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Abstract. Multiplexed ion-beam imaging enables simultaneous quantification
of dozens of protein markers at subcellular resolution. In this paper, we investi-
gate how channel selection impacts U-Net—based segmentation performance on
a public triple-negative breast cancer MIBI-TOF dataset with 41 images each
with 48 channels. Our experiments show that compact, data-driven marker sub-
sets achieve higher Dice than the recommended panel, suggested by the dataset
paper, while using fewer channels. In summary, our experiments show that it
is possible to reduce from seven channels to one without losing segmentation
accuracy: our best single-channel model (dsDNA) achieves 89.36% Dice, prac-
tically matching the 89.41% Dice obtained by the full recommended panel.

1. Introduction

Breast cancer remains one of the leading causes of cancer-related mortality among
women[Bray et al. 2024], with triple-negative breast cancer (TNBC) representing one of
its most aggressive forms due to the lack of estrogen receptor, progesterone receptor, and
HER?2 expression [Jie et al. 2025]. This absence limits the use of targeted therapies and is
associated with poor clinical outcomes, making precise characterization of these tumors
a continuing challenge.

Advances in high-dimensional imaging, particularly multiplexed ion beam imag-
ing by time-of-flight (MIBI-TOF), have expanded the ability to study the tumor microen-
vironment in situ. MIBI-TOF uses metal-isotope—labeled antibodies to simultaneously
quantify dozens of proteins at subcellular resolution, overcoming the limitations of con-
ventional immunohistochemistry [Angelo et al. 2014]. Since its introduction in breast tu-
mor analysis it has enabled detailed characterization of immune and tumor compartments,
and studies such as that of [Keren et al. 2018] have established widely used benchmark
datasets for TNBC.

Early and accurate detection of aggressive subtypes remains crucial, especially
in metastatic progression, where mortality is highest. Imaging-based machine learning



pipelines support this goal by enabling automated detection, stratification, and monitor-
ing of tumors from high-dimensional images. Within these pipelines, segmentation is
a fundamental step: errors in this stage propagate through downstream analyses and can
compromise risk assessment or delay detection of disease spread. As a result, high-quality
segmentation has become essential for computational workflows in breast cancer research
[Petinrin et al. 2023].

Deep learning methods, particularly encoder—decoder architectures such as U-Net,
now dominate biomedical image segmentation. The U-Net design integrates contextual
information with precise spatial localization, making it particularly well suited for de-
lineating nuclei and whole-cell boundaries in microscopy data. In breast cancer studies,
U-Net-based models have been used extensively to quantify tumor morphology, cellu-
lar heterogeneity, and microenvironmental organization [Ronneberger et al. 2015]. Re-
cent adaptations for multiplexed imaging, such as the deep-imcyto module within the
TRACERx-PHLEX pipeline [Magness et al. 2024], have demonstrated that IMC-tailored
segmentation workflows can outperform general-purpose approaches on dense and het-
erogeneous tissue images.

Despite these advances, typical MIBI-TOF experiments measure dozens of nu-
clear, membrane, and functional markers simultaneously, yet segmentation pipelines often
rely on fixed subsets of these channels, selected by expert preference or inherited from
prior work. This practice leaves open an important question: “how does segmentation
quality depend on the specific choice and number of channels used as model input?”. It
remains unclear whether large marker panels are necessary or whether smaller, optimized
subsets could yield comparable or even improved performance.

In this paper we first performs a systematic single-channel screening using U-
Net to rank individual MIBI-TOF markers by Dice-based segmentation performance in
TNBC. Second, it evaluates how segmentation quality scales with the number of input
channels by training incremental multi-channel models built from the highest-ranked
markers, characterizing performance saturation and identifying cases in which adding
lower-ranked channels degrades accuracy. Finally, it compares data-driven marker subsets
against a literature-recommended panel under a consistent training protocol, highlighting
that compact, ranked panels can match or outperform broader conventional selections for
this segmentation task.

The paper main contribution is to provide experimental evidence that explicit
channel selection improves efficiency and can also improve performance, helping to de-
sign more economical marker panels for segmentation in spatial proteomics workflows.

2. Related Work

A natural starting point for this study is the seminal work of [Keren et al. 2018], which
established one of the most influential MIBI-TOF benchmarks for triple-negative breast
cancer (TNBC). In that study, the authors analyzed 41 TNBC cases with a 48 channels
panel to characterize the tumor—immune microenvironment at subcellular resolution. Be-
yond its biological relevance, this dataset became an important reference for subsequent
computational studies because it combines multiplexed imaging, spatial organization, and
cell-level heterogeneity in a challenging breast cancer scenario.

Several later works reused this TNBC MIBI-TOF benchmark, although with



objectives different from the one addressed in the present paper. For example,
[Chen et al. 2020] employed the dataset to model spatially resolved tumor microenviron-
ments using Spatial-LDA, aiming to identify recurrent microenvironmental programs and
tumor organization patterns. Likewise, [Patwa et al. 2021] used the same family of data to
derive tumor—immune predictors associated with clinical outcome, emphasizing prognos-
tic interpretation rather than image segmentation itself. More recently, [Liu et al. 2023]
used the TNBC MIBI-TOF dataset as one of the benchmarks for pixel-level clustering
and robust phenotyping in highly multiplexed tissue imaging, focusing on reproducible
annotation and phenotype discovery.

Although these studies demonstrate the broad utility of the dataset, they do not
directly investigate a central issue for segmentation-oriented pipelines: how segmentation
accuracy depends on the specific identity and number of input channels. In most cases,
the multiplexed signal is treated as a rich substrate for downstream spatial analysis, phe-
notyping, or outcome prediction, while the channel configuration itself is inherited from
prior biological conventions or fixed preprocessing choices.

A second line of related work is more directly connected to segmentation in
multiplexed imaging. Recent pipelines such as TRACERx-PHLEX, introduced by
[Magness et al. 2024], show that dedicated deep-learning workflows can substantially im-
prove segmentation and downstream phenotyping in multiplexed imaging settings. How-
ever, even these more segmentation-centered approaches primarily emphasize pipeline
robustness and analysis scalability, rather than systematically isolating the contribution of
each marker or testing whether compact channel subsets can outperform broader expert-
defined panels.

This gap is precisely the focus of the present study. In contrast to prior works,
our paper treats channel selection itself as the experimental variable of interest. Using the
public TNBC MIBI-TOF benchmark, we perform a systematic single-channel screening,
construct incremental data-driven multi-channel panels, and compare them against the
literature-recommended panel under a fixed U-Net protocol. In this way, the study moves
beyond using multiplexed data as a given input and instead asks which channels are truly
necessary for accurate segmentation.

Table 1. Comparison of related works using the TNBC MIBI-TOF benchmark.

Work

Objective

Use of TNBC MIBI-TOF

Difference from this work

[Keren et al. 2018]

[Chen et al. 2020]

[Patwa et al. 2021]

[Liu et al. 2023]

[Magness et al. 2024]

This work

Tumor-immune microenvi-
ronment characterization

Spatial topic modeling of tu-
mor microenvironments

Outcome prediction from
tumor—-immune features
Pixel-level clustering and
phenotyping

Deep-learning segmentation
in multiplexed imaging

Channel selection for U-Net
segmentation

Introduced the benchmark
dataset and marker panel

Identifies recurrent spatial
patterns

Extracts clinically relevant
predictors

Uses the dataset for robust
phenotype discovery

Provides a segmentation-
oriented reference pipeline

Compares  single-channel,
top-k, and recommended
panels

Does not evaluate channel
choice for U-Net segmenta-
tion

Focuses on spatial organi-
zation, not segmentation or
channel ranking

Focuses on prognosis, not
segmentation efficiency
Focuses on phenotyping, not
controlled U-Net channel
subsets

Does not isolate marker
identity and number as vari-
ables

Explicitly ranks channel in-
formativeness under a fixed
protocol




3. Methodology

The methodology follows a structured a workflow grounded in Dice metric support a clear
comparison across single-channel models, incremental data-driven panels, and the recom-
mended marker panel, enabling a direct assessment of how channel selection influences
segmentation performance as show in the figure 1.

METHODOLOGICAL WORKFLOW: DATA-DRIVEN CHANNEL SELECTION FOR CELL SEGMENTATION
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Figure 1. Workflow to investigate the best channels.

3.1. Dataset

We use the public MIBI-TOF dataset introduced by [Keren et al. 2018], which contains
data from 41 TNBC cases (fields of view acquired per patient/sample).

the original study reports an antibody panel designed to measure 36 antigens pro-
tein markers in the tumor—immune microenvironment. In our local copy of the dataset (as
used in our experiments), the image stack is provided with 48 channels, and we follow
that channel set for all screening and multi-channel experiments.

Importantly, the dataset paper also describes a recommended marker subset com-
monly used to support segmentation by providing strong structural contrast for nuclei and
cell boundaries. For nuclear signal, the authors build a robust nuclear image by combin-
ing dsDNA, H3K27me3, and H3K9ac, which are highly expressed in nuclei and there-
fore increase the signal-to-noise ratio for nuclear delineation. For membrane / whole-cell
context, they further rely on membrane-enriched markers to resolve ambiguous cases,
including immune- and epithelial-associated signals such as CD45 and HLA-DR (im-
mune compartment) as well as Pan-Keratin and (-catenin (tumor/epithelial compart-
ment), which provide complementary boundary cues when nuclear-only information is
insufficient. In many reproductions of this benchmark, a compact recommended panel
is operationalized as the set {dsDNA, CD4, §-catenin, HLA-DR, H3K9ac, Pan-Keratin,
H3K27me3}, which we use as the literature-recommended baseline in our comparisons
[Keren et al. 2018].



Figure 2. dsDNA channel. Figure 3. Mask Example.

Figure 3 shows an example of the binary/semantic ground-truth mask provided
with the dataset, which we use as the supervision target in all pixel-wise segmentation
experiments. Figure 2 visualizes the raw intensity map of the dsSDNA channel for the same
field of view. This marker provides strong nuclear contrast and, in our single-channel
screening, it achieved the highest Dice score among all evaluated channels, motivating its
role as a key input candidate for compact, data-driven panels.

3.2. Data Pre-processing

Data pre-processing was performed in two stages: (i) an offline, dataset-generation script
that produces a per-channel dataset with paired images and masks, and (i1) the minimal
input pipeline applied at training/inference time before feeding samples to the U-Net.

Stage 1 - Per-channel dataset generation: For each patient folder and for each selected
channel, we loads the corresponding segmentation mask. The 2D image of the selected
biomarker channel is then loaded and validated to have the same spatial shape as the mask.
Next, a region of interest is extracted by trimming both the mask and the channel image to
the exact bounding box of pixels with mask value greater than 0. Fields of view without
any cell pixels are discarded. The mask uses nearest-neighbor interpolation to preserve
discrete labels, whereas the biomarker image uses bilinear interpolation to preserve con-
tinuous intensity structure. Finally, the mask is stored as a binary image in PNG format,
and the biomarker image is saved as a single-channel 32-bit floating TIFF. Outputs are
organized in a per-channel structure, enabling systematic single-channel screening and
controlled construction of multi-channel panels.

Stage 2 - Minimal U-Net input pipeline: During training/testing, each biomarker TIFF
is read as a single-channel image, normalized by its per-image maximum so that intensi-
ties lie in [0, 1]. The corresponding mask PNG is read in grayscale and re-binarized using
a threshold greater than 0. Both image and mask are then resized to 512x512 for network



input. The preprocessing is limited to simple max-normalization, mask binarization, and
resizing for computational efficiency and full reproducibility.

3.3. Tests

We conducted two complementary experiments to quantify how marker choice and the
number of input channels affect U-Net segmentation performance on the dataset. In all
experiments, we report and compare models using the validation Dice as the selection
criterion.

3.3.1. Single-channel screening and ranking

First, we perform a single-channel screening over all available markers. For each channel
m in the full MIBI-TOF panel, we train a U-Net whose input consists solely of the image
corresponding to m (one model per marker). All models share the same architecture, loss
function, and training schedule to ensure a fair comparison. Specifically, each model uses
a U-Net decoder paired with a ResNet-34 encoder initialized with ImageNet weights.For
optimization, we used Adam with a learning rate of 1 x 10~%, combined with a cosine
annealing learning-rate schedule over 30 epochs. The training objective was a compos-
ite Dice+BCE loss, defined as an equal-weight combination of binary cross-entropy with
logits and soft Dice loss, encouraging both pixel-wise accuracy and overlap quality.After
training, we record the best dice obtained during training and use it to rank markers ac-
cording to their individual segmentation utility when used in isolation. All experiments
were conducted under a fixed hyperparameter setting to ensure comparability across runs:
we trained for 30 epochs, used a 20/80 hold-out split for test, and adopted a U-Net back-
bone with a ResNet-34 encoder.

3.3.2. Incremental multi-channel aggregation

Second, we evaluate how segmentation performance evolves as additional channels are
added to the input. Starting from the best-ranked marker (dsDNA), we build multi-
channel inputs by incrementally concatenating the next marker in the ranking and re-
training the model from scratch at each step, again using the same fixed protocol as in
Experiment 1. In other words, we first evaluate dSDNA+P, then dsDNA+P+H3K9ac, then
dsDNA+P+H3K9ac+Ca, and so on until all nine channels are included. Each configu-
ration is compared using dice, allowing us to measure (i) the marginal benefit of adding
each marker, (ii) performance saturation as the number of channels increases, and (iii)
whether adding lower-ranked channels introduces redundancy or noise that can reduce
segmentation quality.

4. Results

This section reports the segmentation results from a systematic comparison of single-
channel and multi-channel biomarker configurations. The findings show that markers en-
coding nuclear and structural information are the most effective for segmentation, whereas
simply expanding the input panel does not consistently improve Dice performance. Taken
together, these results indicate that segmentation quality is determined chiefly by marker
informativeness and complementarity, rather than by the number of channels included.



Table 2. Top-20 single-channel results (U-Net, 30 epochs). Dice values corre-
spond to the validation Dice (reported as Dice).

Channel Dice (%) Short description

dsDNA 89.36  Double-stranded DNA (nuclear signal; strong cue for
nuclei localization).

P 85.24 Phosphorus (elemental; diffuse structural contrast from
phosphate-rich biomolecules).

H3K9ac 81.63 Histone H3K9 acetylation (nuclear chromatin mark;
reinforces nuclear morphology).

Ca 80.53 Calcium (elemental; broad structural/compartment

contrast in tissue).

H3K27me3 79.07  Histone H3K27 trimethylation (nuclear chromatin
mark; robust nuclear signal).

Na 75.47 Sodium (elemental; diffuse contrast that can help tis-
sue/background separation).

phospho-S6 71.81  pS6 (MTOR/PI3K pathway activity; often highlights
activated/proliferative cells).

HLA _Class_1 71.61 MHC-I (HLA-A/B/C; membrane-associated antigen
presentation, useful for contours).

Fe 70.15  Iron (elemental; may correlate with blood/vascular re-
gions or deposits; contrast cue).

C 70.07 Carbon (elemental; global tissue/background contrast,
often diffuse).

PD-L1 70.04  Immune checkpoint ligand (tumor/APCs; immunosup-
pression marker).

CD163 69.85 TAM/macrophage marker (often M2-like; immuno-
suppressive myeloid signal).

0X40 69.80 T-cell activation/co-stimulation marker (activated T
cells, mainly CD4).

B7H3 69.66 CD276 (B7 family; tumor/immune modulation marker
in TME).

Lag3 69.61  LAG-3 checkpoint (T-cell dysfunction/exhaustion-
associated marker).

CD209 69.59  DC-SIGN (dendritic cell / some myeloid populations;
APC-related).

CDl16 69.52 FCGR3A (NK/monocyte marker; cytotoxic/myeloid
compartment cue).

FoxP3 69.34  Regulatory T-cell transcription factor (Treg; nuclear
signal).

HLA-DR 69.31 MHC-II (APC activation/presentation;
dendritic/macrophage/B-cell enriched).

CD45RO 69.29  Memory leukocyte marker (memory T-cell enriched;

immune compartment cue).

Table 2 reports the validation Dice obtained when training the U-Net using a single
MIBI-TOF channel as input. The highest Dice values are achieved by nuclear/structural



channels like dsDNA and the chromatin marks H3K9ac and H3K27me3, consistent with
prior TNBC MIBI-TOF processing where dsDNA and histone channels are combined
to form a robust nuclear image for segmentation and reflect canonical nucleus-localized
chromatin modifications [Keren et al. 2018, Kouzarides 2007].

A second group of strong performers comprises endogenous elemental channels
(P, Ca, Na, Fe, and C), which are naturally captured by SIMS/ToF-based ion-beam
imaging and can provide diffuse tissue/background contrast that helps delineate cel-
lular structures [Angelo et al. 2014, Passarelli and Winograd 2011]. In contrast, func-
tional and immunophenotyping markers such as phospho-S6 (mTOR pathway activity)
[Saxton and Sabatini 2017], antigen-presentation markers (HLA class I and HLA-DR)
[Neefjes et al. 2011], immune checkpoints/co-stimulation (PD-L1, LAG3, OX40, and
B7-H3) [Pardoll 2012, Andrews et al. 2017, Croft 2010, Picarda et al. 2016], and lineage
markers for macrophages/dendritic cells/NK or memory/Treg T cells (CD163, CD209,
CD16, CD45RO, and FoxP3) [Etzerodt and Moestrup 2013, Geijtenbeek et al. 2000,
Nimmerjahn and Ravetch 2008, Farber et al. 2014, Hori et al. 2003] tend to yield lower
Dice because their expression is cell-type or state specific and does not consistently out-
line nuclei or full cell contours across all regions of the tissue.

Table 3 presents the top-10 single-channel models obtained from the screening
experiment. Each row corresponds to a U-Net trained using only one biomarker channel
as input and evaluated with Dice on the validation split. The results show that dsDNA is
the most informative individual marker for pixel-wise segmentation, reaching, followed
by P and H3K9ac.

Table 3. Incremental data-driven panels built from the single-channel ranking
(top-k). Dice values are reported as validation Dice (val_dice).

k  Channels Dice (%)
1 dsDNA 89.36
2 dsDNA +P 88.88
3 dsDNA + P + H3K9ac 88.24
4  dsDNA + P + H3K9ac + Ca 87.71
5 dsDNA + P + H3K9ac + Ca + H3K27me3 87.27
6 dsDNA + P + H3K9ac + Ca + H3K27me3 + Na 87.31
7 dsDNA + P + H3K9ac + Ca + H3K27me3 + Na + phospho-S6 87.99
8 dsDNA + P + H3K9ac + Ca + H3K27me3 + Na + phospho-S6 +  88.52
HLA Class_1

9 dsDNA + P + H3K9ac + Ca + H3K27me3 + Na + phospho-S6 +  87.68
HLA Class_1 + Fe

10 dsDNA + P + H3K9ac + Ca + H3K27me3 + Na + phospho-S6 +  85.90
HLA Class_1 + Fe + C

Table 3 reports the results of the incremental data-driven multi-channel experi-
ment. Here, channels are added in descending order of the single-channel ranking (start-
ing with dsDNA), and a new model is trained for each top-k panel. This table is intended
to quantify how segmentation accuracy changes as additional high-ranked markers are
concatenated to the input.



Table 4. Incremental combinations of the recommended panel (added in the or-
der: dsDNA, CD4, 3-catenin, HLA-DR, H3K9ac, Pan-Keratin, H3K27me3).
Dice values are reported as Dice.

k  Channels Dice (%)
2 dsDNA + CD4 89.38
3 dsDNA + CD4 + [3-catenin 88.45
4 dsDNA + CD4 + (-catenin + HLA-DR 88.04
5 dsDNA + CD4 + -catenin + HLA-DR + H3K9ac 87.08
6 dsDNA + CD4 + f-catenin + HLA-DR + H3K9ac + Pan-Keratin 86.58
7 dsDNA + CD4 + [-catenin + HLA-DR + H3K9ac + Pan-Keratin + 89.41
H3K27me3

Table 4 evaluates the dataset-recommended marker panel by incrementally ag-
gregating channels in the order specified by the dataset paper (dsDNA, CD4, [3-catenin,
HLA-DR, H3K9ac, Pan-Keratin, H3K27me3). This table provides a baseline that re-
flects a commonly adopted expert-driven channel subset for segmentation. The best
result within this baseline occurs at £ = 7 (dsDNA + CD4 + -catenin + HLA-DR +
H3K9ac + Pan-Keratin + H3K27me3,89.41% Dice). Compared to the data-driven panels,
these results indicate that compact subsets can match the recommended configuration and
that larger fixed panels are not necessarily beneficial for pixel-wise segmentation in this
dataset.

Figure 5. recommended panel
predicted mask

Figure 4. dsDNA predicted mask

5. Conclusion

This paper examined how marker selection affects U-Net semantic (pixel-wise) segmen-
tation in MIBI-TOF TNBC by conducting a systematic single-channel screening under
a fixed training protocol and then building incremental, data-driven multi-channel panels
by aggregating top-ranked markers. We further contrasted these data-driven panels with
the literature-recommended marker panel associated with the dataset. Overall, our results



indicate that marker redundancy is substantial and that adding more channels does not
necessarily improve segmentation; instead, extremely compact inputs can be sufficient
and highly efficient for this benchmark. Data-driven channel selection can match the
performance of broader expert-defined panels while using significantly fewer markers,
as demonstrated by our single-channel dSDNA model (89.36% Dice) performing on par
with the full 7-channel recommended panel (89.41% Dice). These findings highlight the
need to explicitly validate marker choices and prioritize redundancy reduction when de-
signing efficient segmentation workflows for spatial proteomics. As future work, we plan
to (i) validate the stability of channel rankings across different train/validation splits and
longer training schedules, (ii) extend the analysis to instance-level segmentation metrics
and downstream per-cell quantification tasks, and (ii1) investigate alternative normaliza-
tion and fusion strategies that may better exploit complementary signals across channels.
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