
Journal of Machine Learning Research 23 (2022) 1-10 Submitted 1/21; Revised 5/22; Published 9/22

NeXtMarker: Contrastive Learning for Marker-Level
Interpretability in Single-Cell Multiplex Imaging

Simon Gutwein1,2,3,4,5,6 simon.gutwein@ccri.at

Daria Lazic1 daria.lazic@embl.de

Thomas Walter4,5,6 thomas.walter@minesparis.psl.eu

Sabine Taschner-Mandl1 sabine.taschner@ccri.at

Roxane Licandro3 roxane.licandro@meduniwien.ac.at
1 St. Anna Children’s Cancer Research Institute, Vienna, Austria
2 TU Wien, Institute of Visual Computing and Human-Centered Technology, CVL, Vienna, Austria
3 Medical University of Vienna, Biomedical Imaging and Image-guided Therapy, Vienna, Austria
4 Centre for Computational Biology (CBIO), Mines Paris, PSL University, 75006 Paris, France
5 Institut Curie, 75248 Paris Cedex, France
6 INSERM, U900, 75248 Paris Cedex, France

Abstract

Understanding cell phenotypes and their spatial organization is crucial in multiplex imaging
for spatial biology. Conventional analysis pipelines rely on extensive preprocessing, includ-
ing background correction and segmentation, introducing biases and information loss. We
present NeXtMarker, an interpretable deep learning framework for end-to-end single-cell
analysis of multiplex images, eliminating the need for manual preprocessing or segmenta-
tion. NeXtMarker employs learned marker-specific normalization and interpretable feature
extraction to generate biologically meaningful embeddings in a fully self-supervised manner.
It directly processes raw images of cells while preserving spatial and morphological informa-
tion. We demonstrate NeXtMarker’s ability to (i) resolve intercellular expression patterns
and cell morphology, (ii) enable accurate cell phenotyping in a large neuroblastoma tumor
dataset, and (iii) generalize to independent osteosarcoma images. NeXtMarker maintains
high agreement with conventional pipelines while eliminating the need for preprocessing
and segmentation and enhancing interpretability. By enabling unbiased, scalable single-
cell analysis, NeXtMarker establishes a foundation for improved phenotyping in multiplex
imaging. Code and pretrained models available at: [code_released_upon_acceptance].
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1 Introduction

Multiplex imaging (MI) technologies on the protein level, such as Imaging Mass Cytom-
etry (IMC) (Giesen et al., 2014), Multiplexed Ion Beam Imaging (Angelo et al., 2014),
and CO-Detection by Indexing (Black et al., 2021), enable the simultaneous detection of
multiple biological markers while preserving spatial information. However, analyzing these
high-dimensional images remains challenging (Bussi and Keren, 2024). Identifying and lo-
calizing cell phenotypes is essential for studying cell-type interactions in spatial biology and
requires integrating both morphology and marker co-expression patterns. Conventional
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phenotyping pipelines extract single-cell information through background correction, seg-
mentation, and integrated expression (IE) quantification within cell segmentation masks
(Fig. 1, A).
Despite widespread use in tools like Steinbock (Windhager et al., 2023), these pipelines have
limitations: (i) Background correction relies on subjective user-defined annotations, intro-
ducing bias (Berg et al., 2019). (ii) Segmentation remains error-prone (Stringer et al., 2021;
Greenwald et al., 2022), as low resolution and densely packed cells obscure cell borders (Bai
et al., 2021), even after fine-tuning. (iii) IE assumes perfect segmentation and collapses
complex image information into single-marker intensity values, disregarding intercellular
expression patterns and morphology crucial for subtype differentiation. Additionally, man-
ually defined features, such as IE, are not necessarily optimal for capturing the biologically
most relevant information, potentially limiting the accuracy of phenotyping.
To address these limitations, we introduce NeXtMarker—a deep learning framework de-
signed for unbiased exploration of cell types and states directly from raw multiplex imag-
ing data, without requiring prior knowledge, annotations, or predefined cell categories.
NeXtMarker eliminates biased, labor-intensive preprocessing, bypasses segmentation, and
trains in a fully self-supervised manner. Operating directly on raw images, it enables large-
scale analysis while preserving the spatial and morphological context. Its interpretable
architecture reveals individual marker contributions, enhancing biological insight. Our key
contributions with NeXtMarker are as follows:

(1) No Preprocessing: NeXtMarker analyzes raw multiplex images without background
correction, segmentation, or manual preprocessing.

(2) Interpretable Cell Embeddings: The proposed architecture enables experts to
assess marker contributions, revealing biologically relevant co-expression patterns.

(3) Spatial and Morphological Preservation: Unlike segmentation-based methods,
NeXtMarker retains spatial marker variations and cell morphology for precise cell type
characterization.

(4) Normalization Learning: The model learns marker-specific normalization, facili-
tating data integration and reducing batch effects.

2 Methods

NeXtMarker comprises three key components: (i) marker specific normalization learning,
(ii) interpretable feature extraction, and (iii) feature embedding, capturing marker inter-
actions, as shown in Fig. 1B. NeXtMarker processes image patches centered on individual
cells and generates two outputs: an interpretable marker attribution vector, referred to as
Interpretability stage (I), indicating marker importance, and a final embedding vector (F)
used for downstream tasks, such as clustering. These outputs enable accurate, biologically
interpretable cell phenotyping.

(i) Normalization Learning: Unlike integrative imaging methods that normalize inten-
sities to [0,1], IMC operates on an unbounded intensity scale, with pixel intensities ranging
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from 0 to over 103, varying significantly between individual biological markers.. To stan-
dardize these variations from [0;1) to [0; 1], we apply parameterized sigmoid functions
fM (x) per marker M 2 [M1; :::; MX] (Fig. 1B, i). Each sigmoid function has two trainable
parameters per marker: xc;M , the center, and x0c;M , the slope at xc;M , learned and opti-
mized during NeXtMarker’s training. The transformation fM for marker M and input pixel
intensity x is defined as:

fM (x) =
1

1 + exp
�
�4x0c;M � (x� xc;M )

� (1)

(ii) Interpretable Feature Extraction: Deep learning models inherently lack inter-
pretability unless explicitly designed for it, a critical factor for phenotyping in MI. Thus,
we designed a feature extractor that disentangles features by input channel, corresponding
to biological markers (Interpretability I in Fig. 1B, ii).
This is achieved via grouped convolutions (Xie et al., 2016), where the number of groups
matches the number of markers (G = X), ensuring each convolutional group learns features
specific to a single marker. Stacking multiple such blocks forms a deep feature extractor
that preserves marker-specific representations, enabling direct interpretation of biological
marker contributions within the learned feature space.

(iii) Channel Crosstalk: Cell phenotyping relies on the simultaneous expression of spe-
cific marker combinations, hereafter referred to as co-expression. The final stage integrates

Figure 1: Overview of conventional analysis pipelines (A) compared to NeXtMarker’s work-
flow (B). (A) Traditional pipelines involve preprocessing steps such as background
correction, segmentation, and IE calculation. (B) NeXtMarker processes raw mul-
tiplex images without manual preprocessing, utilizing (i) a novel marker-specific
normalization learning strategy, (ii) interpretable feature extraction, and (iii)
crosstalk integration to generate feature embeddings.
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marker interactions via a linear layer processing the Interpretability Vector I, producing
the entangled final embedding F (Fig. 1B, iii). This embedding refines feature organization
and supports downstream tasks.

Training of NeXtMarker: NeXtMarker is trained in an self-supervised fashion using
contrastive learning with a modified SimCLR (Chen et al., 2020) framework. Augmen-
tations include random intensity scaling per marker, affine transformations, and flipping.
Unlike standard SimCLR, which uses two positive pairs, we allow a flexible number of aug-
mentations per sample. The model is optimized with NT-Xent (Chen et al., 2020) loss
(temperature = 0:5). To stabilize learned normalization functions, we constrain parame-
ter values, preventing negative xc or excessively steep x0c, ensuring biologically plausible
transformations using the following penalty term:

LM = max(0;�xc;M )| {z }
Ensuresxc;M�0

+max(0; x0c;M � 1)| {z }
Constrainsx′

c;M�1

+max(0; 2=x0c;M � xc;M )| {z }
Controlsscalingrelation

(2)

3 Experiments and Results

NeXtMarker is evaluated through two experiments: (1) a synthetic dataset is used to test
NeXtMarker’s ability to distinguish intercellular expression patterns and morphology, and
(2) two independent datasets are used with the same IMC marker panel, to test a real-
world application and demonstrate NeXtMarker’s effectiveness in cell phenotyping and
cross-dataset generalization.

Experiment 1 - Intercellular Expression Patterns and Morphology: This experi-
ment assesses NeXtMarker’s ability to resolve intercellular expression patterns, which con-
ventional IE methods fail to capture. We synthetically generated a five-marker [M1; :::; M5]
single-cell dataset with seven subpopulations, each defined by distinct marker expression
profiles, cell size (Fig. 2A,I), morphology (circular vs. neutrophil, Fig. 2A,II), expression
localization (center vs. border, Fig. 2A,III), and relative abundance.
NeXtMarker was trained with four augmented views per single cell patch, applying random
marker intensity scaling (0.9 - 1.1), size scaling (0.9 - 1.1) rotation (0° - 359°), and random
flipping (p=0.5). Training used the Adam optimizer (learning rate: 0.001, batch size: 256).
For the baseline, we computed IE as the mean intensity over the nucleus mask per marker.
NeXtMarker’s performance was evaluated qualitatively via UMAP (McInnes et al., 2020)
and quantitatively using a two-layer MLP classifier (60%-20%-20% train-validation-test
split) for classification accuracy. Subpopulation separation was assessed with silhouette
score (Rousseeuw, 1987) and Davies-Bouldin index (Davies and Bouldin, 1979).

Results: Fig. 2B shows that while IE distinguishes broad expression patterns, it fails
to capture intercellular variations. In contrast, NeXtMarker effectively differentiates both
expression patterns and subtypes, as confirmed by the confusion matrix (Fig. 2B) and quan-
titative metrics (Fig. 2C). Additionally, NeXtMarker organizes its feature space to reflect
cell size variations within subtypes, evident in Fig. 2D, where a clear gradient from small to
large cells is observed. This demonstrates NeXtMarker’s ability to detect subtle morpho-
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