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Background
Understanding the spatial organization of tissues at the single-cell level is essential for 
advancing our knowledge of disease progression and development [1, 2]. Advances in 
spatial transcriptomics (ST) now allow the measurement of gene expression at cellular 
and even subcellular resolution, offering valuable insights into cell type distribution, 
cell-to-cell communication [3], and disease-specific signatures [4].

ST can be broadly categorized into sequencing-based and imaging-based spatial tran-
scriptomics (IST). While sequencing-based techniques provide coverage of the full 
transcriptome [5], they do not offer cellular or subcellular resolution. In contrast, IST 
enables the localization of RNA molecules in their cellular environment, albeit at the 
cost of being limited to a predefined set of target genes [6, 7].

A critical aspect of IST for assessing single-cell gene expression (GE) and subsequent 
cell type identification is the accurate assignment of the detected RNAs to the correct 
cells. To achieve this, IST typically provides several staining channels, including nuclear 
and membrane markers, as well as non-specific staining of all mRNAs via their poly-A 
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Imaging-based spatial transcriptomics enables high-resolution spatial mapping 
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tail (Poly-T stain). Segmentation algorithms then assign each transcript to a specific cell, 
generating a spatially resolved count matrix for subsequent analysis. This segmentation 
step is critical, as errors in RNA-cell association result in erroneous transcriptional pro-
files and thus affect all downstream analyses, such as cell type identification [8].

Segmentation algorithms for IST can be divided into staining-based and point cloud-
based methods. The former rely on dedicated membrane or nuclei stainings and allow 
the application of deep learning methods such as Mesmer [9] or Cellpose [10], which 
can achieve performance close to human-level. However, one limitation comes from the 
highly variable quality of the cell staining in IST. Indeed, the fluorescent reporters in 
these channels often bind to cell-type specific proteins leaving the rest of the tissue unla-
beled [11]. Consequently, segmentation accuracy — and therefore the accuracy of all 
downstream analyses — tends to vary significantly across the tissue, introducing biases 
and unacceptable inconsistencies in the analysis results.

On the other hand, the measured RNA signal is itself also informative on cellular 
boundaries. The density of RNAs varies across the cell, and the transcriptional profiles 
of cells of different type are per definition different. These observations can be used 
to design cell segmentation algorithms that operate directly on the RNA point clouds. 
Examples include Baysor [12], SCS [13], PciSeq [14] and ComSeg [8].

While these methods are promising alternatives in the absence of dedicated cell and 
nuclear staining, they come with several limitations. For instance, they often struggle to 
accurately separate neighboring cells with highly similar RNA compositions. Further-
more, these approaches typically start from segmented nuclear regions [8, 14] and sub-
sequently associate RNAs with segmented nuclei. By design, they are unable to handle 
missing nuclei, a common issue when working with 2D tissue sections derived from a 
three-dimensional volume. Deep Learning models trained on RNA point clouds and 
DAPI images have also been proposed recently [15, 16]. However, these methods are 
limited by the scarcity of annotated data [15] or rely on biological prior information that 
are hard to obtain in practice [16]. To the best of our knowledge, no existing method 
fully leverages all available stainings, including membrane stainings and RNA point 
clouds.

Here, we propose RNA2seg, a deep-learning segmentation model designed for IST 
data, which combines the advantages of staining and point-cloud segmentation meth-
ods. RNA2seg takes an arbitrary number of staining channels and the RNA positions as 
input and trains a multiple-instance segmentation model for cell segmentation. To the 
best of our knowledge, this is the first method integrating all available staining channels 
and RNA point clouds for segmentation.

Deep Learning algorithms for segmentation typically require large annotated datasets 
which can be very challenging to produce and are missing for IST data. To address this 
bottleneck, we devised a teacher-student strategy that enables RNA2seg to be trained 
without the need for manual annotations by leveraging the teacher model in areas with 
high-quality staining. This approach allowed us to train RNA2seg on a dataset of over 4 
million cells from seven different human organs and two distinct IST protocols - MER-
FISH [6] and CosMx [11] (see Additional file 1: Table S1).

We validated RNA2seg against a set of 724 manually annotated cells across 5 data-
sets of different organs (see Additional file 1: Table S2). These annotated images were 
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withheld during training. This large and unprecedented set of manually annotated 
cells was created using a novel visualization approach for RNA point clouds, which 
color-codes RNA point clouds based on co-expression, assigning similar colors to co-
expressed RNA species. This approach eases the cell annotation task in regions where 
membrane staining is of poor quality. The annotated data are accessible to the scientific 
community at https://​zenodo.​org/​recor​ds/​14912​364. We demonstrate that RNA2seg 
outperforms current state-of-the-art (SOTA) methods on these manually annotated 
datasets. As our training procedure does not rely on manual annotation, we lastly dem-
onstrate how our model can be easily and automatically fine-tuned for use with previ-
ously unseen datasets.

RNA2seg is designed for large datasets and supports input in OME-Zarr format [17] 
through SpatialData [18] and is implemented on top of the SOPA framework [19]. 
RNA2seg is available as a fully documented Python pip package (https://​github.​com/​
fish-​quant/​rna2s​eg).

Result
Method overview

RNA2seg is a deep learning (DL)-based method for the segmentation of cells from Spa-
tial Transcriptomics (ST) data that integrates an arbitrary number of channels with 
nuclear and membrane markers and RNA positional data (Fig. 1A).

To achieve this, RNA2seg merges staining images and RNA point clouds, converting 
RNA positions into an image. To ensure that our method is independent of the gene 
panels used, we assigned to each pixel the number of RNAs detected irrespective of the 
encoding gene, and further processed the resulting image (see Methods RNA image gen-
eration section) to account for its sparsity. While this representation discards RNA iden-
tity and retains only positional information, we argue that the resulting network may be 
more easily transferable to new datasets with different gene panels unseen during train-
ing. Importantly, we also tested alternative representations comprising RNA identity 
without observing notable performance improvements (Comparison of different RNA 
image representations section).

To handle the varying number and types of nuclear and membrane staining channels, 
we use ChannelNet [20] - a DL framework that takes an arbitrary number of channels, 
extracts relevant information from them, and encodes it into a three-channel image. The 
merged membrane and nuclear staining representations are then concatenated with the 
RNA positional images to form the input of our segmentation network, which uses a 
U-net architecture. By incorporating information about the detected RNAs, we hypoth-
esized that our model can achieve robust segmentation, even in regions with low-quality 
or missing staining.

The choice of the most efficient architecture for cell and nucleus segmentation — 
whether CNNs or newer, more flexible models with more parameters, such as Trans-
formers or the recently proposed Mamba architecture — remains an active debate in 
the research community [21, 22]. In this study, we evaluated three architectures: CNN-
based U-Net, similar to Cellpose [10], Swin-Unet [23], designed for medical image seg-
mentation; and Mamba-U-Net [24], a recently proposed segmentation model. We refer 
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to these models as RNA2seg-CNN, RNA2seg-SwinTransformer and RNA2seg-Mamba, 
respectively. Following the Cellpose strategy, our networks are trained to predict gradi-
ent flow toward cell centers, serving as a pretext task for cell instance segmentation.

Training deep learning segmentation models typically requires large annotated data-
sets to achieve high performance. However, to the best of our knowledge, no large 
dataset with manually annotated cellular boundaries exists for image-based spatial tran-
scriptomics data.

Manual annotation for segmentation is often time-consuming. Besides, for IST data, it 
is even more challenging due to several factors: the varying quality of membrane stain-
ing, the difficulty of visually interpreting RNA point-cloud data, and the scattering of 
relevant information across a relatively large number of channels. Consequently, the 
time and effort needed to generate a sufficient number of annotations for training seem 
prohibitive.

To address this, we developed a student-teacher framework that enables RNA2seg to 
be trained without manual annotations. To generate the training data for RNA2seg, we 
first apply a teacher pre-trained network, such as Cellpose, for cell and nucleus segmen-
tation. Erroneously segmented cells are then filtered out, while the accurately segmented 

Fig. 1  RNA2seg Methodology Overview. A Segmentation model combining RNA images and multiple 
stainings with partial supervision. An arbitrary number of input stainings are first processed by an 
encoding network to produce a merged image with a fixed number of 3 channels. This encoded staining 
representation is then merged with an image displaying RNA positions and processed by a U-Net-like 
model. The final output is the flow field of the predicted cells. The model is trained on cell segmentation 
masks Y provided by the teacher network after application of consistency rules, as illustrated in B. B Creation 
of training labels from the segmentation masks provided by the teacher network, after application of 
consistency rules between cell and nucleus segmentation
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cells from the teacher model are retained, ensuring that the training process relies exclu-
sively on reliable labels (Fig. 1B). By learning the RNA spatial distribution of cells from 
the teacher generated labels, the model can segment even low-quality staining regions 
thanks to the complementary spatial RNA patterns.

To remove segmentation errors from the generated teacher labels, we rely on a set of 
rules (see Methods Teacher-network: generation of the training set  section) designed 
to ensure consistency between nuclear and cellular segmentations. For instance, cells 
with multiple nuclei are removed. In regions with low staining quality, cells are often 
missed entirely by the teacher network. In this case, detected nuclei are used as substi-
tutes. Of note, our training scheme for partially annotated data enables the inclusion of 
nuclei in the training dataset, using them as partial labels to represent cells. The underly-
ing hypothesis being that cell and nuclear centers are relatively close, resulting in nearly 
equivalent prediction tasks regarding the gradient flow.

Additionally, background labels are assigned to pixels in low RNA density regions (see 
Methods Background segmentation section). Pixels that remain unlabeled by the above 
procedures (i.e. neither cell nor background) are excluded from the training process 
through partial backpropagation [25]. The loss can thus be written as follows:

where Y represents the teacher segmentation, Ŷ  is the prediction of RNA2seg, and 
P = {Curated cells & nuclei} ∪ {Background}.

Furthermore, we incorporate dropout on the membrane staining images, i.e. mem-
brane staining image channels were set to 0 with a dropout probability of 0.25, and thus 
emulating missing membrane staining signals. This forces RNA2seg to learn how to seg-
ment cells solely from RNA point clouds in low quality staining areas.

Our automated student-teacher training pipeline enables large-scale model train-
ing. RNA2seg was trained on over 4 million cells across seven different human organs : 
breast, colon, lung, melanoma, uterine, prostate and ovarian. Two different IST technol-
ogies were included in the training set, MERFISH [6] data from Vizgen’s public Human 
FFPE Immuno-oncology Data Release (VHFI) and a public CosMX human lung dataset 
[11] (see Supplementary Table 1 for additional details). The training inputs incorporated 
the DAPI stain, the Poly-T stain, all of the three additional membrane staining chan-
nels available in each of these datasets, as well as the RNA positional images. The cell 
instance segmentations used as teacher in this study are available at: https://​zenodo.​org/​
recor​ds/​14916​899.

A manually curated ground truth dataset for segmentation of IST data

Validation of cell segmentation from IST data is particularly challenging. The gold 
standard for validation of automatic segmentation usually involves manual annotation 
by experts. However, in IST, manual annotation is complicated by several factors: the 
quality of the membrane staining is highly variable (e.g. Fig.  2B), and manual annota-
tion of the membrane channels can therefore not be achieved in all parts of the image. 
Furthermore, it is difficult to visually interpret RNA point cloud data and to manually 

(1)L(Y , Ŷ ) =
1

|P|
pixel∈P

l(Ypixel , Ŷpixel)

https://zenodo.org/records/14916899
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infer the correct cellular boundaries. Third, the relevant information is scattered across a 
relatively large number of channels. All of these factors make manual annotation of IST 
data particularly difficult.

For this reason, various validation strategies and quantitative metrics have been 
proposed that do not rely on manual annotation, each with inherent limitations. For 
example, Baysor [12] proposes to compare two segmentation methods by first iden-
tifying the consensus region segmented by both methods as well as the associated 

Fig. 2  Methodology for RNA species colorization to ease manual cell annotation. A Visualization with 
co-expression for manual annotation: The first panel shows a synthetic example of RNA distribution, where 
random colors are initially assigned to each RNA species. A spatial correlation matrix is then computed 
to quantify the recurrent neighbors of each RNA species. This matrix is projected into an RGB color space, 
assigning similar colors to RNA species that are frequently spatially close. This new color assignment simplifies 
manual cell annotation. B Example of MERFISH staining: The top panels show MERFISH staining on VHFI 
breast tissue, where staining quality is heterogeneous. The bottom panels display a zoomed-in region where 
the staining quality is insufficient for manual annotation. However, the RNA distribution, combined with our 
correlation-based color visualization, enables to identify more cell contours
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expression profile. Then, the correlation in gene expression between this consensus 
region and the areas excluded by each method is calculated. The method yielding 
higher correlation is considered superior. However, this approach cannot detect sys-
tematic errors shared by both methods, nor can it account for spatially heterogeneous 
gene expression within individual cells.

Another approach relies on simulations [8, 14, 26], which provide complete control 
over the ground truth. While simulations are useful, they may fail to replicate all the 
challenges encountered in experimental data. Finally, previous works [16] introduces 
quality metrics, such as shape and gene expression features, to identify outliers. How-
ever, these metrics serve more as a way to assess the plausibility of results, rather than 
offering a rigorous quantitative comparison against a ground truth.

We argue that the gold standard for validation of segmentation methods is the com-
parison to manually generated ground truth. To enable manual annotation of cell 
boundaries, even in regions of poor marker quality, we developed a novel visualiza-
tion approach for RNA point clouds and incorporated it into our manual annotation 
workflow (Fig. 2A), as described below.

In order to visualize a large number of RNA species in the same image, we assign 
one color to each RNA species. However, assignment of random colors clearly cannot 
lead to an interpretable image. To overcome this limitation, we assign similar colors to 
genes that are co-expressed, based on the intuition that co-expressed genes are likely 
to belong to the same cell. Indeed, previous work has demonstrated that leveraging 
local transcriptomic context can facilitate cell segmentation. For instance, the Neigh-
borhood Composition Vectors introduced in Baysor [12], are based on this principle. 
Building on this rationale, we consider it reasonable to exploit such information to 
support manual annotation. By coloring each set of co-expressed genes differently, 
we can accurately distinguish cells having different gene co-expression patterns, as 
shown in Fig. 2B. Our novel co-expression visualization, hence, eases the annotation 
task in low-quality staining areas.

To implement this co-expression visualization, we first estimate a co-expression 
matrix using spatial correlation as a proxy for gene co-expression, as previously 
described [8] (see Methods Co-expression visualization  section). Each gene is then 
represented by a co-expression vector, containing its spatial correlation values with 
other genes. These vectors are reduced to three dimensions using PCA, enabling their 
visualization as RGB colors (Fig. 2).

RNA co-expression maps are particularly useful in heterogeneous tissues, where 
they highlight local expression differences that clearly separate neighboring cells, even 
when membrane or nuclear stainings are incomplete. In these challenging contexts, 
co-expressed genes may provide critical complementary information to refine bound-
aries and resolve ambiguities that structural stainings alone cannot capture. However, 
RNA co-expression should not be used in isolation, but serves as one feature among 
others (membrane and nuclear stainings and RNA density) to refine boundaries and 
resolve ambiguities where structural signals are incomplete. In more homogeneous 
regions (e.g., cultured cells), where expression patterns vary little across neighbor-
ing cells, structural stainings generally suffice and the added value of RNA co-expres-
sion may be limited. Illustrative examples of tissues colored with our co-expression 
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colorization, highlighting both heterogeneous and homogeneous regions, are shown 
in Fig. 2 and Additional file 1: Fig. S7.

Using this workflow, we annotated 724 cells from both high- and low-quality staining 
regions across five MERFISH datasets from different organs, breast, colon, melanoma 
and lung from VHFI, and the MERFISH Mouse Ileum dataset [12]. Manual annota-
tions were performed using Napari, leveraging all available signals (membrane stain-
ings, DAPI, and our co-expression RNA visualization) to delineate only cells for which 
boundaries could be identified with high confidence. This generated a high-quality but 
partial validation set, rather than exhaustively annotated data with a high degree of label 
noise. For more details on the annotation workflow, selection criteria, and strategies 
to minimize bias, see Additional file 1: Supplementary Methods and Additional file 1: 
Table S2. The annotated datasets are available at: https://​zenodo.​org/​recor​ds/​14912​364. 
The python code for RNA visualization is available at https://​github.​com/​tdefa/​gene_​
coexp​ressi​on_​visua​lizat​ion.

Benchmark on annotated datasets

We benchmarked RNA2seg against a range of image-based, RNA-based, and hybrid 
segmentation approaches. For image-based methods, we evaluated the CNN-based 
Cellpose and the segmentation provided by Vizgen for the VHFI dataset. Of note, the 
Cellpose model used in this benchmark is also the Cellpose model used as a teacher to 
train RNA2seg. We additionally included GeneSegNet [15], a CNN-based approach that 
concatenates DAPI with the RNA density map, in two configurations. The publicly avail-
able DAPI-only model served as a baseline. A second version was adapted to include 
membrane stainings and retrained on our seven-organ dataset (the same dataset used to 
train RNA2seg). Following the GeneSegNet training and refinement protocol, the model 
was trained three times using the corresponding refined segmentations, with 200 epochs 
per run. For evaluation on the Mouse Ileum dataset, which contains only a single mem-
brane staining, we duplicated this channel.

For point cloud-based methods (or RNA-based methods), we tested Baysor [12] and 
ComSeg [8], both with nuclei as prior segmentation. Baysor groups RNA into single-cell 
expression profiles by identifying spatially homogeneous transcriptomic regions, while 
ComSeg leverages a spatial co-expression graph to assign RNAs to nuclei. Further, we 
included the recently reported method Proseg [27], which uses a probabilistic model of 
gene expression to simulate cells that best explain observed transcript distributions. We 
initialized Proseg using the MERSCOPE membrane-based segmentations, leveraging 
both the spatial RNA data and the image-derived initial masks. Simulation were per-
formed using the sopa package, allowing RNA information to refine the initial image-
based segmentation.

For staining-based methods, the segmentation output assigns each pixel to either a 
cell or the background. To evaluate performance, we calculated the best-matched Inter-
section over Union (IoU) between each annotated cell and the segmentation output. 
In the case of point cloud methods, pixels are not labeled and only RNAs are assigned 
to cells. In staining-based methods, segmentation assigns each pixel to either a cell or 
the background, whereas point-cloud methods associate RNAs with cells while leaving 
other pixels unlabeled. To ensure a fair comparison between staining-based and point 

https://zenodo.org/records/14912364
https://github.com/tdefa/gene_coexpression_visualization
https://github.com/tdefa/gene_coexpression_visualization
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cloud-based methods, we computed the best-matched RNA-level-IoU for each cell and 
reported the average across all cells. Likewise, pixel-level-IoU are reported for compari-
son of staining-based methods. We applied these methods to four VHFI datasets from 
human breast, colon, melanoma, and lung tissues (Fig.  3 A-B, Additional file  1: Figs. 
S1-S2). While these datasets were part of the training set, the annotated regions were 
excluded during training, such that training and test sets were disjoint.

Fig. 3  Benchmark of different IST cell segmentation methods. A Example of stainings and RNA point clouds. 
From left to right in the first row: DAPI staining, RNA spots with random color, RNA spots with co-expression 
color, and manual annotation in blue. The second row displays the three different available stainings in the 
VHFI dataset. B Example of segmentation from VHFI, Cellpose, and RNA2seg-CNN C Benchmark of Mean Pixel 
IoU and RNA IoU across different methods and datasets
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Across datasets, point cloud-based methods, Baysor and ComSeg, generally underper-
formed compared to image-based approaches when staining quality was high, such as 
lung tissue. However, their performance was only slightly inferior on datasets with chal-
lenging staining, like breast and melanoma.

RNA2seg-CNN demonstrated equal or superior performance compared to staining-
based methods (Fig. 3C). The performance advantage was particularly pronounced on 
datasets where staining quality is often poor, such as the VHFI Breast datasets (see Addi-
tional file  1: Fig. §3). In contrast, RNA2seg, Cellpose and the segmentation published 
with the VHFI performed similarly on the VHFI lung dataset, where staining quality is 
high. This aligns with our ablation study (Additional file 1: Fig. S4), which shows that the 
performance gap between RNA2seg models with and without RNA point cloud is small 
on the VHFI lung dataset. In contrast, it is high on the VHFI breast dataset, where het-
erogeneous staining quality makes the additional RNA positional information valuable.

Among image-based baselines, the frozen GeneSegNet model performed the worst, 
underscoring the importance of membrane information. Retraining GeneSegNet with 
membrane channels improved the results, but performance still lagged behind RNA2seg 
and Proseg. This demonstrates that a dedicated architecture for boundary integration 
and the proposed student–teacher strategy (i.e, selectively learning from clean targets), 
provides clear advantages. ProSeg improved upon membrane-based segmentations 
(MERSCOPE and Cellpose) primarily in datasets with poor staining quality, underscor-
ing the value of integrating RNA with boundary information under such conditions. 
Nonetheless, RNA2seg consistently outperformed all approaches across benchmarks, 
highlighting the robustness of the model and the effectiveness of the proposed student–
teacher training procedure.

We also annotated cells in the mouse Ileum dataset [12], which was not part of the 
training set and features a different staining scheme. Unlike the training datasets, it 
includes only one cell boundary and a DAPI staining, but no Poly-T staining. On these 
datasets, ProSeg improved upon membrane-based segmentations. In contrast, GeneSeg-
Net failed to generalize, likely due to its architecture, which cannot flexibly incorporate 
multiple channels, underscoring the importance of a dedicated design for boundary 
integration. RNA2seg outperformed all segmentations: ComSeg, GeneSegNet, Proseg as 
well as the Baysor and Cellpose segmentations published in the original study. Notably, 
the Cellpose segmentation used in this benchmark originates from the Cellpose model, 
which was specifically fine-tuned on the Mouse Ileum dataset by the original authors. 
These results highlight the generalization capabilities of RNA2seg, demonstrating its 
effectiveness on an unseen dataset from a different species, a different tissue type, and 
with different staining conditions.

We also compared different deep learning architectures (see Additional file 1: Fig. S6.). 
Overall, RNA2seg-CNN, RNA2seg-SwinTransformer and RNA2seg-Mamba demon-
strate comparable performance. However, RNA2seg-SwinTransformer and RNA2seg-
Mamba are significantly more computationally demanding, with approximately seven 
times more parameters than RNA2seg-CNN (41.5M and 44.2M vs. 6.6M). Therefore, 
for the remainder of this study, we focus exclusively on RNA2seg-CNN, referred to as 
RNA2seg. Of note, the performance of RNA2seg is stable across different training ini-
tializations, as shown in Additional file 1: Fig. S5. The performance of RNA2seg-CNN 
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displayed in Fig. 3 are the average score from 10 independently trained models. All seg-
mentations generated for this benchmark are available at: https://​zenodo.​org/​recor​ds/​
14916​899.

Benchmark on simulated datasets

In addition to evaluating our method on manually annotated datasets, we assessed its 
performance on simulated datasets. Simulations enable a systematic evaluation of model 
robustness under challenging but controlled conditions, such as incomplete or noisy 
membrane signals and regions with low RNA capture efficiency.

To this end, we selected 10 regions (1200 × 1200 pixels, 200 cells each) with high-qual-
ity membrane staining from a dataset not used during training (MERSCOPE Lung 2). 
We then artificially degraded the membrane staining. To quantify the impact of these 
degradations, we measured the consistency between segmentations obtained with full 
membrane signal and those with degraded conditions, computing the IoU at both the 
pixel and RNA levels.

Simulation of degraded membrane staining

To simulate imperfect staining conditions, we systematically degraded membrane 
signal intensity in the 10 selected regions. This allowed us to quantify the impact of 
reduced structural information on segmentation accuracy and to assess the ability of our 
method to leverage complementary features, such as RNA co-expression, to recover cell 
boundaries.

To simulate realistic imperfections in membrane staining, portions of cell contours 
were randomly removed for a subset of cells, using as prior the original MERSCOPE 
segmentations. Subsequently, we assessed how different segmentation models respond. 
In our experiments, 30% of cells were affected, and the fraction of contour removed was 
systematically varied from 0.1 to 0.9. Degradation was applied independently to all avail-
able membrane channels. An example of a degraded membrane staining is proposed in 
Fig. 4A.

We included in the benchmark all models incorporating cell boundary information: 
RNA2seg, GeneSegNet, and Cellpose. ProSeg was not included because its performance 
depends on initial segmentations (typically from Cellpose). Applying it to degraded 
regions would accumulate errors and unfairly penalize its evaluation. Additionally, simu-
lations required small regions with high-quality staining, which further limits the appli-
cability of ProSeg in this context.

Figure 4B presents segmentation results under 30% cell degradation, with contour 
removal varying from 0.1 to 0.9. As expected, all methods were penalized by the deg-
radation. RNA2Seg showed the smallest performance drop, with pixel IoU decreas-
ing from 0.85 to 0.73, compared to Cellpose (0.81 to 0.54) and GeneSegNet (0.70 
to 0.44). This demonstrates that RNA2Seg effectively leverages additional informa-
tion (RNA and DAPI signals) when membrane staining is degraded, maintaining 
robust segmentation results. This robustness is likely due to the channel dropout 
applied during training, which encourages the model to rely on all available modali-
ties rather than a single channel. The difference between Cellpose and GeneSegNet 

https://zenodo.org/records/14916899
https://zenodo.org/records/14916899
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may be attributed to the size and diversity of their respective training datasets, with 
Cellpose having likely seen more diverse images. This highlights the importance of 
training segmentation models on large and diverse cohorts to improve generaliza-
tion and robustness.

Taken together, these simulation experiments complement our manually anno-
tated validation set by providing an objective benchmark under controlled perturba-
tions of the membrane signal. The results confirm that RNA2Seg maintains higher 
robustness than competing methods when membrane information is degraded, 
highlighting its ability to integrate RNA positions and membrane stainings.

Fig. 4  Simulation framework to assess the impact of degraded inputs on model performance. A Example 
of degraded staining, where 30% of cells have 50% of their boundaries removed. B Model performance 
when progressively degrading staining, highlighting the effect of partially missing cell boundaries. C 
Model performance when simulating RNA removal, showing how loss of molecular information affects 
segmentation accuracy
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Simulation of reduced RNA capture rate

To assess segmentation robustness under limited transcript information, we simu-
lated datasets with decreasing RNA capture rates. Specifically, we randomly subsam-
pled RNA molecules in each region, retaining 90%, 80%, 70%, 60% and 50% of the 
original transcripts. The benchmark includes two models incorporating RNA infor-
mation: RNA2Seg, and GeneSegNet. As before, simulations required small regions 
with high-quality staining, which limits the applicability of ProSeg in this context.

Results are shown in Fig.  4C. RNA2Seg maintained robust segmentation perfor-
mance even under RNA depletion: with IoU only dropping from 0.95 at 90% RNA 
density to 0.80 when half of the RNAs were removed. This demonstrates that the 
model effectively leverages RNA density as a feature, in addition to membrane and 
nuclear cues. Similar trends were observed for GeneSegNet, although its overall per-
formance was slightly lower.

Comparison of different RNA image representations

In the above results, the RNA representation used by the network exclusively relates 
to RNA position and disregards RNA species identity. However, RNA identity can be 
integrated into the model along with positional information by assigning a unique 
color to each RNA species. In order to test whether this is beneficial to the overall 
algorithm performance, we used first the encoding initially developed for visuali-
zation (A manually curated ground truth dataset for segmentation of IST data sec-
tion), where we assign similar colors to RNA species that are co-expressed in the 
tissue. Secondly, we evaluated an approach where the colors assigned to RNA spe-
cies are treated as learnable parameters during training. The goal of this approach is 
to let the network determine the optimal RNA species colors for segmentation.

While the inclusion of co-expression information in RNA visualizations can aid 
manual annotation by humans, our ablation study (Additional file  1: Fig. S4) dem-
onstrates that it does not improve RNA2seg’s performance. We achieve comparable 
performance for RNA2seg using positional-only data, co-expression-based coloring, 
and learned RNA species colors. This suggests that RNA2seg already captures the 
useful RNA identity information inherent in RNA positional data.

Additionally, a potential limitation of using RNA colors to encode RNA species 
identity instead of solely using RNA positions is that RNA2seg may not generalize 
well to new datasets. Indeed, different datasets might spatially resolve different RNA 
species, leading to novel color patterns that could require re-training. Similarly, co-
expression-based RNA visualizations degrade model performance in zero-shot set-
tings, as demonstrated by the results on the mouse ileum dataset (Additional file 1: 
Fig. S4), which was not part of the training data. This performance decline occurs 
because co-expression visualizations rely on dataset-specific gene panels, leading to 
different color patterns across datasets with different panels. Such variability hinders 
the model’s ability to generalize to unseen data. Finally, this comparison of various 
RNA image representations confirms that relying solely on RNA positional informa-
tion is a relevant approach for RNA2seg.
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Quantification of cell‑level segmentation errors

So far, our evaluation metrics measured inaccuracies in contours or RNA assignment. 
Next, we turned to cell-level metrics to better characterize the cells produced by the seg-
mentation algorithms

For this, we define: 

1.	 Spurious cells: cells that do not intersect with any nucleus and contain fewer than a 
minimal number of RNA molecules (see Methods Validation and metrics section). 
Such cells are likely false-positive segmentations.

2.	 Inconsistent cells are defined as cells that intersect with a nucleus but fail to fully 
enclose it and cells that contain several nuclei (see Methods Validation and met-
rics section). Such cases are likely indicative of segmentation inaccuracies.

Examples of spurious and inconsistent cells are illustrated in Fig. 5A. A UMAP visu-
alization of the RNA-profiles from segmented cells from each method, highlighting spu-
rious and inconsistent cells, is presented in Fig.  5B. We observe that spurious cells in 
particular exhibit a distinct gene expression pattern, suggesting that their identification 
and exclusion from the analysis are crucial for downstream analysis.

Across the four datasets analyzed, RNA2seg demonstrates an almost negligible per-
centage of spurious cells (Fig. 5C). While spurious cells can be eliminated through post-
processing, their low occurrence indicates that RNA2seg effectively associates RNA 
density variations with cell instances, achieving one of the method’s key objectives. Fur-
thermore, RNA2seg exhibits a lower percentage of inconsistent cells compared to other 
methods, meaning it produces biologically coherent segmentations with fewer implausi-
ble segmentation results (Fig. 5C). Of note, our quantification of cell-level segmentation 
errors provides a characterization of algorithmic outputs rather than a full performance 
evaluation against ground-truth. Besides, to further investigate that improving segmen-
tation quality translates into more reliable downstream analyses, we carry a reproduc-
ibility analysis in the supplementary (Additional file 1: Supplementary method 1.2 and 
Additional file 1: Fig. S8).

Automatic fine‑tuning of RNA2seg

RNA2seg was trained on publicly available datasets. However, new datasets can display 
cell diversity and staining variability that differ from these training data. In this sec-
tion, we apply RNA2seg to out-of-training-distribution data, using an in-house Ham-
ster MERFISH dataset as an example. This dataset displays significant differences from 
the training data, with locally reduced RNA density and variable DAPI signal quality. 
Further, the nuclei in certain regions are densely packed and indistinguishable from one 
another (Fig. 6, first row, arrows).

We first applied Cellpose on the cell boundary staining 1, which is one of the proposed 
standard workflows by the vendor (Fig.  6, second row). Although Cellpose effectively 
delineates many cells, some remain unsegmented (see Fig.  6, detail A-B-C, arrows). 
We then applied RNA2seg without retraining in a zero-shot setting (Fig. 6, third row). 
While cell segmentation was generally accurate, not all cells are segmented, especially 
in areas where the data deviates significantly from the training distribution. This issue is 
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particularly noticeable in regions where the DAPI signal is near saturation and the RNA 
density is low.

We then explored whether few-shot learning could increase the usability of our model 
for such unseen data. In short, this strategy allows the model to be fine-tuned with mini-
mal training and low computational demands, requiring only a few iterations on new 
targeted data to quickly adapt to an out-of-distribution dataset. However, even such 
minimal retraining requires annotated data. To remove the need to manually curate 
such data, we leveraged our automatic student-teacher training approach to fine-tune 
RNA2seg on our Hamster MERFISH dataset by using the Cellpose segmentation (see 
Method Automatic fine-thuning on our in-house Hamster MERFISH dataset  section). 
Importantly, this annotation is not always accurate and incomplete but can be obtained 
fully automatically. After retraining for 10 minutes on a P100 GPU (see Method Auto-
matic fine-thuning on our in-house Hamster MERFISH dataset  section), RNA2seg 

Fig. 5  Spurious and inconsistent cells. A Example of spurious and inconsistent segmentation. B Umap of 
segmented cells: consistent cells are colored in blue, inconsistent cells in red, and spurious cells in orange. C 
% of inconsistent and spurious cells for each dataset and segmentation method



Page 16 of 25Defard et al. Genome Biology           (2026) 27:62 

Fig. 6  Visualization of RNA2seg segmentation using zero-shot and few-shot-learning for fine-tuning 
on the Hamster Brain dataset. The first row presents the input data: DAPI, three different cell boundary 
stainings, and RNA spots colored using our co-expression visualization. The second row displays the Cellpose 
teacher segmentation used for fine-tuning RNA2seg. It then shows in the third row the RNA2seg zero-shot 
segmentation results. The fourth row shows the segmentation done by our fine-tuned RNA2seg using 
the Cellpose teacher segmentation of the second row. The figure includes three zoomed-in crops (A, B, C) 
extracted from the initial data, showcasing the three segmentation results (teacher segmentation, zero-shot 
RNA2seg, and fine-tuned RNA2seg) side by side. This visualization highlights the significant improvement 
achieved through few-shot-learning, enhancing both the alignment with cell boundary stainings and RNA 
distribution. Specifically, plot A highlights a region where both Zero-Shot RNA2seg and the teacher model 
miss cells, while fine-tuned RNA2seg successfully segments them. Plots B and C demonstrate improved 
boundary placement in areas with weak staining, even where the teacher model fails. Overall, this figure 
illustrates that few-shot-learning remains effective even when the teacher segmentation overlooks cells, 
particularly in poorly stained regions. Fine-tuning enables the model to adapt efficiently to a new dataset 
while maintaining good performance
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yielded significantly improved results, especially in regions that were previously poorly 
segmented (Fig. 6, fourth row).

In summary, the results presented in Fig.  6 show that automatic fine-tuning of 
RNA2seg leads to better segmentation results on our in-house Hamster Brain dataset. 
Surprisingly, Fig. 6 also shows that even though the Cellpose teacher model sometimes 
misses cells and struggles to segment areas with weak staining, the fine-tuned RNA2seg 
student model still produces consistent segmentation results in these areas (Fig. 6, fourth 
row). This supports the efficiency of our student-teacher training approach and indicates 
that our automatic fine-tuning allows the model to easily adapt to new tissue types.

Discussion
Cell segmentation is currently a major bottleneck in using IST data for spatial biology. 
Segmentation errors can propagate through downstream analyses, leading to inaccurate 
assessments of subcellular RNA localization, erroneous cell-level gene expression meas-
urements, and ultimately incorrect cell type classification.

Here, we present RNA2seg, which, to the best of our knowledge, is the first cell seg-
mentation method for IST data that integrates DAPI staining, multiple cell membrane 
stainings, and the spatial distribution of RNAs. By leveraging these complementary data 
sources, RNA2seg is particularly effective in regions with low staining quality, where the 
last generation of cell segmentation methods for fluorescence microscopy data, such as 
Cellpose, are bound to fail. At the same time, RNA2seg fully utilizes high-quality stain-
ing data where it is available.

RNA2seg relies on a teacher-student framework and can therefore be trained without 
relying on manual annotation. This is especially important for IST data, where manual 
annotation is exceptionally time-consuming. Furthermore, large deep learning mod-
els achieve their full potential only when trained on extensive annotated datasets. Our 
framework allows RNA2seg to be trained on more than 4 million cells across diverse 
tissues, gene panels, and membrane markers, ensuring broad representation of the 
expected input data distribution and significantly improving robustness.

Validation of segmentation algorithms for IST data is complicated, as manual anno-
tation is particularly difficult, requiring interpretation of point clouds, which is notori-
ously challenging, and integrating information scattered over several staining channels. 
Most authors have therefore opted for indirect measurements to assess segmentation 
accuracy. We argue that the best way of assessing the quality of segmentation methods 
is still to compare them to a manually generated ground truth. For this reason, we devel-
oped a new visualization scheme, where RNAs are colored according to their co-expres-
sion. This enables the efficient utilization of RNA point clouds for identifying cellular 
boundaries, particularly in regions with poor staining quality. We have annotated 724 
cells across different tissue types and experimental setups, which we make freely avail-
able to the scientific community (https://​zenodo.​org/​recor​ds/​14912​364). We expect that 
this manually curated dataset will ease future developments and in particular serve as a 
basis for benchmarks in the field, which are today still difficult to achieve.

We demonstrate that incorporating RNA species information into our algorithm did 
not improve its performance. This result is unexpected, since it could be assumed that 
gene expression data would provide valuable information for segmenting cells with 

https://zenodo.org/records/14912364
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distinct transcriptional profiles. Several potential reasons could explain this observa-
tion. First, RNA density alone may already be a sufficiently informative feature, making 
the additional inclusion of RNA species data redundant. Indeed, improvements are only 
expected in scenarios where neighboring cell types cannot be adequately segmented 
using membrane and RNA positional data alone — likely representing a small subset of 
the observed segmentation errors. Another explanation is that the current algorithmic 
strategies for leveraging RNA species data may still be suboptimal.

In a series of validation experiments, we showed that RNA2seg outperforms state-of-
the-art methods for cell segmentation in IST data, both on data from the same experi-
ments but withheld during training and in a zero-shot-learning setting on IST data of a 
different organism, a different set of membrane markers and a different gene panel.

RNA2seg was designed as a flexible and generalist model, capable of adapting to a 
wide variety of datasets. First, it can accommodate an arbitrary number of input chan-
nels, enabling it to fully leverage all available data. Second, its RNA representation is 
independent of the specific gene panel, ensuring that the model remains applicable 
across datasets with varying gene compositions. Third, RNA2seg demonstrates robust 
performance in a zero-shot learning setting. Finally, to further tailor the model to user-
specific datasets, we proposed a few-shot learning approach that is fast, highly effective, 
and requires no manual annotations. Together, these features make RNA2seg a powerful 
and versatile tool for cell segmentation across diverse biological sample types.

While RNA2seg demonstrates competitive performance in cell segmentation, it has 
several limitations. First, it is currently restricted to 2D data. Although many commer-
cial systems currently perform 2D measurements or probe only thin 3D volumes, the 
ability to analyze thick 3D samples will likely become increasingly important, particu-
larly for studying intact organoids or tumoroids [28]. Second, we have chosen to repre-
sent RNA point clouds as images. When using large marker panels, intra-cellular RNA 
point clouds are typically dense rather than sparse, making this representation a logical 
choice. However, exploring architectures that directly process point clouds could be a 
promising direction, as we have previously proposed for classifying subcellular localiza-
tion patterns [29]. While integrating such an approach with the CNN-based architec-
ture used for membrane stainings presents conceptual challenges, it could potentially 
enhance efficiency. Finally, while we did not find that a recent Mamba-based architec-
ture provided any tangible advantage in segmentation performance, leading us to opt 
for a more parameter-efficient CNN-based architecture, this choice may be reconsidered 
with the emergence of foundation models for segmentation [30]. These models, predom-
inantly based on transformer architectures, could further enhance the segmentation of 
IST data, potentially shifting the balance away from CNNs.

Conclusions
In this study, we introduce RNA2seg, a generalist segmentation algorithm designed 
for image-based spatial transcriptomics. Unlike existing methods, RNA2seg inte-
grates information from multiple staining and RNA localization to achieve accurate 
cell segmentation. To train RNA2seg without manual annotations, we developed a 
student-teacher training scheme, enabling the model to learn from a large and diverse 
dataset. This approach ensures that RNA2seg is generalizable and capable of performing 
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zero-shot segmentation on unseen datasets. We argue that manual annotations remain 
essential for benchmarking, even though they are notoriously challenging to generate 
for IST data. To address this, we designed a novel visualization scheme, which enabled 
us to annotate more than 700 cells across diverse IST datasets — providing a valuable 
resource for future benchmarking studies. Finally, RNA2seg outperforms existing meth-
ods on various segmentation metrics, highlighting its utility in this fundamental task for 
downstream single-cell analysis. In practice, RNA2seg is implemented for OME-zarr to 
ease large-scale applications and is available as a pip package: https://​github.​com/​fish-​
quant/​rna2s​eg.

Methods
Method overview

RNA2seg is a deep learning-based cell segmentation method that takes as input DAPI 
channel XDAPI , RNA point clouds {X (i)

RNA}i=1...NRNA , and optionally additional membrane 
staining channels (MSC) {X (k)

MSC}k=1...K  . The output is a cell segmentation mask.
A core element of our approach is an efficient teacher-student framework, which 

enables the training of a dedicated segmentation method without requiring manual 
annotation.

Cell segmentation from fluorescent membrane staining channels is a well-stud-
ied problem, where previously published and trained convolutional neural networks 
(CNNs) have demonstrated performance close to human-level accuracy [9, 10]. How-
ever, the segmentation quality of such methods is conditioned on the staining quality 
which tends to be highly heterogeneous in IST data. Consequently, segmentation results 
can be excellent in some locations and very poor in others.

To generate a high quality training set automatically in a teacher-student framework, 
our strategy leverages Cellpose to generate an initial segmentation of nuclei and cells 
from DAPI and MSC. We then apply a series of rules to filter out segmentation results 
likely to be incorrect or inaccurate. Using the filtered training labels, RNA2seg learns the 
RNA point cloud density patterns corresponding to cells. Once trained, RNA2seg per-
forms cell segmentation even in areas lacking high-quality membrane staining.

Teacher‑network: generation of the training set

In order to generate the labeled data for training RNA2seg, we first apply teacher pre-
trained networks for cell and nucleus segmentation and then select among the seg-
mented cells high-confidence objects ( Cv ), as described below. Additionally, we identify 
high-confidence background areas ( Bv ). Then, inspired by SketchPose [25], we generate 
partial back-propagation masks to train the model exclusively on high-confidence cells 
( Cv ) and background areas ( Bv).

Candidate cell segmentation with a pre‑trained network

We use the Cellpose cyto3 [10] pre-trained model for segmenting cells. Each MSC is 
segmented individually, using a two-channel image formed by concatenating XDAPI 
and X (k)

MSC . For DAPI segmentation, we also utilize the Cellpose nuclei [10] pre-trained 
model.

https://github.com/fish-quant/rna2seg
https://github.com/fish-quant/rna2seg
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Background segmentation

We use a training scheme for partial annotation, i.e. pixels are not systematically neg-
ative if they are outside high-confidence cells. To identify the background regions ( Bv ) 
devoid of cells, we rely on RNA density as an indicator. The underlying assumption is 
that areas with low RNA density correspond to background regions without cells. To 
estimate RNA density for each pixel, we apply a Gaussian kernel density estimation 
with a standard deviation of σ = 10 pixels. Background regions are then defined as 
the set of pixels with RNA density below a threshold Tb . This threshold Tb is defined 
as the 5%-percentile of RNA densities inside the nucleus.

Selection of consistent cell segmentations

In this section, we describe how we compute the set of high-confidence cells, denoted 
as Cv , from the cell segmentation provided by the teacher network. Our objective 
is to exclude poorly segmented cells, particularly those from regions with weak cell 
boundary staining. Our approach assumes that the nucleus segmentation is accurate, 
which is often the case, as the DAPI channels are usually of good quality. Valid cells 
are identified based on the consistency between cytoplasm and nucleus segmentation 
and the RNA density. The agreement between a segmented cell and an independently 
generated nucleus segmentation thus serves as a surrogate measure of correctness.

To categorize cell-nucleus segmentation consistency, we first define relationships 
between cells and nuclei based on area overlap thresholds:

•	 A cell is considered to contain a nucleus if at least Tcontain = 95% of the nucleus 
area overlaps with the cell.

•	 A cell is considered to intersect a nucleus if more than Tintersect = 1− Tcontain% of 
the nucleus area overlaps with the cell.

Among the cells segmented by the teacher network, the following cells are retained: 

1.	 Cells that contain one and only one nucleus.
2.	 Cells that do not intersect with a nucleus.
3.	 Nuclei that do not intersect with more than one cell.

Each rule addresses a specific segmentation scenario: 

1.	 The first rule ensures that cells with consistent nuclear and cytoplasmic segmenta-
tion are retained.

2.	 The second rule includes cells without an associated nucleus to account for cases 
where the nucleus is missing from the tissue section.

3.	 The third rule addresses regions with poor MSC quality, which may result in cel-
lular regions missed by the teacher network. In such cases, the nuclear regions are 
used instead. Including nuclear regions in the training labels does not compromise 
the ground truth, thanks to our partial back-propagation method described below. 
We assume however that cell and nucleus center are close to each other.
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Finally, we exclude from Cv any cell without nucleus or nucleus without cell with more 
than Tbg = 5% overlap with background regions, as such overlap indicates potential seg-
mentation errors.

Generated training label in this study

We segment cells from different MSC independently and generate training targets for 
each segmentation result separately by applying the rules described above. The resulting 
training labels are then merged into a comprehensive training dataset. Since different 
MSC can be complementary and no single marker consistently provides superior results 
across all regions, incorporating training labels from multiple MSC ensures a more 
extensive and robust training dataset.

For the MERFISH datasets, we generate the training target from the cell boundary 
staining 1 and 3. For the cosmx dataset we generate the training target from all of the 
three available immunostainings. The training labels used in this study are available at: 
https://​zenodo.​org/​recor​ds/​14916​899.

RNA image generation

We transform RNA point cloud data into image data by assigning to each pixel the num-
ber n of RNA molecules it contains, irrespective of their species. Following the approach 
described in [15], we then apply a max filter with k = 2 and Gaussian kernel filter with 
σ = 2 to smooth the data. The output is an 1×H ×W  image which we denote IRNA.

RNA2seg network and loss

The RNA2seg network takes as input two images: a staining image XS including all MSC 
and the DAPI channel of size (K + 1)×H ×W  , where K corresponds to the number of 
MSC, and an RNA image IRNA of size 1×H ×W .

To allow RNA2seg to handle an arbitrary number of stainings, XS is first processed 
using a ChannelNet architecture [20], which outputs a fixed-size image IS of size 
3×H ×W  , independent of the number K of MSC.
IS is then concatenated with IRNA and passed into a U-Net backbone, which can either 

be a CNN-UNet, a Swin-UNet or a Mamba-UNet architecture.
As output, the model produces an image of size 3×H ×W  , where the first channel 

indicates the probability that a pixel belongs to a cell, and the next two channels pro-
vide the horizontal and vertical gradients pointing to the cell center, as implemented in 
Cellpose [10]. The CNN-UNet is adapted from the Cellpose U-Net and the Swin-UNet 
follows the original paper’s design, using standard hyperparameters (patch size = 4, 
embedding dimension = 96, depths = [2, 2, 6, 2], attention heads = [3, 6, 12, 24], win-
dow size = 8).

The model’s loss function consists of two components: a cross-entropy loss on the cell 
probability output and a mean squared error (MSE) loss on the predicted gradient that 
points toward the cell centers.

RNA2seg training

To enable RNA2seg to effectively segments areas with low-quality or missing cell bound-
ary staining, we applied dropout to the channels of IS during training. Specifically, 

https://zenodo.org/records/14916899
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membrane staining image channel were replaced by empty images with a dropout prob-
ability of 0.25, which effectively emulates missing membrane staining signals.

Additionally, we applied random brightness-contrast adjustments, Gaussian blur fil-
tering, random rotations, an random crop masking of the staining images to enhance 
robustness.

RNA2seg was trained on 64k partially labeled images of size 1200× 1200 , resized to 
512× 512 . The training was conducted with a batch size of 8, using the Adam optimizer 
[31] with a learning rate of 0.001. We reserved 5% of the training dataset for validation 
and selected the best model based on validation performance after 30 epochs.

Co‑expression visualization

To validate RNA2seg, we manually annotated cells by simultaneous inspection of all 
channels (DAPI, MSC and the generated RNA density channel). However, as shown in 
Fig.  2B, accurately annotating cell boundaries solely with staining can be challenging, 
in particular in regions of low staining quality. To facilitate the annotation process, we 
assign similar colors to RNAs from co-expressed genes, based on the assumption that 
RNAs from genes co-expressed are likely to belong to the same cell.

First, we estimate co-expression using the spatial arrangements of detected RNA mol-
ecules in the image as described in our previous work [8]. In brief, by analyzing the spa-
tial distances of the detected RNA positions, we can estimate a spatial co-expression 
value for each gene pair that recapitulates how likely transcripts of the two genes appear 
in close proximity. This leads to a co-expression matrix W ∈ R

Ng×Ng where Ng is the the 
number of genes in the IST dataset and the wi,j correspond to the spatial co-expression 
of gene i and j. Each gene i is characterized by its coexpression profile (columns Wi of the 
matrix W):

Application of Principal Components Analysis (PCA) to W allows us to map each col-
umn vector Wi to a 3-dimensional vector that is then used as an RGB color code of the 
corresponding RNAs.

RNA2seg with colors for each RNA species color

We also first explored whether this Co-expression visualization scheme could be benefi-
cial for representing RNA distributions during training. Hence, instead of using a one-
channel image to encode the RNA positions, as described above, we represented each 
RNA species as a 3-dimensional vector, interpretable as an RGB color. Our hypothesis 
was that in addition to RNA density, the differences in transcriptional programs between 
cells of different type should in principle bear useful information for segmentation.

Alternatively, we tested to treated RGB vectors of each RNA species as learnable 
parameters that are optimized during training.

To implement these two solutions, for each RNA position, its corresponding 3-dimen-
sional vector is incorporated into the RNA image IRNA , with dimensions 3×H ×W  . 
The segmentation network’s first convolutional layer is modified to accommodate the 
dimensions of IRNA . If multiple RNA species occupy the same position in the image, one 
is randomly selected for representation.

(2)Wi = [wi,0, ...,wi,j , ...wi,Ng ]
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Validation and metrics

Intersection over Union (IoU)

Our annotations are done on image of 1200x1200 pixels and are partial as only non 
ambiguous cell were annotated. We computed the intersection over union (IoU) for each 
annotated cell and its best matched segmented cell. The best match is calculated by find-
ing the cell that maximizes the IoU at the pixel (pixel IoU) or the RNA level (RNA IoU).

Spurious and inconsistent cells

As an additional validation metric, we propose to calculate the number of spurious and 
inconsistent cells:

•	 Spurious cells are defined as segmented cells that do not intersect a nucleus and 
have an RNA count below Tspurious , which we set to the 5-percentile of RNAs inside 
nuclei. Spurious cells likely correspond to false positives.

•	 Inconsistent cells are defined as segmented cells that intersect at least one nucleus 
without fully enclosing it or segmented cells containing more than one nucleus, with 
respect to the defined thresholds Tcontain , Tintersect.

Automatic fine‑thuning on our in‑house Hamster MERFISH dataset

We first applied the Cellpose DAPI model to segment nuclei and the Cellpose cyto3 
model to delineate cell boundaries from the Hamster MERFISH dataset [10]. These seg-
mentations were used to generate a training dataset of 742 partially labeled images fol-
lowing the method described in Teacher-network: generation of the training set section. 
We then fine-tuned our pre-trained RNA2seg-CNN over 20 epochs, a process that took 
less than 10 minutes on our P100 GPU.

Benchmarked method hyper‑parameters

For the VHFI dataset and the lung CosMX, we apply a Cellpose cyto3 with a diame-
ter parameter of 60 on each available cell boundary staining. We kept the segmentation 
from the cell boundary staining performing the best. We apply Baysor with the nuclei 
segmentation as input and a confidence parameter of 1. We apply ComSeg with mean 
cell diameter of 7 µm.
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Data availability
RNA2seg is available as a fully documented Python pip package at: GitHub Repository: Defard, Thomas and Blondel, 
Alice. RNA2seg python package. GitHub. https://​github.​com/​fish-​quant/​rna2s​eg (2025). Zenodo: Defard, Thomas and 
Blondel, Alice. RNA2seg python code for RNA2seg study. Zenodo. https://​doi.​org/​10.​5281/​zenodo.​17690​355 (2025).
The Python code for our novel visualization is available at: GitHub Repository: Defard, Thomas and Blondel, Alice. Gene 
coexpression visualization. GitHub. https://​github.​com/​tdefa/​gene_​coexp​ressi​on_​visua​lizat​ion (2025). Zenodo: Defard, 
Thomas and Blondel, Alice. Gene coexpression visualization. Zenodo. https://​doi.​org/​10.​5281/​zenodo.​17690​355 (2025).
The weights of the different trained RNA2seg networks can be found at : https://​huggi​ngface.​co/​alice​blond​el/​RNA2s​eg, 
doi:10.57967/hf/7072 (2025).
Our manually annotated dataset of cells is available at: https://​zenodo.​org/​recor​ds/​14912​364.
The segmentation results computed for the benchmark are available at: https://​zenodo.​org/​recor​ds/​14916​899.
External Datasets: For training and benchmarking, we used CosMx and Vizgen. We use the Mouse Ileum dataset from 
[12] for benchmarking only. Data usage is also detailed in Additional file 1: Table 1 and below:
Human Lung CosMx dataset: Available from [11] at https://​nanos​tring.​com/​produ​cts/​cosmx-​spati​al-​molec​ular-​imager/​
ffpe-​datas​et (visited in 2024). We retained a subset named “Lung5_Rep1”.
Vizgen Human FFPE Immuno-oncology Data Release (VHFI): Seven datasets available at https://​info.​vizgen.​com/​access-​
vizgen-​data-​relea​se-​1000-​plex (visited November 2025).
Mouse Ileum dataset: From [12] used for benchmarking purposes only. available at: Petukhov, Viktor et al: MERFISH 
mouse ileum, 241 genes: https://​doi.​org/​10.​5061/​dryad.​jm63x​sjb2.
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