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Abstract

Summary: Several approaches have been proposed to reconstruct interactions between groups of cells or individual cells from single-cell tran-
scriptomics data, leveraging prior information about known ligand—-receptor interactions. To enhance downstream analyses, we present an end-
to-end dimensionality reduction workflow, specifically tailored for single-cell cell-cell interaction data. In particular, we demonstrate that sparse
dimensionality reduction can pinpoint specific ligand-receptor interactions in relation to clusters of cell pairs. For sparse dimensionality reduc-
tion, we focus on the Boosting Autoencoder approach. Overall, we provide a comprehensive workflow, including result visualization, that simpli-
fies the analysis of interaction patterns in cell pairs. This is supported by a Jupyter notebook that can readily be adapted to different datasets.

Availability and implementation: https://github.com/NiklasBrunn/Sparse-dimension-reduction.

1 Introduction

Recent enhancements of techniques for measuring gene ex-
pression levels of cells along with their spatial localization in
the tissue have led to a rapidly evolving research field for com-
putational tools that enable a detailed study of cell—cell com-
munication (Armingol et al. 2024). Pioneering approaches
integrate prior knowledge about known ligand-receptor inter-
actions into a computational framework for reconstructing di-
rected cell—cell interactions (CCls) from transcriptomics data
by leveraging the aggregated ligand expressions in sender cells
and the aggregated cognate receptor expressions in receiver
cells, of a specific type respectively (Cabello-Aguilar et al.
2020, Efremova et al. 2020, Jin ef al. 2021).

However, treating cells of the same type as a single entity may
overlook potential within-cell type variability of interaction pat-
terns (Armingol et al. 2024). More recent approaches thus com-
pute CCI scores at the single-cell level (Li and Yang 2022, Bafna
et al. 2023, Raredon et al. 2023, Wilk et al. 2024). For example,
NICHES  (https:/github.com/msraredon/NICHES) (Raredon
et al. 2023) and Scriabin (Wilk et al. 2024) construct cell—cell in-
teraction matrices (CCIMs) based on known ligand-receptor
interactions using single-cell gene expression data. Such CCIMs
consist of the interaction scores for each active ligand-receptor
interaction (features) in pairs of single cells (observations).

Importantly, standard scRNA-seq analysis relies on cluster-
ing individual cells first, followed by identification of marker
genes by determining differential gene expression. In con-
trast, interaction-pattern analysis on a CCIM instead applies
dimensionality reduction to cell—cell pairs, clusters these pairs
based on interaction score profiles, and uses post-hoc statisti-
cal testing to identify ligand-receptor pairs characterizing
each interaction cluster (Raredon et al. 2023).

Here, we demonstrate a workflow that uses sparse dimension-
ality reduction to identify characteristic ligand—receptor interac-
tions for clusters of cell pairs in an end-to-end manner, i.e. with
ligand—receptor pairs identification already integrated into di-
mensionality reduction. While sparse dimensionality reduction
can potentially be obtained by several approaches (Boileau et al.
2020, Song et al. 2021), we focus on the Boosting Autoencoder
(https://github.com/NiklasBrunn/BoostingAutoencoder) ap-
proach (BAE) (Hackenberg et al. 2025), which we have re-
cently introduced in the context of analyzing single-cell gene
expression data. The BAE provides an interpretable represen-
tation of cell pairs in a low-dimensional latent space, where
each latent dimension is linked to a sparse characterizing set
of ligand-receptor interactions by model-selected weights.

However, different signs in the learned weights can make the
interpretation challenging. We demonstrate how specifically
the BAE approach can be easily adapted for improved
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interpretation by integrating a soft clustering component into
the neural network architecture.

Central to our improved approach is that the learned repre-
sentation of cell pairs, cluster memberships, and selected
interactions for the different clusters can be used to generate
easy-to-interpret 2D visualizations using UMAP (Mclnnes
et al. 2018). Additionally, ranked lists of selected interactions
per cluster, along with their importance scores can be
extracted from the model output.

We provide Jupyter notebooks in our GitHub repository to
analyze interaction patterns in single-cell pairs, which can be
easily adapted for different datasets and to explore the func-
tionality of the adapted BAE approach.

Overall, our work advances CCI analyses with the follow-
ing key contributions. (i) We present a novel application of a
sparse dimensionality reduction approach to single-cell-
resolved CCI data analysis, combining structured cell pair
representation learning with ligand-receptor interaction se-
lection. (ii) Interpretability is enhanced by integrating a soft-
clustering component into the original BAE architecture,
which allows to pinpoint specific ligand-receptor interactions
in relation to clusters of cell pairs. (iii) We provide a user-
friendly notebook that guides users through the entire CCI
analysis pipeline, from raw gene expression data to interac-
tion pattern results visualization. (iv) We introduce minor
modifications to the original BAE optimization framework,
improving both computational efficiency and model flexibil-
ity (Supplementary Material 1.1, available as supplementary
data at Bioinformatics Advances online).

2 The boosting autoencoder

The Boosting Autoencoder (BAE) is a deep learning approach
for sparse and interpretable representation learning, origi-
nally designed for the analysis of single-cell RNA sequencing
data (Hackenberg et al. 2025), which we adapt here for the
analysis of sparse CCI data (see Supplementary Material 2,
available as supplementary data at Bioinformatics Advances
online for a discussion on data sparsity).

A BAE uses an autoencoder architecture comprising two
concatenated neural networks, the encoder and the decoder.
In the present setting of CClIs, the encoder defines a paramet-
ric mapping from the feature space of ligand—receptor inter-
actions to a low-dimensional latent space and the decoder
vice versa. The objective of the optimization is to minimize a
reconstruction loss measuring the deviation of the model re-
construction to the input, under the constraint of reducing
the dimensionality during the forward pass.

To enable a direct connection of interactions to latent
dimensions, the BAE encoder consists of a single-layer linear
neural network that is parameterized solely by a weight ma-
trix. During training, the BAE iteratively updates the encoder
weight matrix based on componentwise boosting (Tutz and
Binder 2006, 2007), a stepwise feature selection approach.
Specifically, the negative gradients of the autoencoder recon-
struction loss with respect to the latent representation are
used to construct responses, to which linear models of the in-
put interactions are fitted in a stepwise manner. In each itera-
tion, only the weight corresponding to the specific interaction
that improves most the current linear model fit is updated.
For each dimension of the latent representation, the coeffi-
cients of this linear model represent the corresponding row of
the encoder weight matrix. As the encoder weights
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corresponding to the model coefficients are initialized from
zero, model training results in a sparse weight matrix. The
componentwise boosting algorithm is embedded into a
gradient-based optimization framework for finding jointly
optimal encoder weights and decoder parameters. It offers
the advantage of incorporating user-defined constraints into
the feature selection step, e.g. to obtain disentangled latent
dimensions (Hackenberg et al. 2025).

In our adaptation of the BAE for analyzing single-cell-
resolved interaction patterns in CCIMs, we use the BAE with
the disentanglement constraint to learn low-dimensional rep-
resentations of cell pairs in largely uncorrelated latent dimen-
sions, each characterized by a specific small set of ligand—
receptor interactions. During parameter optimization, the
BAE iteratively links interactions to latent dimensions, where
the corresponding encoder weights can have different signs.
Consequently, each latent dimension can capture two distinct
groups of cell pairs, represented by opposite signs.

To further enhance the interpretation of learned interac-
tion patterns in latent dimensions, we introduce the
split-softmax transformation after the encoder. Specifically,
this transformation allows to split two different groups of
cell pairs potentially represented in the same latent dimen-
sion, while keeping track of the selected characterizing inter-
actions for each group. The split-softmax transformation
first splits the activation in latent dimensions per cell pair
into their positive and negative versions, followed by a
softmax transformation, to model associations of cell pairs to
different latent dimensions. The split-softmax transformation
allows for an equal contribution of positive and negative sig-
nals in the latent representation, whereas direct application
of the softmax function would map negative signals toward
zero, thus overlooking potentially meaningful signals. Each
output dimension of the split-softmax transformation repre-
sents a cluster to which observations can be assigned with a
certain probability. The number of clusters is thereby con-
trolled by the user-defined number of latent dimensions for
the dimensionality reduction. Supporting details about the
adapted BAE model, its optimization, and guidance on con-
trolling the sparsity level are provided in Supplementary
Material 1, available as supplementary data at
Bioinformatics Advances online.

In contrast to frequently used step-by-step approaches,
where dimensionality reduction is followed by clustering and
subsequent differential interaction analysis, our BAE ap-
proach optimizes smoothly all model components in an
end-to-end manner. An overview of the model architecture is
provided in Fig. 1a.

An analysis demonstrating the scalability of the BAE with
respect to increasing observation and feature sizes is pre-
sented in Supplementary Material 4, available as supplemen-
tary data at Bioinformatics Advances online.

3 Analysis of single-cell interaction patterns

3.1 Analysis workflow

In our proposed workflow for analyzing single-cell-resolved
interaction patterns, the input to the BAE is a CCIM. Details
on preprocessing and CCIM construction are provided in
Supplementary Material 3, available as supplementary data

at Bioinformatics Advances online. A CCIM can be con-
structed using tools including NICHES (Raredon et al. 2023)
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Figure 1. Schematic overview and application of the BAE. (a) (Left) The input data for training a BAE to learn single-cell interaction patterns is a CCIM
constructed, e.g. by NICHES with standardized features. (Right) The BAE learns a structured and sparse connection of ligand-receptor interactions to
latent dimensions (Encoder). The split-softmax transformation computes the cluster membership probabilities of cell pairs based on their representation.
Each cell pair gets assigned to the cluster with the highest probability. The decoder network maps the split-softmax representation back into the ligand—
receptor interaction space for reconstructing the interaction scores of cell pairs. 2D UMAP embeddings of the BAE latent representation can be used

to visually inspect the results. Plots can be, e.g. colored by the cluster probabilities of cell pairs or scores of BAE-selected ligand-receptor interactions.
(b—e) Result visualization of the BAE application to single-cell cell-cell interaction data computed by NICHES from rat data. The number of latent
dimensions was set to d = 30, resulting in 60 clusters to which the model can assign cells. (b) (From left to right) 2D UMAP embedding of the latent
representation of cell pairs colored by cluster membership. UMAP embedding of cell pairs colored by sender cell type. UMAP embedding of cell pairs
colored by receiver cell type. (c) UMAP embedding colored exemplarily by the split-softmax representation of cell pairs in dimension 14 corresponding to
cluster 26. (d) Scatter plot of the top selected ligand-receptor interactions for cluster 26. Dots represent min-max normalized positive encoder weights
for the latent dimension 14 of the BAE in descending order (from left to right). (e) Top left/top right/bottom left/bottom right: UMAP embedding of cell
pairs colored by interaction scores for the top 1/2/3/4 ligand-receptor interactions selected by the BAE for cluster 26.



using either gene expression data from scRNA-seq or from a
spatial transcriptomics experiment (Fig. 1a).

After training a BAE on the CCIM, it provides multiple
outputs for exploring interaction patterns. First, a 2D UMAP
representation of the data can be computed based on the
learned latent representation, to visually explore similarities
in the interaction patterns of cell pairs. Second, cell pairs are
assigned to clusters with learned probabilities by the soft
clustering component. Third, sparse lists of ranked ligand—
receptor interactions help to pinpoint interactions that char-
acterize clusters.

The BAE results can be visually inspected by coloring the
2D UMAP representation with the information from the dif-
ferent result modalities. Complementary metadata, such as
cell type information, can thereby enhance the interpretation
of the results.

Further, our implementation of the workflow can handle
spatial transcriptomics data and contains visualization func-
tions to enhance the intuitive assessment of the learned latent
patterns, making it easy for researchers to interpret and ex-
plore the data. Additionally, we provide Jupyter notebooks
that allow users to either reproduce our analysis or to adapt
it to other datasets, as well as to explore the model function-
ality using simulated data.

3.2 Visualization of results

As an examplary application, we considered a NICHES
CCIM of scRNA-seq data derived from rat lung tissue
(Raredon et al. 2019).

We colored cell pairs in the 2D UMAP representation
based on their cluster identity with the highest probability,
the previously defined sender cell types, and the receiver cell
types respectively (Fig. 1b). Comparing the three plots reveals
that cell pairs with similar sender and receiver types have sim-
ilar interaction profiles.

The individual clusters can be further examined for their
specific characteristic interaction profiles (Fig. 1c—e). For ex-
ample, inspection of the cluster membership probabilities of
cell pairs in cluster 26 shows a separation from other cell
pairs based on the latent patterns (Fig. 1c). The top character-
izing interactions, which were selected by the BAE for cluster
26, are shown in Fig. 1d. These ligand-receptor interactions
can be used to color the cell pair representation in the UMAP
plot to see how well the interaction score patterns match the
cluster identity of the cell pairs (Fig. 1e).

Selected ligand-receptor interactions can guide follow-up
experiments to confirm cluster-specific signaling. For exam-
ple, in cluster 26 the highlighted cell pairs identify fibroblasts
as sender cells and interstitial macrophages as receiver cells
(Fig. 1b and ¢). In the rat lung, the top two BAE selected li-
gand-receptor pairs (BGN-TLR2 and IL34-CSF1R) are indi-
rectly supported by ligand/receptor expression in rat lungs
and related systems, together with cross-species functional
evidence, although neither interaction has yet been demon-
strated directly in rats (Westergren-Thorsson ef al. 1993,
Koslowski et al. 2001, Schaefer et al. 2005, Hwang et al.
2012, Wang et al. 2012, Bostrom and Lundberg 2013, Dai
et al. 2015, Meziani et al. 2018, Irvine et al. 2020, Lelios
et al. 2020). More details are provided in Supplementary
Material 5, available as supplementary data at Bioinformatics
Advances online.

A further demonstration of the analysis workflow on spa-
tial transcriptomics data is provided in Supplementary
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Material 6, available as supplementary data at Bioinformatics
Advances online.

4 Conclusion

We present a comprehensive workflow for sparse dimension-
ality reduction of single-cell-resolved interaction data, facili-
tated by the Boosting Autoencoder (BAE). To enhance the
interpretability of the resulting low-dimensional embedding,
we integrated a soft clustering component into the end-to-end
approach. This integration enables the model to pinpoint spe-
cific interactions in relation to clusters of cell pairs, facilitat-
ing deep insights into the underlying biological processes.
With our workflow implementation, researchers can perform
the analysis in a customizable Jupyter notebook with their
own data and visualize the results.
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