the FlowVI model33, which achieves high accuracy in re-
covering missing protein markers and supports unified analy-
sis across heterogeneous cytometry panels. Such generative
models are particularly relevant for clinical decision support
systems, where harmonizing data from multiple instruments
and panels is essential.

As discussed earlier, building large annotated datasets for
supervised learning in cytometry is very difficult and re-
quires laborious expert work. This has motivated the de-
velopment of self-supervised methods that can leverage large
unlabeled datasets together with a limited annotated subset.
Self-supervised learning is commonly used in pre-training
pipelines and may include teacher–student frameworks or
other unsupervised objectives to construct meaningful em-
bedding spaces from diverse datasets. Well-known self-
supervised techniques such as BYOL34, SimCLR35, and DI-
NOv236 exemplify this approach and have been successfully
applied to single-cell data37, 38, improving downstream perfor-
mance and data efficiency.

Recent studies have also shifted part of the focus from tradi-
tional flow cytometry—which measures multiple physical and
chemical characteristics of cells (e.g., size, granularity, fluores-
cence from labeled antibodies) as they pass single-file through
a laser beam—toward imaging flow cytometry. The latter cap-
tures high-resolution images of individual cells as they flow
through the instrument, producing bright-field, fluorescence,
and phase-contrast images. It supports both quantitative anal-
ysis of marker expression (as in conventional flow cytome-
try) and qualitative or spatial analyses such as subcellular
localization, co-localization, morphology, or cell–cell inter-
actions. Examples of such work include automated pipelines
for imaging cytometry and predictive modeling based on cell
images37, 39, 40.

The backbone models used in cytometry, especially in
imaging flow cytometry, include convolutional neural net-
works such as ResNet41 and EfficientNet42, which are widely
adopted for image-based cell profiling. Vision Transformers
(ViTs)43, often trained using masked autoencoding objectives,
have also been explored in this context1. ResNet-based fea-
ture extractors have been used, for example, for disease and
cell-cycle modeling44. For non-image cytometry data, com-
mon backbones include multilayer perceptrons (MLPs)45 and
architectures adapted to tabular data such as TabNet46, Trans-
formers for automated identification of cell populations47,
and VAE encoders as probabilistic representation learners24.
Recent review papers provide broader overviews of classical
machine learning methods applied to flow cytometry48, 49.

As in other clinical domains, researchers in flow cytometry
have increasingly focused on interpretable and explainable
AI solutions50, 51. Interpretability refers to models whose
internal mechanisms can be directly understood by clinicians,
while explainable AI encompasses post hoc techniques that
explain the behavior of complex, black-box models such as
deep neural networks. These approaches aim to increase
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trust in AI-assisted diagnostic systems by providing human-
understandable rationales for predictions, which is particularly
important for high-stakes medical decisions.

Deep learning in flow cytometry has also progressed to the
point of clinical deployment. Zuromski et al.52 describe a
real-time system and compare its clinical accuracy with the
original validation statistics, showing that deep learning-based
cytometry pipelines can satisfy robustness and reliability re-
quirements in practice. Beyond single-model architectures,
ensemble deep learning has emerged as an effective strat-
egy for improving predictive performance and robustness in
medical applications53–55, often providing better uncertainty
estimates than individual networks56, 57. However, existing
ensembles typically rely on large backbones or multiple fully
independent models, which limits their suitability for real-
time analysis on standard clinical hardware. In contrast, our
work introduces a parameter-efficient deep ensemble tailored
to flow cytometry-based diagnosis, explicitly designed to bal-
ance predictive performance, robustness, and computational
efficiency.

Material and Methods

In this section, we describe the cytometry datasets used in
our study and the proposed deep ensemble model for flow
cytometry-based diagnosis.

Cytometry data

In this work, a sample refers to a single datapoint
from an individual, represented as a matrix of size
[num_cells,num_markers], where each row corresponds to
a cell and each column to a marker. This representation serves
as the input for multi-cell cytometry-based classification, en-
abling the model to learn patterns across both cells and mark-
ers. The number of samples of a given class and the number
of samples in the training and test datasets are presented in
the Table 1.

AML

The AML dataset consists of 359 flow cytometry samples col-
lected from individuals with acute myeloid leukemia (AML)
and non-AML controls. Each sample contains measurements
of multiple surface and intracellular markers on peripheral
blood or bone marrow cells. In our experiments, the dataset
is randomly split into training (including validation) and test
subsets with an 80%:20% ratio, ensuring that samples from
the same individual appear in only one subset.

HEUvsUE

The HEUvsUE dataset comprises 308 samples from African
infants. Positive samples correspond to HIV-exposed but
uninfected children (HEU), while negative samples are from
HIV-unexposed infants (UE). Each sample is represented by
multi-parameter flow cytometry measurements of immune cell
populations. For this benchmark, 80% of the samples are used
for training and validation, and 20% are reserved for testing,
following the protocol in previous work when applicable.

HVTN

The HVTN (HIV Vaccine Trials Network) dataset contains 96
samples obtained from T cells collected after HIV vaccination
and stimulated with Gag or Env antigens. Following prior
studies15, 58, 59, we use 50% of the samples for training and
50% for testing. The split is performed at the sample level so
that no individual contributes samples to both subsets.

NK-Cell

The NK-Cell dataset, originally used to evaluate the CellCNN
model60, consists of 20 expert-annotated NK-cell samples.
Each sample is labeled as cytomegalovirus (CMV) seroposi-
tive or seronegative based on clinical assessment. We follow
the train/test protocol described in the original CellCNN publi-
cation60, using the same sample assignments where applicable
to ensure comparability of results.

CytoDNNEnsemble (CDE)

Before introducing the CytoDNNEnsemble, we briefly sum-
marize the cytometry data representation used as input to the
model. Data corresponding to a single cell form one row
of a matrix, while each column refers to a specific marker;
this row can be viewed as a feature vector describing one
cell. A single sample contains multiple cells arranged in
consecutive rows, resulting in a two-dimensional matrix of
size [num_cells,num_markers]. The complete training dataset
consists of multiple samples, which together form a three-
dimensional tensor, as illustrated in Figure 1. Importantly,
the proposed method is invariant to the ordering of rows: per-
muting the cells within a sample does not affect the model
prediction.

The CytoDNNEnsemble (referred to as CDE) is presented
in Figure 1. It consists of two independent models: a 1D
Convolutional Neural Network and a Latent Space Extractor,
hereafter referred to as CNN1DE and LSE, respectively. They
both end with a classification layer. Their outputs are concate-
nated and fed to the final classifier that produces the output
based on the combined predictions of both models.

From a machine learning perspective, cytometry-based di-
agnosis is formulated as a sample-level classification task. In
all four datasets considered in this work, we address a binary
classification problem, where the model is trained to assign
each sample (i.e., a multi-cell matrix of marker values) to
one of two clinically relevant classes. In principle, the same
architecture can be extended to multi-class classification by
adjusting only the size of the output layer.

The CytoDNNEnsemble (CDE) model is presented in
Figure 1. It consists of two independent subnetworks: a
one-dimensional Convolutional Neural Network Extractor
(CNN1DE) and a Latent Space Extractor (LSE). Each subnet-
work ends with its own classification head. Their outputs are
concatenated and fed to a final classifier, which produces the
sample-level prediction based on the combined information
from both branches.

The main idea behind the proposed solution is that the two
subnetworks analyze each sample from complementary per-
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Figure 1. Overview of the CytoDNNEnsemble (CDE) model. Each sample with dimensionality [num_cells,num_markers] is
processed independently from two complementary perspectives. In the upper branch, the 1D Convolutional Neural Network
Extractor (CNN1DE) processes the sample row by row using marker values of individual cells. In the lower branch, the Latent
Space Extractor (LSE) separates marker-wise values (columns), computes and normalizes their histograms, and obtains latent
representations using a pretrained convolutional encoder; these representations are concatenated and used for classification.
The predictions of CNN1DE and LSE are concatenated and passed to a final classifier, which produces the final decision.
CNN1DE and LSE are trained independently; during the final training stage, the weights of these subnetworks can either be
frozen or the entire pipeline can be trained end-to-end. This design enables the ensemble to capture fine-grained cell-level
information (CNN1DE) and global marker-level trends (LSE) within a parameter-efficient architecture.

spectives. A blood sample, represented as a matrix of size
[num_cells,num_markers] with num_cells≫ num_markers,
is processed in two ways. The CNN1DE branch applies con-
volutional filters across marker values returned by individual
cells, effectively analyzing the sample row by row and fo-
cusing on fine-grained, cell-level patterns. In contrast, the
LSE branch aggregates marker values across all cells in a
sample, derives marker-wise histograms, and uses a convolu-
tional encoder to obtain latent representations; in this case, the
sample is analyzed column by column, emphasizing global,
marker-level trends.

By construction, CNN1DE captures local, cell-level infor-
mation, while LSE captures global, marker-level characteris-
tics. Combining these two complementary views allows the
final classifier to operate on a richer and more comprehen-
sive representation of the input, improving robustness and
diagnostic performance without a prohibitive increase in the
number of parameters. In the following, we describe both
subnetworks and the final ensemble in more detail.

Latent Space Extractor (LSE)

The Latent Space Extractor (LSE) branch is based on a con-
volutional encoder that is initially trained as part of a convo-
lutional autoencoder. After this pretraining phase, only the
encoder component is retained and used as the feature extrac-
tor in the LSE model. The autoencoder architecture comprises
the following elements:

• Convolutional encoder: The encoder consists of two,

three, or four convolutional blocks, corresponding to
small, medium, and large variants of the model, respec-
tively. Each block includes a 1D convolutional layer, a
batch normalization layer, and a LeakyReLU activation
function. The LeakyReLU activation61 is employed to
preserve negative values present in the input data, which
would otherwise be suppressed by the ReLU activation.
After the convolutional blocks, the encoder applies a
flatten operation followed by a linear layer to obtain the
desired dimensionality of the latent representation.

• Convolutional decoder: The decoder comprises a linear
layer followed by an unflatten operation to restore the
required data dimensionality. It then applies one, two, or
three convolutional blocks (for small, medium, and large
variants, respectively). Each decoder block consists of a
1D transposed convolutional layer, a batch normalization
layer, and a LeakyReLU activation. All decoder variants
additionally include a final 1D transposed convolutional
layer as the last layer of the model.

By construction, the dimensionality of the input and output
of the autoencoder is identical. The exact specification of
the architecture, including the number of channels in each
layer, kernel sizes, padding, and stride values, is provided in
Appendix D.

During autoencoder training, each dataset sample with
overall shape [num_samples,num_cells,num_markers] is pre-
processed as follows. First, each sample is independently
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reshaped (Algorithm 1, line 1) to obtain a tensor of size
[num_samples× num_markers,num_cells]. This operation
is implemented using the permute and reshape functions in
PyTorch62. Next, histograms are computed along the last
dimension (Algorithm 1, line 2), yielding a dataset of dimen-
sionality [num_samples× num_markers,num_bins]. In our
experiments, a bin count of 100 was found to preserve the
most important characteristics of the data while providing a
compact representation, given that num_cells≫ 100.

Subsequently, histogram values are normalized (Algo-
rithm 1, line 3). Let Xtrain denote the training data with
shape [num_samples× num_markers,num_bins]. The mean
and standard deviation are computed as

µ = mean(Xtrain,dim = 0),

σ = std_deviation(Xtrain,dim = 0).

Thus, µ and σ are vectors of length num_bins. Any datapoint
X is then normalized according to

X′ =
X−µ

σ
.

After this operation, each column j has mean 0 and variance 1
across the training data, which improves the stability of model
training.

The convolutional autoencoder is trained on normalized
histograms using the loss of the mean squared error (MSE)
(Algorithm 1, line 4), with the objective of reconstructing the
input. This procedure yields a compressed hidden representa-
tion in the encoder that retains the most informative features
of the original data. After training, the encoder is connected
in series to a two-layer classifier (linear layer, LeakyReLU
activation, linear layer, sigmoid activation), forming the LSE
model; the decoder is discarded. A schematic illustration of
the autoencoder and encoder is presented in Figure 2.

The complete LSE model, consisting of the pretrained con-
volutional encoder and the classifier, is then trained end-to-
end on the binary classification task (Algorithm 1, lines 5–
6) using the cross-entropy loss. For a given sample with
shape [num_markers,num_bins], the encoder produces latent
representations of size [num_markers,encoder_latent_dim].
These representations are concatenated along the last di-
mension, resulting in a vector of length num_markers×

encoder_latent_dim, which is then processed by the classi-
fier. While the scheme is illustrated for a single sample, all
computations are implemented in a batched manner.

In the LSE branch, the labels small, medium, and large

refer to the number of convolutional blocks rather than the
total number of parameters. Because the latent dimensionality
(32 or 64) is selected experimentally, it is possible that a small
model with latent dimension 64 has more parameters than a
medium model with latent dimension 32, mainly due to the
contribution of linear layers. Specifically, a linear layer adds
linear_input_dim× linear_output_dim parameters, while a
1D convolutional layer adds kernel_length×num_kernels pa-
rameters.

Algorithm 1 LSE model training pipeline

Require: dataset // x = [S,C,M], y = [1]
Ensure: trained LSE model // Dimensions in comments: S –

number of samples, C – number of cells, M – number of

markers, H – number of histogram bins.

1: datasetAE← f latten(dataset) // x,y = [S×M,C]
2: datasetAE← histCalc(datasetAE) // x,y = [S×M,H]
3: datasetAE← norm(datasetAE)
4: train(autoEncoder,datasetAE, loss = MSE)
5: lse← merge(encoder,cl f )
6: train(lse,dataset, loss = crossEntropy)

1D Convolutional Neural Network Extractor (CNN1DE)

The 1D Convolutional Neural Network Extractor (CNN1DE)
branch consists of two, three, or four convolutional feature-
extraction blocks, corresponding to small, medium, and large
model variants, respectively. Each convolutional block com-
prises a 1D convolutional layer, a batch normalization layer, a
LeakyReLU activation function, and a max-pooling layer that
progressively reduces the temporal dimension.

Each CNN1DE variant additionally includes a classification
block composed of a linear layer, a LeakyReLU activation,
a second linear layer, and a sigmoid activation at the output.
In the final convolutional block preceding the classifier, max
pooling is omitted in order to preserve the resolution of the
learned features.

The CNN1DE branch is trained independently on the
same datasets as the LSE branch, using samples of shape
[num_cells,num_markers] and the cross-entropy loss for bi-
nary classification. The exact specification of the CNN1DE
architecture, including the number of channels in each layer,
kernel sizes, padding, and stride values, is provided in Ap-
pendix E.

Algorithm 2 CNN1DE and CytoDNNEnsemble (CDE) train-
ing pipeline

Require: dataset // x = [S,C,M], y = [1]
Ensure: trained CDE model // Dimensions in comments: S –

number of samples, C – number of cells, M – number of

markers.

1: train(cnn1de,dataset, loss = crossEntropy)
2: cde← merge(lse,cnn1de,cl f ) // pretrained LSE and

CNN1DE

3: train(cde,dataset, loss = crossEntropy)

In summary, the proposed CytoDNNEnsemble (CDE)
model operates on multi-cell flow cytometry samples rep-
resented as matrices of marker measurements and combines
two complementary branches: CNN1DE for fine-grained, cell-
level feature extraction and LSE for global, marker-level rep-
resentation learning. Both branches are pretrained and then
integrated into a parameter-efficient ensemble architecture,
which is trained for sample-level binary classification using
cross-entropy loss. The same data representations, preprocess-
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Figure 2. Autoencoder training scheme used in the Latent Space Extractor (LSE) branch. For simplicity, the scheme is shown
for a single sample; in practice, all computations are performed in a batch-wise manner. During training, the values
corresponding to successive markers are processed independently: their histograms are computed to reduce the dimensionality
of the data and then normalized. A convolutional autoencoder is trained on the processed data to reconstruct the input using the
mean squared error (MSE) loss. After training, the decoder is removed and the encoder is used as a feature extractor that maps
normalized marker histograms into a low-dimensional latent space while preserving the most relevant information.

ing steps, and training/validation/test splits are used across all
model variants to ensure fair and consistent evaluation.

Experiments

As part of the experimental evaluation, the experiments de-
scribed in59 were reproduced using the CNN1DE, LSE, and
CDE models and compared against baseline methods: Cy-
toSet59, CellCNN60, and CytoDX63. The models were trained
and evaluated on four flow and mass cytometry datasets:
AML, HEUvsUE, HVTN, and NK-Cell, which are described
above. The AML, HEUvsUE, and HVTN datasets were previ-
ously used in the FlowCAP-II benchmark challenge15. The
NK-Cell dataset was used to evaluate the CellCNN model
in60.

Results are reported for two configurations of the CDE
ensemble: CDE-medium and CDE-best. The CDE-medium
configuration consists of the LSE-medium and CNN1DE-
medium models, while the CDE-best configuration combines
the best-performing LSE and CNN1DE models across all
tested model sizes. As a result, the CDE-best configuration re-
quires substantially more training time, as it involves training
models of all sizes, whereas the CDE-medium configuration
only requires training models of medium size. The choice
between these configurations depends on task requirements:
the CDE-medium model is faster to train and easier to deploy,
while the CDE-best model demands more GPU resources but
is expected to achieve superior performance.

Evaluation metrics

We evaluate all models using accuracy and area under the
ROC curve (AUC) on the AML, HEUvsUE, HVTN, and NK-
Cell datasets. The resulting values are compared with those
of existing methods from the literature, including CellCNN60,
CytoDX63, and CytoSet59. In addition, precision, recall, and
F1 scores are computed for all proposed models, with detailed
results provided in Appendix C.

Accuracy is defined as

accuracy =
T P+T N

T P+T N +FP+FN
,

precision as

precision =
T P

T P+FP
,

recall as

recall =
T P

T P+FN
,

and the F1 score as

F1 =
2T P

2T P+FP+FN
,

where

• T P – true positives (positive samples predicted as posi-
tive),
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• T N – true negatives (negative samples predicted as nega-
tive),

• FP – false positives (negative samples predicted as posi-
tive),

• FN – false negatives (positive samples predicted as neg-
ative).

The AUC metric is defined as

AUC =
∫ 1

0
T PR(FPR)d(FPR),

where

• T PR = T P
T P+FN

,

• FPR = FP
FP+T N

.

To obtain reliable estimates, all models are evaluated using
five-fold cross-validation64 with fixed splits between training
and evaluation samples and different random seeds. The
evaluation protocol follows59 to ensure a fair comparison
between CytoDNNEnsemble and the baseline methods.

Training configurations

We perform a grid search to identify suitable hyperparameters
for the proposed method. The best-performing configuration
is selected based on the highest validation performance under
the five-fold evaluation described above. The hyperparameters
considered include the learning rates for the LSE, CNN1DE,
and CDE models; the learning rate of the autoencoder; and the
latent dimensionality of the autoencoder, which forms part of
the LSE branch. During training of the final classifier, the LSE
and CNN1DE parameters can either be frozen (non-trainable)
or unfrozen (trainable); this choice is also treated as a hyper-
parameter. In Figure 1, frozen connections are indicated by
a snowflake symbol. Furthermore, for the final classifier, we
search over the dimensionality of the hidden layer and the
weight decay value to reduce the risk of overfitting.

The specific hyperparameter values used in the final con-
figurations of CDE-medium and CDE-best are reported in
Appendix G.

Data preparation and subsampling

Classification of data originating from medical experiments
is often challenging due to class imbalance: the majority of
samples typically come from healthy individuals. In many
medical applications, therefore, a weighted loss function is
employed to prevent the model from always predicting the
most frequent class and to increase the minority class.65, 66. In
our case, the AML, HEUvsUE, HVTN, and NK-Cell datasets
also exhibit imbalance, with more samples from healthy indi-
viduals than from patients.

However, each sample contains a large number of cells
(approximately 20,520 for AML, 440,384 for HEUvsUE,
199,285 for HVTN, and 13,080 for NK-Cell; see Table 1),

Dataset
# class samples # samples # cells per sample (mean)

# markers
negative positive train test train test

AML 316 43 286 73 20,468.7 20,719.2 40
HEUvsUE 140 168 246 62 445,024.7 421,969.6 11

HVTN 48 48 48 48 200,035.8 198,534.9 12
NK-Cell 11 9 14 6 12,311.0 14,873.2 43

Table 1. Characteristics of the datasets used in the
experiments. The number of cells per sample is reported as
the mean across all samples in each dataset.

which enables subsampling at the cell level. This strategy al-
lows us to construct balanced training sets without modifying
sample-level labels.

For a single sample of shape [num_cells,num_markers],

we can generate
⌊

num_cells
subsample_dim

⌋

non-overlapping subsamples

or a predefined number of overlapping subsamples. Using
this procedure, we construct balanced datasets for all four
benchmarks, each containing 2× 105 subsamples per class
(i.e., 2×105 positive and 2×105 negative subsamples). Sub-
samples are drawn as uniformly as possible across origi-
nal samples, ensuring that each sample contributes a sim-
ilar number of subsamples. As a result, the final training
datasets for AML, HEUvsUE, HVTN, and NK-Cell have
shape [4×105

,n,num_markers], where n denotes the number
of cell vectors in a subsample and controls how many input
cells are used by the model. To ensure a fair comparison, we
follow Yi et al.59 and use the same values of n and the same
subsampling procedure as in their work.

All raw marker values are rescaled using the inverse hy-
perbolic sine (arcsinh) transformation, parameterized by a
scaling factor c:

arcsinh
(x

c

)

= ln

(

x

c
+

√

(x

c

)2
+1

)

,

with c = 5, following59, 67. This transformation is standard
in cytometry and reduces the impact of extreme values and
skewed distributions.

Optimizer and training schedule

We use the Adam optimizer68 to train all proposed models,
including CNN1DE, LSE, and CDE. The optimizer param-
eters β1 and β2 are set to 0.9 and 0.999, respectively, across
all experiments. In addition, we employ the One-Cycle learn-
ing rate scheduler69, which increases the learning rate from
its initial value to a predefined maximum and then gradu-
ally decreases it to a minimum value substantially lower than
the initial learning rate. Early stopping based on validation
performance is applied during training to mitigate overfitting.

Hardware and implementation details

All experiments were conducted on a workstation running
Ubuntu 18.04.6 with 32 GB of RAM. Computations were
performed on two GPUs: an NVIDIA GeForce GTX 1080 Ti
with 11 GB of VRAM and an NVIDIA TITAN Xp with 12 GB

7/20



of VRAM. The models, training loops, and evaluation pro-
cedures were implemented in PyTorch62, and data process-
ing and transformations were performed using PyTorch and
NumPy70.

Results

The experimental results for all datasets and sampling sizes
are summarized in Tables 2–5. Overall, the proposed Cy-
toDNNEnsemble (CDE) model achieves state-of-the-art per-
formance on the two largest and most diverse datasets, AML
and HEUvsUE, while remaining competitive on HVTN and
NK-Cell. These findings support the hypothesis that combin-
ing local, cell-level and global, marker-level representations
in a parameter-efficient ensemble improves robustness and
diagnostic performance on multi-cell cytometry tasks.

AML dataset

Table 2 reports the results for the AML dataset across different
subsample sizes n. The CDE-best configuration achieves the
highest accuracy for n = 512 and n = 1024, with accuracy
values of 98.9% and AUC up to 99.9%, outperforming the
strongest baseline (CellCNN or CytoSet, depending on the
setting) by approximately 1–2.6 percentage points in accuracy
and up to 1 percentage point in AUC. The CDE-medium con-
figuration also consistently matches or exceeds the baselines,
demonstrating that an ensemble composed of medium-size
LSE and CNN1DE models is already sufficient to reach or
surpass prior state-of-the-art performance.

Among the single models, LSE-large and CNN1DE-small
provide strong improvements over previous methods, indicat-
ing that both the global (LSE) and local (CNN1DE) branches
are effective on this dataset. The consistently high AUC values
across all tested n further confirm that the proposed architec-
tures maintain excellent discriminative power as the number
of sampled cells increases.

HEUvsUE dataset

Table 3 presents the results for the HEUvsUE dataset. Here,
the CDE-best ensemble provides the largest improvement over
previous approaches. For n = 1024,2048, and 4096, CDE-
best improves accuracy by approximately +25%, +16%, and
+19%, respectively, compared with the best baseline (Cell-
CNN or CytoSet), and increases AUC by approximately +9%,
+16%, and +12% for the same values of n. These gains
demonstrate the benefit of combining complementary local
and global representations in a single ensemble.

Although individual LSE and CNN1DE models yield only
moderate improvements over prior methods, their combina-
tion in the CDE-best consistently achieves the highest accu-
racy and AUC across all sampling sizes. This indicates that
the ensemble can exploit the complementary strengths of both
branches in this challenging data set.

HVTN and NK-Cell datasets

Tables 4 and 5 show the results for the HVTN and NK-Cell
datasets. On these smaller datasets, the proposed ensembles
do not consistently outperform the best baselines. For HVTN,

CytoSet remains the strongest method in terms of accuracy
and AUC, although CDE-medium achieves competitive AUC
values, especially for larger n. For NK-Cell, several baseline
methods (CellCNN, CytoDX, CytoSet) achieve very high ac-
curacy and AUC, leaving limited headroom for improvement.

Despite this, the proposed single models achieve robust
performance: LSE-medium and LSE-large obtain accuracy
and AUC values close to the best baselines on HVTN, and
LSE-small performs best among the CDE branches on NK-
Cell. These results suggest that, for datasets with a small
number of patients (48 for HVTN and 14 for NK-Cell in the
training sets), the capacity of the full ensemble may not be
fully utilized, and a single branch (particularly LSE) can be a
more appropriate choice.

Effect of subsampling and robustness across n

An important observation from Tables 2 and 3, and Figures 10
and 11, is that the performance of previous models (CellCNN,
CytoDX, CytoSet) often decreases as the number of sampled
cells n increases. In contrast, the proposed CDE model main-
tains a similar level of predictive performance across all values
of n. This robustness is likely attributable to the LSE branch,
which makes predictions based on normalized histograms of
marker values and thus captures global, more stable features.
As a result, CDE is less sensitive to the specific subsampling
factor and yields more consistent performance across different
configurations.

Figures 3 and 4 further summarize mean accuracy and AUC
for all models across datasets as a function of model size.
The proposed single models (CNN1DE and LSE) achieve
robustness comparable to CytoSet in terms of accuracy, with
minimum accuracy values around 65% and mean accuracy
around 83%. For AUC, the minimum values are higher for
CNN1DE and LSE (approximately 72% and 75%, respec-
tively) than for CytoSet (around 66%), suggesting slightly
improved robustness across sampling sizes.

Global comparison across models

Figure 5 presents a global comparison of accuracy and AUC
for all models, aggregated across all datasets and sampling
values n. The proposed ensemble (CDE) achieves the highest
minimum accuracy (approximately 77%) and AUC (approxi-
mately 85%), substantially exceeding the worst-case perfor-
mance of baseline methods. In terms of average accuracy and
AUC across all settings, CDE also achieves the best overall
values, indicating that it is the most robust and generalizable
model in this study.

Model size and parameter efficiency

Tables 6 and 7 report the average number of parameters for
medium and best model configurations, respectively. Because
the number of parameters depends on the input dimensionality,
values are reported separately for each dataset and averaged
over all values of n. The proposed CDE method achieves
comparable or superior performance to CytoSet while using
significantly fewer parameters on three of the four bench-
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Category Model
n = 256 n = 512 n = 1024

Accuracy AUC Accuracy AUC Accuracy AUC

Other
CellCNN60 98.1 99.8 96.7 99.9 95.6 98.5
CytoDX63 94.0 98.3 94.3 98.4 94.8 98.6
CytoSet59 97.0 99.1 95.9 99.3 95.4 98.8

Single

LSE-small (ours) 97.8 ± 0.67 99.7 ± 0.28 97.5 ± 1.03 99.6 ± 0.39 97.3 ± 0.87 99.7 ± 0.31

:::::::::::::

CNN1DE-small
::::::

(ours) 97.0 ± 1.60 96.3 ± 2.67 97.8 ± 0.67 97.7 ± 2.23 98.1 ± 1.10 99.7 ± 0.41
LSE-medium (ours) 98.6 ± 0.87 99.8 ± 0.20 97.8 ± 1.10 99.8 ± 0.14 97.0 ± 1.03 99.8 ± 0.20

CNN1DE-medium (ours) 95.6 ± 1.60 99.0 ± 1.02 95.9 ± 0.87 98.0 ± 2.42 96.4 ± 1.10 98.3 ± 2.17

::::::::

LSE-large
::::::

(ours) 98.4 ± 1.34 99.8 ± 0.22 98.4 ± 0.55 99.9 ± 0.09 98.1 ± 1.40 99.8 ± 0.20
CNN1DE-large (ours) 95.6 ± 2.01 97.1 ± 3.24 96.4 ± 1.40 95.7 ± 3.66 95.3 ± 1.64 95.8 ± 3.53

Ensemble
CytoDNNEnsemble-medium (ours) 97.5 ± 1.03 99.7 ± 0.19 98.1 ± 1.40 99.7 ± 0.39 97.5 ± 1.03 99.5 ± 0.20

CytoDNNEnsemble-best`(ours) 98.4 ± 1.03 99.7 ± 0.48 98.9 ± 0.55 99.7 ± 0.26 98.9 ± 1.34 99.9 ± 0.14

Table 2. Classification performance on the AML dataset. Results are reported for baseline methods (CellCNN, CytoDX,
CytoSet), single models (LSE and CNN1DE) and the proposed CytoDNNEnsemble (CDE) for different subsample sizes n.
Underlined values indicate the best result within each model category (Other, Single, Ensemble), while bold values indicate the
best result across all models. Single models used in the CDE-best ensemble are marked with a wavy underline. CDE-medium

combines LSE and CNN1DE in medium size; the snowflake symbol (`) indicates that extractor weights are frozen during
training of the final classifier.

Category Model
n = 1024 n = 2048 n = 4096

Accuracy AUC Accuracy AUC Accuracy AUC

Other
CellCNN60 56.5 79.0 56.5 75.4 63.8 75.4
CytoDX63 43.2 43.8 43.2 43.5 42.9 44.1
CytoSet59 64.4 65.5 68.0 71.8 65.7 73.8

Single

LSE-small (ours) 66.1 ± 4.08 74.5 ± 4.36 67.4 ± 2.58 77.8 ± 2.37 71.6 ± 4.52 81.5 ± 3.28
CNN1DE-small (ours) 56.5 ± 5.95 56.5 ± 6.20 53.6 ± 2.78 50.4 ± 2.98 52.3 ± 4.85 55.4 ± 6.64

LSE-medium (ours) 68.1 ± 4.72 75.2 ± 4.37 67.1 ± 3.47 76.2 ± 2.85 69.7 ± 4.61 79.6 ± 3.40
CNN1DE-medium (ours) 63.9 ± 2.41 70.3 ± 5.00 62.3 ± 3.32 70.2 ± 3.20 60.0 ± 3.44 66.0 ± 4.29

::::::::

LSE-large
::::::

(ours) 67.1 ± 3.76 74.6 ± 4.32 67.4 ± 3.13 78.8 ± 2.94 70.3 ± 2.19 80.9 ± 3.68

::::::::::::

CNN1DE-large
::::::

(ours) 70.3 ± 4.74 78.7 ± 6.32 69.7 ± 7.59 78.2 ± 6.86 65.5 ± 8.63 71.7 ± 6.11

Ensemble
CytoDNNEnsemble-medium (ours) 71.6 ± 5.46 80.8 ± 4.23 69.7 ± 5.53 76.0 ± 4.87 66.5 ± 4.83 74.5 ± 6.53

CytoDNNEnsemble-best (ours) 80.7 ± 4.21 86.1 ± 3.94 79.0 ± 3.95 87.7 ± 2.47 78.4 ± 3.90 84.6 ± 4.33

Table 3. Classification performance on the HEUvsUE dataset. Results are reported for baseline methods, single models, and
the proposed ensembles for different subsample sizes n. Underlined values indicate the best result within each model category,
while bold values indicate the best result overall. Single models used in CDE-best are marked with a wavy underline.

Category Model
n = 256 n = 512 n = 1024

Accuracy AUC Accuracy AUC Accuracy AUC

Other
CellCNN60 82.9 93.4 79.6 92.7 83.7 93.3
CytoDX63 65.8 74.6 62.9 73.8 65.4 74.1
CytoSet59 91.3 96.3 89.2 96.4 88.3 95.7

Single

LSE-small (ours) 81.3 ± 1.86 87.0 ± 0.48 80.4 ± 2.13 89.1 ± 1.29 85.4 ± 2.64 90.8 ± 2.78
CNN1DE-small (ours) 74.2 ± 3.12 82.9 ± 2.61 73.3 ± 3.58 80.6 ± 4.11 62.9 ± 6.64 79.7 ± 2.76

:::::::::::

LSE-medium
::::::

(ours) 81.7 ± 1.56 87.2 ± 0.65 80.8 ± 0.83 89.6 ± 1.11 86.3 ± 2.13 91.1 ± 2.36
CNN1DE-medium (ours) 71.3 ± 4.25 81.5 ± 3.03 73.8 ± 4.86 86.7 ± 3.09 71.7 ± 4.86 85.7 ± 1.72

LSE-large (ours) 81.3 ± 1.86 86.8 ± 0.63 82.5 ± 2.50 90.0 ± 1.23 85.8 ± 2.04 90.6 ± 2.27

::::::::::::

CNN1DE-large
::::::

(ours) 75.0 ± 2.95 85.1 ± 1.66 77.1 ± 4.75 87.5 ± 3.64 73.3 ± 4.82 83.8 ± 2.77

Ensemble
CytoDNNEnsemble-medium`(ours) 81.7 ± 3.33 88.9 ± 2.35 80.4 ± 2.83 92.3 ± 1.63 85.8 ± 5.65 94.2 ± 2.23

CytoDNNEnsemble-best`(ours) 81.7 ± 2.43 88.8 ± 3.26 82.5 ± 2.13 92.3 ± 1.74 84.2 ± 5.83 92.2 ± 2.86

Table 4. Classification performance on the HVTN dataset. Underlined values indicate the best result within each model
category; bold values indicate the best result among all models. Single models that are used in the final CDE-best model are
marked in

::::

wavy
::::::::

underline. CDE-medium model consists of the LSE and CNN1DE models in medium sizes. The snowflake

symbol (`) indicates that the CDE model has frozen single extractor weights during training.

mark datasets, particularly for HEUvsUE and HVTN, where
parameter reductions exceed 60%.

Notably, in several cases the LSE-best single model alone
achieves performance comparable to or better than CytoSet
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Category Model
n = 256 n = 512 n = 1024

Accuracy AUC Accuracy AUC Accuracy AUC

Other
CellCNN60 83.3 95.0 76.7 97.5 66.7 82.5
CytoDX63 83.3 92.5 83.3 100.0 83.3 85.0
CytoSet59 80.0 97.5 83.3 97.5 86.7 95.0

Single

::::::::

LSE-small
::::::

(ours) 73.3 ± 8.17 90.0 ± 9.35 83.3 ± 0.00 97.5 ± 5.00 83.3 ± 0.00 97.5 ± 5.00

:::::::::::::

CNN1DE-small
::::::

(ours) 73.3 ± 13.3 92.5 ± 10.0 80.0 ± 6.67 92.5 ± 6.12 83.3 ± 0.00 85.0 ± 5.00
LSE-medium (ours) 70.0 ± 12.5 92.5 ± 10.0 83.3 ± 0.00 92.5 ± 6.12 83.3 ± 0.00 97.5 ± 5.00

CNN1DE-medium (ours) 73.3 ± 8.17 90.0 ± 5.00 80.0 ± 6.67 90.0 ± 5.00 80.0 ± 6.67 87.5 ± 7.91
LSE-large (ours) 73.3 ± 13.3 87.5 ± 11.2 83.3 ± 0.00 90.0 ± 5.00 86.7 ± 6.67 100 ± 0.00

CNN1DE-large (ours) 63.3 ± 6.67 90.0 ± 12.3 70.0 ± 12.5 92.5 ± 10.0 73.3 ± 8.17 87.5 ± 0.00

Ensemble
CytoDNNEnsemble-medium`(ours) 76.7 ± 8.17 95.0 ± 10.0 80.0 ± 6.67 100 ± 0.00 80.0 ± 6.67 95.0 ± 6.12

CytoDNNEnsemble-best (ours) 76.7 ± 8.17 97.5 ± 5.00 80.0 ± 6.67 90.0 ± 9.35 83.3 ± 0.00 92.5 ± 6.12

Table 5. Classification performance on the NK-Cell dataset. Underlined values indicate the best result within each model
category; bold values indicate the best result among all models. Single models that are used in the final CDE-best model are
marked in

::::

wavy
::::::::

underline. CDE-medium model consists of the LSE and CNN1DE models in medium sizes. The snowflake

symbol (`) indicates that the CDE model has frozen single extractor weights during training.

Figure 3. Mean accuracy for each model across all
subsample sizes n and datasets. The diameter of each circle
represents the average model size (number of parameters) for
a given model and dataset.

Dataset CytoSet model LSE model CNN1DE model CDE model

name size size-medium (ours) size-medium (ours) size-medium (ours)

AML 25,217 27,785 30,622.3 58,416.3 (+131.65%)
HEUvsUE 334,081 25,257 98,718.3 124,008.3 (-62.88%)

HVTN 334,593 13,449 27,038.3 40,496.3 (-87.90%)
NK-Cell 85,249 29,321 31,134.3 60,464.3 (-29,07%)

Table 6. Average number of parameters for medium-size
models. The percentage change in parameters for the
proposed CDE-medium model relative to CytoSet is shown in
parentheses (red for an increase, green for a reduction).

while using substantially fewer parameters: approximately
22 times fewer parameters on HEUvsUE, 25 times fewer on
HVTN, and 3 times fewer on NK-Cell. For AML, LSE uses
roughly twice as many parameters as CytoSet but still achieves
competitive or superior accuracy and AUC (see Table 7). Over-
all, these results indicate that the proposed architectures, and
in particular the CDE ensemble, offer a favorable trade-off

Figure 4. Mean AUC for each model across all subsample
sizes n and datasets. The diameter of each circle represents
the average model size (number of parameters) for a given
model and dataset.

Dataset CytoSet model LSE model CNN1DE model CDE model

name size size-best (ours) size-best (ours) size-best (ours)

AML 25,217 57,609 29,246.3 86,864.3 (+236.54%)
HEUvsUE 334,081 15,081 105,054.3 120,152.3 (-64.04%)

HVTN 334,593 13,449 33,374.3 46,832.3 (-90.03%)
NK-Cell 85,249 28,633 29,502.3 58,144.3 (-31.79%)

Table 7. Average number of parameters for best-performing
models. The percentage change in parameters for CDE-best
relative to CytoSet is shown in parentheses (red for an
increase, green for a reduction).

between predictive performance and model size, making them
suitable for deployment on hardware with limited VRAM or
in resource-constrained settings.

Summary of results and practical implications

Across all datasets and sampling sizes, no single baseline
method (CellCNN, CytoDX, CytoSet) dominates in every
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Figure 5. Accuracy and AUC values for baseline models (CellCNN, CytoDX, CytoSet), single models (CNN1DE, LSE), and
the proposed CytoDNNEnsemble (CDE) across all datasets and subsample sizes n. The black line indicates the average metric
value for each model.

scenario, highlighting the inherent difficulty of multi-cell cy-
tometry classification. A similar pattern is observed among
the individual models within the CDE framework: depending
on the dataset, different model sizes and branches (LSE or
CNN1DE) emerge as the best-performing single model. This
variability supports the use of ensembles that can combine
multiple specialized components.

The proposed CytoDNNEnsemble leverages this diversity
and consistently provides the best overall robustness and aver-
age performance across datasets, while remaining parameter-
efficient on most benchmarks. In practice, the modular de-
sign of the framework allows flexible deployment: LSE or
CNN1DE can be used independently when computational
resources are limited, and the full CDE ensemble can be ac-
tivated when maximum predictive performance is required.
A reference implementation, including training and evalua-
tion scripts and hyperparameter search utilities, is publicly
available in our GitHub repository71.

Conclusion

In this work, we introduced CytoDNNEnsemble, a parameter-
efficient deep ensemble architecture for flow and mass
cytometry-based diagnosis. The model combines two comple-
mentary branches: CNN1DE, which focuses on fine-grained,
cell-level patterns, and LSE, which captures global, marker-
level trends from normalized histograms. By integrating these
local and global representations, CytoDNNEnsemble is able
to learn rich sample-level features from high-dimensional
cytometry data.

The proposed ensemble achieves state-of-the-art perfor-
mance on the two largest and most diverse benchmark datasets,
AML and HEUvsUE, while remaining competitive on the
smaller HVTN and NK-Cell datasets. These results suggest
that CytoDNNEnsemble is particularly well suited to settings
where data are available from a larger number of individuals,
allowing the model to fully exploit its dual-branch design.
On smaller datasets, single-branch models—especially the

LSE variant—already provide strong performance with fewer
parameters, indicating that model capacity should be matched
to the amount of available data.

From a practical perspective, CytoDNNEnsemble is de-
signed to be computationally efficient and easy to deploy. All
experiments were conducted on standard consumer GPUs
with less than 12 GB of VRAM, demonstrating that the pro-
posed models do not require a specialized high-performance
computing infrastructure. The modular structure of the frame-
work allows LSE and CNN1DE to be used independently or
combined in the full ensemble, enabling flexible deployment
strategies depending on available computational resources and
desired accuracy.

In general, the combination of robust predictive perfor-
mance in large-scale datasets, favorable parameter efficiency,
and modular design positions CytoDNNEnsemble as a versa-
tile tool for cytometry-based analysis and diagnostic decision
support. Future work will focus on extending the frame-
work to multi-class problems, integrating additional sources
of clinical information, and investigating strategies to improve
performance and calibration on small-cohort datasets.
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A All model sizes

Table 8 reports the average number of parameters for all model
size configurations. The latent dimensionality of the LSE
model is fixed at 64 in all settings.

Size Model AML HEUvsUE HVTN NK-Cell

- CytoSet 25,217 334,081 334,593 85,249

Small
LSE (ours) 54,009 24,313 25,337 57,081
CNN1DE (ours) 29,246.3 97,086.3 25,662.3 29,502.3

Medium
LSE (ours) 54,953 25,257 26,281 58,025
CNN1DE 30,622.3 98,718.3 27,038.3 31,134.3
CDE (ours) 85,584.3 124,008.3 53,328.3 89,168.3

Large
LSE (ours) 57,609 27,913 28,937 60,681
CNN1DE (ours) 36,446.3 105,054.3 33,374.3 37,470.3

Table 8. Average number of model parameters (for all size
configurations, with the LSE model latent dimensionality
fixed at 64). Since the number of parameters depends on the
input dimensionality, values are reported per dataset and
averaged across all sampled cell counts (n).
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B Single model predictions

Figures 6, 7, 8, and 9 show the predictions of the single mod-
els (LSE and CNN1DE) alongside the final CDE ensemble
model for different values of the sampling parameter n. In
most cases, the ensemble (CDE), which combines the out-
puts of LSE and CNN1DE, is able to correct errors when one
branch predicts correctly and the other does not, illustrating
the complementary behavior of the two single models.

Predictions on the HEUvsUE dataset (Figure 7) further
illustrate that the single models frequently produce different
outputs. HEUvsUE is considered the most challenging dataset
among the analyzed benchmarks and was also identified as
the most difficult dataset in the FlowCAP-II challenge. The
discrepancies between the single-model predictions support
this assessment and highlight the value of analyzing samples
from complementary perspectives—global with LSE and local
with CNN1DE. In multiple cases, the ensemble successfully
corrects errors made by individual models, confirming that this
dual-perspective design is effective for improving prediction
accuracy on complex cytometry datasets.

Figure 6. Predictions of proposed models: LSE, CNN1DE
and the ensemble model - CDE for the AML dataset along
with their corresponding labels. A red cell indicates a
negative class, a green cell indicates a positive class.

C Precision, recall, F1 metric values

Tables 9, 10, 11, and 12 report the precision, recall, and F1
scores for both the individual models and the ensemble. In
most cases, using the ensemble either improves these metrics
or leaves them unchanged compared to the corresponding
single models.

Figure 7. Predictions of proposed models: LSE, CNN1DE
and the ensemble model - CDE for the HEUvsUE dataset
along with their corresponding labels. A red cell indicates a
negative class, a green cell indicates a positive class.

Figure 8. Predictions of proposed models: LSE, CNN1DE
and the ensemble model - CDE for the HVTN dataset along
with their corresponding labels. A red cell indicates a
negative class, a green cell indicates a positive class.

Figure 9. Predictions of proposed models: LSE, CNN1DE
and the ensemble model - CDE for the NK-Cell dataset along
with their corresponding labels. A red cell indicates a
negative class, a green cell indicates a positive class.
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Model
n = 256 n = 512 n = 1024

Precision Recall F1 Precision Recall F1 Precision Recall F1

LSE-small (ours) 93.3 ± 5.44 88.9 ± 0.00 91.0 ± 2.56 95.3 ± 5.80 84.4 ± 5.44 89.4 ± 4.43 97.8 ± 4.44 80.0 ± 8.32 87.6 ± 4.52
CNN1DE-small (ours) 93.1 ± 9.04 82.2 ± 5.44 87.2 ± 6.45 100 ± 0.00 82.2 ± 5.44 90.2 ± 3.24 97.8 ± 4.44 86.7 ± 8.32 91.6 ± 4.86

LSE-medium (ours) 95.8 ± 5.18 93.3 ± 5.44 94.4 ± 3.52 97.5 ± 5.00 84.4 ± 5.44 90.4 ± 4.79 95.0 ± 6.12 80.0 ± 4.44 86.8 ± 4.34
CNN1DE-medium (ours) 83.6 ± 5.98 80.0 ± 8.32 81.7 ± 6.97 82.8 ± 4.47 84.4 ± 5.44 83.5 ± 3.58 90.0 ± 5.00 80.0 ± 4.44 84.7 ± 4.71

LSE-large (ours) 95.5 ± 5.57 91.1 ± 8.32 93.1 ± 5.79 100 ± 0.00 86.7 ± 4.44 92.8 ± 2.65 97.5 ± 5.00 86.7 ± 8.32 91.6 ± 6.09
CNN1DE-large (ours) 83.9 ± 9.36 80.0 ± 8.32 81.8 ± 8.49 100 ± 0.00 71.1 ± 11.3 82.6 ± 7.68 91.6 ± 7.09 68.9 ± 13.0 77.9 ± 8.83
CDE-medium (ours) 93.1 ± 5.69 86.7 ± 4.44 89.7 ± 4.34 97.5 ± 5.00 86.7 ± 8.32 91.6 ± 6.09 93.3 ± 5.55 86.7 ± 8.32 89.5 ± 4.57

CDE-best (ours) 95.6 ± 5.44 91.1 ± 4.44 93.2 ± 4.13 100 ± 0.00 91.1 ± 4.44 95.3 ± 2.35 97.8 ± 4.44 93.3 ± 8.89 95.3 ± 5.80

Table 9. Results obtained for single models - LSE and CNN1DE and CytoDNNEnsemble model for AML dataset. Results
marked in bolded are the best results obtained across all the models. CDE-best model consists of the best LSE and CNN1DE
models. CDE-medium model consists of the LSE and CNN1DE models in medium sizes.

Model
n = 1024 n = 2048 4096

Precision Recall F1 Precision Recall F1 Precision Recall F1

LSE-small (ours) 74.0 ± 3.67 58.8 ± 7.20 65.4 ± 5.31 73.8 ± 3.91 63.5 ± 4.78 68.1 ± 2.77 75.2 ± 4.96 72.4 ± 4.78 73.7 ± 4.14
CNN1DE-small (ours) 58.7 ± 3.78 66.5 ± 16.3 61.7 ± 8.69 57.5 ± 1.85 61.2 ± 17.8 57.5 ± 10.6 55.6 ± 3.7 67.1 ± 19.1 59.5 ± 8.03

LSE-medium (ours) 77.0 ± 5.80 60.0 ± 7.35 67.2 ± 5.60 74.0 ± 4.04 61.8 ± 4.92 67.3 ± 3.81 74.0 ± 3.77 68.8 ± 6.06 71.3 ± 4.77
CNN1DE-medium (ours) 66.3 ± 3.71 71.8 ± 12.0 68.1 ± 4.44 65.3 ± 2.73 68.8 ± 18.1 65.4 ± 8.78 67.3 ± 5.96 55.9 ± 15.3 59.6 ± 6.84

LSE-large (ours) 75.1 ± 4.83 60.0 ± 4.78 66.6 ± 4.10 74.3 ± 6.83 63.5 ± 3.00 68.2 ± 1.78 73.8 ± 2.47 71.2 ± 2.20 72.5 ± 1.95
CNN1DE-large (ours) 77.4 ± 9.93 68.2 ± 12.8 71.2 ± 5.69 73.5 ± 4.65 71.2 ± 23.1 69.8 ± 14.2 66.0 ± 9.45 86.5 ± 9.95 73.7 ± 3.14
CDE-medium (ours) 74.0 ± 4.52 74.7 ± 8.84 74.1 ± 5.76 72.5 ± 7.28 73.5 ± 7.67 72.7 ± 4.80 69.7 ± 6.36 70.0 ± 6.81 69.5 ± 4.35

CDE-best (ours) 83.5 ± 2.77 80.6 ± 6.34 81.9 ± 4.39 83.6 ± 6.91 77.7 ± 1.44 80.4 ± 3.12 85.5 ± 4.79 73.5 ± 7.44 78.7 ± 4.36

Table 10. Results obtained for single models - LSE and CNN1DE and CytoDNNEnsemble model for HEUvsUE dataset.
Results marked in bolded are the best results obtained across all the models. CDE-best model consists of the best LSE and
CNN1DE models. CDE-medium model consists of the LSE and CNN1DE models in medium sizes.

Model
n = 256 n = 512 n = 1024

Precision Recall F1 Precision Recall F1 Precision Recall F1

LSE-small (ours) 89.6 ± 3.01 70.8 ± 2.64 79.1 ± 2.13 92.1 ± 3.97 66.7 ± 2.64 77.3 ± 2.37 96.8 ± 4.10 73.3 ± 3.33 83.4 ± 3.07
CNN1DE-small (ours) 74.5 ± 10.2 80.8 ± 17.0 75.1 ± 5.20 75.8 ± 5.73 71.7 ± 18.9 71.7 ± 7.72 80.6 ± 16.2 47.5 ± 31.7 48.8 ± 25.8

LSE-medium (ours) 92.3 ± 2.54 69.2 ± 2.04 79.0 ± 1.81 92.5 ± 5.04 67.5 ± 3.12 77.9 ± 0.74 97.9 ± 2.58 74.2 ± 4.08 84.3 ± 2.75
CNN1DE-medium (ours) 79.6 ± 11.5 64.2 ± 22.5 66.8 ± 12.0 74.1 ± 5.96 76.7 ± 19.8 73.1 ± 9.52 74.6 ± 11.2 75.8 ± 22.3 71.4 ± 9.36

LSE-large (ours) 91.2 ± 2.64 69.2 ± 2.04 78.7 ± 2.14 91.5 ± 2.42 71.7 ± 4.86 80.3 ± 3.24 97.9 ± 2.58 73.3 ± 4.25 83.8 ± 2.69
CNN1DE-large (ours) 73.0 ± 3.08 80.0 ± 8.08 76.0 ± 3.72 78.1 ± 5.04 75.8 ± 10.3 76.5 ± 5.82 73.4 ± 3.74 74.2 ± 15.0 72.8 ± 7.61
CDE-medium (ours) 82.6 ± 8.54 82.5 ± 7.17 81.9 ± 2.66 82.5 ± 6.35 78.3 ± 6.67 79.9 ± 2.96 89.0 ± 9.76 83.3 ± 6.97 85.6 ± 5.32

CDE-best (ours) 79.0 ± 3.42 86.7 ± 4.86 82.5 ± 2.35 80.9 ± 1.64 85.0 ± 3.33 82.9 ± 2.28 86.6 ± 10.2 82.5 ± 4.86 84.1 ± 5.12

Table 11. Results obtained for single models - LSE and CNN1DE and CytoDNNEnsemble model for HVTN dataset. Results
marked in bolded are the best results obtained across all the models. CDE-best model consists of the best LSE and CNN1DE
models. CDE-medium model consists of the LSE and CNN1DE models in medium sizes.

Model
n = 256 n = 512 n = 1024

Precision Recall F1 Precision Recall F1 Precision Recall F1

LSE-small (ours) 56.7 ± 8.17 90.0 ± 20.0 68.7 ± 11.1 66.7 ± 0.00 100 ± 0.00 80.0 ± 0.00 66.7 ± 0.00 100 ± 0.00 80.0 ± 0.00
CNN1DE-small (ours) 56.7 ± 13.3 90.0 ± 20.0 69.3 ± 15.55 63.3 ± 6.67 100 ± 0.00 77.3 ± 5.33 66.7 ± 0.00 100 ± 0.00 80.0 ± 0.00

LSE-medium (ours) 53.3 ± 12.5 90.0 ± 20.0 66.7 ± 14.6 66.7 ± 0.00 100 ± 0.00 80.0 ± 0.00 66.7 ± 0.00 100 ± 0.00 80.0 ± 0.00
CNN1DE-medium (ours) 56.7 ± 8.17 100.0 ± 0.00 72.0 ± 6.53 63.3 ± 6.67 90.0 ± 20.0 74.0 ± 12.0 63.3 ± 6.67 100 ± 0.00 77.3 ± 5.33

LSE-large (ours) 56.7 ± 13.3 90.0 ± 20.0 69.3 ± 15.6 66.7 ± 0.00 100 ± 0.00 80.0 ± 0.00 73.3 ± 13.3 100 ± 0.00 84.0 ± 8.00

CNN1DE-large (ours) 48.0 ± 4.00 100 ± 0.00 64.8 ± 3.81 54.7 ± 10.5 100 ± 0.00 70.1 ± 8.80 56.7 ± 8.17 100 ± 0.00 72.0 ± 6.53
CDE-medium (ours) 60.0 ± 8.17 100 ± 0.00 74.7 ± 6.53 63.3 ± 6.67 100 ± 0.00 77.3 ± 5.33 63.3 ± 6.67 100 ± 0.00 77.3 ± 5.33

CDE-best (ours) 60.0 ± 8.17 100 ± 0.00 74.7 ± 6.53 63.3 ± 6.67 100 ± 0.00 77.3 ± 5.33 66.7 ± 0.00 100 ± 0.00 80.0 ± 0.00

Table 12. Results obtained for single models - LSE and CNN1DE and CytoDNNEnsemble model for NK-Cell dataset.
Results marked in bolded are the best results obtained across all the models. CDE-best model consists of the best LSE and
CNN1DE models. CDE-medium model consists of the LSE and CNN1DE models in medium sizes.

D Latent Space Extractor Model architec-
ture details

Table 13 presents the hyperparameters of the LSE model
architecture. The LSE autoencoder hyperparameters for the
small, medium, large models are listed in Tables 14, 15, 16.

Table 13. Hyperparameters of the LSE Model architecture

Module Type Hyperparameters

Feature Extractor CNN Encoder -

Classifier

Linear out=16
LeakyReLU -
Linear out=1
Sigmoid -
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Table 14. Hyperparameters of the autoencoder-small
architecture (encoder and decoder)

Module Type Hyperparameters

Encoder

Conv1D kernel=5, stride=2, padding=1
BatchNorm1D -
LeakyReLU -
Conv1D kernel=3,5 stride=2, padding=1
BatchNorm1D -
LeakyReLU -
Flatten -
Linear out=latent_dim

Decoder

Linear in=latent_dim
Unflatten -
ConvTranspose1D kernel=3, stride=2, padding=1, out_padding=0
BatchNorm1D -
LeakyReLU -
ConvTranspose1D kernel=5, stride=2, padding=1, out_padding=1

Table 15. Hyperparameters of the autoencoder-medium
architecture (encoder and decoder)

Module Type Hyperparameters

Encoder

Conv1D kernel=5, stride=2, padding=1
BatchNorm1D -
LeakyReLU -
Conv1D kernel=3, stride=2, padding=1
BatchNorm1D -
LeakyReLU -
Conv1D kernel=3, stride=2, padding=1
BatchNorm1D -
LeakyReLU -
Flatten -
Linear out=latent_dim

Decoder

Linear in=latent_dim
Unflatten -
ConvTranspose1D kernel=3, stride=2, padding=1, out_padding=0
BatchNorm1D -
LeakyReLU -
ConvTranspose1D kernel=3, stride=2, padding=1, out_padding=0
BatchNorm1D -
LeakyReLU -
ConvTranspose1D kernel=5, stride=2, padding=1, out_padding=1

Table 16. Hyperparameters of the autoencoder-large
architecture (encoder and decoder)

Module Type Hyperparameters

Encoder

Conv1D kernel=5, stride=2, padding=1
BatchNorm1D -
LeakyReLU -
Conv1D kernel=3, stride=2, padding=1
BatchNorm1D -
LeakyReLU -
Conv1D kernel=3, stride=2, padding=1
BatchNorm1D -
LeakyReLU -
Conv1D kernel=3, stride=2, padding=1
BatchNorm1D -
LeakyReLU -
Flatten -
Linear out=latent_dim

Decoder

Linear in=latent_dim
Unflatten -
ConvTranspose1D kernel=3, stride=2, padding=1, out_padding=0
BatchNorm1D -
LeakyReLU -
ConvTranspose1D kernel=3, stride=2, padding=1, out_padding=0
BatchNorm1D -
LeakyReLU -
ConvTranspose1D kernel=3, stride=2, padding=1, out_padding=0
BatchNorm1D -
LeakyReLU -
ConvTranspose1D kernel=5, stride=2, padding=1, out_padding=1

E 1D Convolutional Neural Network Extrac-
tor Model architecture details

The hyperparameters of the CNN1DE model architecture are
provided for all three size configurations: small (Table 17),
medium (Table 18), and large (Table 19).

Table 17. Hyperparameters of the CNN1D Extractor small
architecture

Module Type Hyperparameters

Feature Extractor

Conv1D kernel=5, stride=1, padding=1
BatchNorm1D -
LeakyReLU -
MaxPool1D kernel=2, stride=2
Conv1D kernel=3, stride=1, padding=1
BatchNorm1D -
LeakyReLU -

Classifier

Linear out=16
LeakyReLU -
Linear out=1
Sigmoid -

Table 18. Hyperparameters of the CNN1D Extractor
medium architecture

Module Type Hyperparameters

Feature Extractor

Conv1D kernel=5, stride=1, padding=1
BatchNorm1D -
LeakyReLU -
MaxPool1D kernel=2, stride=2
Conv1D kernel=3, stride=1, padding=1
BatchNorm1D -
LeakyReLU -
MaxPool1D kernel=2, stride=2
Conv1D kernel=3, stride=1, padding=1
BatchNorm1D -
LeakyReLU -

Classifier

Linear out=16
LeakyReLU -
Linear out=1
Sigmoid -

Table 19. Hyperparameters of the CNN1D Extractor large
architecture

Module Type Hyperparameters

Feature Extractor

Conv1D kernel=5, stride=1, padding=1
BatchNorm1D -
LeakyReLU -
MaxPool1D kernel=2, stride=2
Conv1D kernel=3, stride=1, padding=1
BatchNorm1D -
LeakyReLU -
MaxPool1D kernel=2, stride=2
Conv1D kernel=3, stride=1, padding=1
BatchNorm1D -
LeakyReLU -
MaxPool1D kernel=2, stride=2
Conv1D kernel=3, stride=1, padding=1
BatchNorm1D -
LeakyReLU -

Classifier

Linear out=16
LeakyReLU -
Linear out=1
Sigmoid -
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F CytoDNNEnsemble Model architecture
details

Table 20 presents hyperparameters of the final, CDE Model
architecture.

Table 20. Hyperparameters of the CytoDNNEnsemble
Model architecture

Module Type Hyperparameters

Feature Extractor
Latent Space Extractor -
CNN1DE Extractor -

Classifier

Linear out=hidden_dim
LeakyReLU -
Linear out=1
Sigmoid -

G Final hyperparameter values

Grid-search-optimized hyperparameter values for all models
are listed in tables. Table 21 reports the values for the CDE
model, Table 22 shows the values for the Latent Space Ex-
tractor model, Table 23 presents the selected values for the
CNN1D Extractor model.

Table 21. Final Hyperparameter values of the CDE Models

Dataset Version Hyperparameter Value

AML

Medium

classifier hidden dim 2
learning rate 10−2

train feature extractors true
weight decay 10−2

Best

classifier hidden dim 2
learning rate 10−1

train feature extractors false
weight decay 10−1

HEUvsUE

Medium

classifier hidden dim 8
learning rate 10−2

train feature extractors true
weight decay 10−4

Best

classifier hidden dim 4
learning rate 10−2

train feature extractors true
weight decay 10−3

HVTN

Medium

classifier hidden dim 2
learning rate 10−2

train feature extractors false
weight decay 10−3

Best

classifier hidden dim 2
learning rate 10−2

train feature extractors false
weight decay 10−1

NK-Cell

Medium

classifier hidden dim 2
learning rate 10−2

train feature extractors false
weight decay 10−3

Best

classifier hidden dim 2
learning rate 10−3

train feature extractors true
weight decay 10−2

Table 22. Final Hyperparameter values of the Latent Space
Extractor Models

Dataset Size Hyperparameter Value

AML

Small
learning rate 10−3

learning rate autoencoder 10−5

latent dim autoencoder 32

Medium
learning rate 10−3

learning rate autoencoder 10−5

latent dim autoencoder 32

Large
learning rate 10−3

learning rate autoencoder 10−6

latent dim autoencoder 64

HEUvsUE

Small
learning rate 10−3

learning rate autoencoder 10−6

latent dim autoencoder 32

Medium
learning rate 10−4

learning rate autoencoder 10−6

latent dim autoencoder 64

Large
learning rate 10−3

learning rate autoencoder 10−6

latent dim autoencoder 32

HVTN

Small
learning rate 10−3

learning rate autoencoder 10−5

latent dim autoencoder 64

Medium
learning rate 10−3

learning rate autoencoder 10−5

latent dim autoencoder 32

Large
learning rate 10−3

learning rate autoencoder 10−6

latent dim autoencoder 32

NK-Cell

Small
learning rate 10−3

learning rate autoencoder 10−6

latent dim autoencoder 32

Medium
learning rate 10−3

learning rate autoencoder 10−5

latent dim autoencoder 32

Large
learning rate 10−4

learning rate autoencoder 10−5

latent dim autoencoder 32

Table 23. Final Hyperparameter values of the CNN1DE
Extractor Models

Dataset Size Hyperparameter Value

AML
Small learning rate 10−3

Medium learning rate 10−4

Large learning rate 10−2

HEUvsUE
Small learning rate 10−1

Medium learning rate 10−2

Large learning rate 10−1

HVTN
Small learning rate 10−4

Medium learning rate 10−3

Large learning rate 10−4

NK-Cell
Small learning rate 10−2

Medium learning rate 10−2

Large learning rate 10−4
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Figure 10. Accuracy and AUC metric values obtained for baseline models - CellCNN, CytoDX, CytoSet, our models - LSE,
CNN1DE, CDE for AML dataset.

Figure 11. Accuracy and AUC metric values obtained for baseline models - CellCNN, CytoDX, CytoSet, our models - LSE,
CNN1DE, CDE for HEUvsUE dataset.

Figure 12. Accuracy and AUC metric values obtained for baseline models - CellCNN, CytoDX, CytoSet, our models - LSE,
CNN1DE, CDE for HVTN dataset.

Figure 13. Accuracy and AUC metric values obtained for baseline models - CellCNN, CytoDX, CytoSet, our models - LSE,
CNN1DE, CDE for NK-Cell dataset.

19/20



H Result plots

The results for all three proposed models—CNN1DE, LSE,
and CDE—alongside the baseline models CellCNN, CytoDX,
and CytoSet are shown in Figures 10, 11, 12, and 13. In
particular, on the larger AML and HEUvsUE datasets, the
proposed ensemble model is largely agnostic to the sampling
value n, consistently achieving the best performance across
all sampling settings.

The figures also highlight the complementary behavior of
the individual models in several cases. This effect is par-
ticularly pronounced at the largest sampling values, namely
n = 4096 for HEUvsUE, n = 1024 for HVTN, and n = 1024
for NK-Cell. In these scenarios, the prediction quality of the
CNN1DE model decreases, whereas that of the LSE model
improves, resulting in more robust and general predictions
across different input settings.
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