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e Integrated LIANA and Tensor-cell2cell for cell-cell
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e Demonstrates broad applicability to single-cell data in
diverse biological conditions
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In brief

By integrating LIANA and Tensor-
cell2cell, Baghdassarian et al. provide a
unified protocol for unsupervised
analysis of cell-cell communication (CCC)
across multi-sample single-cell datasets.
By facilitating CCC method selection and
identification of context-driven
communication programs, this approach
garners insights into diverse biological
processes. This work is accompanied by
user-friendly tutorials for both Python
and R.
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CCC programs across multiple samples.

MOTIVATION Multiple cell-cell communication (CCC) tools exist, yet results are specific to the tool of
choice due to the diverse assumptions made across computational frameworks. Moreover, tools are often
limited to analyzing single samples or performing pairwise comparisons. As experimental design
complexity and sample numbers continue to increase in single-cell datasets, so does the need for versatile
methods to decipher cell-cell communication in such scenarios. By integrating LIANA and Tensor-cell2cell,
we present a protocol that enables the use of a diverse array of tools and resources to assess interpretable

SUMMARY

In recent years, data-driven inference of cell-cell communication has helped reveal coordinated biological
processes across cell types. Here, we integrate two tools, LIANA and Tensor-cell2cell, which, when com-
bined, can deploy multiple existing methods and resources to enable the robust and flexible identification
of cell-cell communication programs across multiple samples. In this work, we show how the integration
of our tools facilitates the choice of method to infer cell-cell communication and subsequently perform an
unsupervised deconvolution to obtain and summarize biological insights. We explain how to perform the
analysis step by step in both Python and R and provide online tutorials with detailed instructions available
at https://ccc-protocols.readthedocs.io/. This workflow typically takes ~1.5 h to complete from installation
to downstream visualizations on a graphics processing unit-enabled computer for a dataset of ~63,000 cells,

10 cell types, and 12 samples.

INTRODUCTION

Cell-cell communication (CCC) coordinates higher-order biolog-
ical functions in multicellular organisms, ' dictating phenotypes
in response to different contexts such as disease state, spatial
location, and organismal life stage. In recent years, many tools
have been developed to leverage single-cell and spatial tran-
scriptomics data to study CCC events driving various biological
processes.”™* While each computational strategy contributes
unique and valuable developments, many are tool specific and
challenging to integrate due to the large number of different infer-
ence methods and resources housing prior knowledge.”””’
Moreover, most tools do not account for the relationships of

Gheck for
Updates

coordinated CCC events (CCC programs) across different con-
texts,® either disregarding context altogether by analyzing sam-
ples individually or being limited to pairwise comparisons. Thus,
as the ability to generate large single-cell and spatial transcrip-
tomics datasets and the interest in studying CCC programs
continue to increase,”'" the need to robustly decipher CCC is
becoming essential.

Comparison with other methods

A plethora of ligand-receptor (LR) methods have emerged, most
of which were published with their own resources.’>'? Many of
these provide distinct scoring functions to prioritize interactions,
yet studies have reported low agreement between their
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Figure 1. Integration of LIANA and Tensor-
cell2cell to identify context-driven programs
of cell-cell communication

LIANA and Tensor-cell2cell can be used together to
infer the molecular basis of cell-cell interactions by
running analysis across multiple samples, condi-
tions, or contexts. Given a method, resource, and
expression data, LIANA outputs CCC scores for all
interactions in a sample. We adapted both tools to
be highly compatible with each other, so LIANA
outputs can be directly passed to Tensor-cell2cell
to detect the programs from the scores computed
with LIANA. Tensor-cell2cell uses the communica-
tion scores generated for multiple samples to
identify context-driven CCC programs.

key feature of Tensor-cell2cell is that it
considers all samples simultaneously
while preserving the relationships be-
tween ligand-receptor interactions and
communicating cell-type pairs. Thus,
Tensor-cell2cell preserves higher-order
CCC relationships and translates those
into mechanistic CCC programs of
potentially interacting ligands, receptors,
and communicating cell types.

atterns or programs

Development of the protocol

We combine two independent yet highly
complementary tools that leverage exist-
ing methods to enable robust and hypoth-
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esis-free analysis of context-driven CCC
programs (Figure 1). LIANA® is a computa-
tional framework that implements multiple
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predictions.>"*'* Due to the lack of a gold standard, the bench-
mark of these methods remains limited,” and it is challenging to
choose the method that works best. To this end, in addition to
providing multiple individual methods via ligand-receptor
analysis framework (LIANA), we also enable their consensus,
which we use in this protocol, under the assumption that the wis-
dom of the crowd is less biased than any individual method.'®
While many methods exist to infer ligand-receptor interac-
tions from a single sample, fewer approaches were designed
to compare CCC interactions across conditions. These include
CrossTalkeR,'® which utilizes network topological measures to
compare communication patterns, CellPhoneDB,'” which ac-
cepts user-provided lists of differentially expressed genes to
return relevant ligand-receptor interactions, and scDiffCom,'®
which uses a combined permutation approach across both
cell types and conditions. Still, the aforementioned ap-
proaches are limited to pairwise comparisons. Other ap-
proaches can directly compare CCC across more than two
conditions; however, their analysis often relies on pairwise'®
or targeted”® comparisons to integrate multiple samples. A

2 Cell Reports Methods 4, 100758, April 22, 2024
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available ligand-receptor resources (i.e.,
database of ligand-receptor interactions)
and methods to analyze CCC. In particular,
the user can employ LIANA to select any
method and resource of choice or combine multiple approaches
simultaneously to obtain consensus predictions. Tensor-cell2-
cell'? is a dimensionality reduction approach devised to uncover
context-driven CCC programs across multiple samples simulta-
neously. Specifically, Tensor-cell2cell uses CCC scores inferred
by any method and arranges the data into a four-dimensional
(4D) tensor to capture the coordinated relationship between
ligand-receptor interactions, communicating cell-type pairs,
and samples. Together, LIANA and Tensor-cell2cell unify exist-
ing approaches to enable researchers to easily use their
preferred CCC resource and method and subsequently analyze
any number of samples into biologically relevant CCC insights
without the additional complications of installing separate tools
or reconciling discrepancies between them.

For this protocol, we adapted LIANA and Tensor-cell2cell to
enable their smooth integration. Thus, our protocol demon-
strates the concerted use of both tools, describes the insights
they provide, and facilitates the interpretation of their outputs.
We base this protocol on recent best practices for single-cell
transcriptomics and CCC inference.?’ We begin by processing
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the key inputs of our tools. Then, we guide the selection
of methods and prior-knowledge resources to score intercel-
lular communication using LIANA’s consensus method and
resource to infer the potential CCC events for each sample.
We use Tensor-cell2cell to summarize the intercellular
communication events across samples, and we describe key
technical considerations to enable consistent decomposition
results. Finally, we guide the interpretation of the decomposi-
tion results and show multiple downstream analyses and visu-
alizations to facilitate interpretation of the context-dependent
CCC programs. For example, we illustrate how biologically
relevant results can be obtained by coupling the outputs with
pathway enrichment analyses. We also provide quick-start
and in-depth online tutorials with detailed descriptions of all
steps described in this protocol and their crucial parameters.
All these materials are available in both Python and R at
https://ccc-protocols.readthedocs.io/. While here we show-
case an analysis on coronavirus disease 2019 (COVID-19)
data, online tutorials also show applications on transcriptom-
ics data of lupus peripheral blood mononuclear cells and
spatial transcriptomics data of myocardial infarction, further
demonstrating the adaptability of our combined tools. Collec-
tively, these materials provide a comprehensive and flexible
playbook to investigate CCC from single-cell transcriptomics.

Applications of the protocol

LIANA and Tensor-cell2cell have been used for diverse pur-
poses. LIANA was initially used to compare and evaluate
different ligand-receptor methods in diverse biological con-
texts. Tensor-cell2cell was originally applied to link CCC pro-
grams with different severities of COVID-19 and autism spec-
trum disorder (ASD).'? Briefly, LIANA evaluated different
methods and showed that they have limited agreement in
terms of communication mechanisms,”'? while Tensor-
cell2cell revealed distinct CCC program dysregulations associ-
ated with severe COVID-19 specifically rather than moderate
cases, as well as combinations of programs distinguishing
ASD from neurotypical samples. Notably, LIANA provides a
consensus resource and can aggregate multiple methods
into consensus communication scores. Additionally, there is
a natural complementarity between the two tools, as Tensor-
cell2cell can use input scores from any CCC method (Figure 1)
and generates consistent decomposition results across
methods. Thus, our tools are highly generalizable and appli-
cable to the analysis of any single-cell transcriptomics data-
sets. For example, LIANA has been used for the analysis of
myocardial infarction®® and transforming growth factor B
signaling in breast cancer,”®> among others. Our tools are
also applicable to other data modalities containing potentially
interacting cell populations. Specifically, one can adapt
LIANA or use existing spatial tools®* and combine their outputs
with Tensor-cell2cell to generate spatially informed CCC in-
sights across contexts. Similarly, one can also obtain metabo-
lite-mediated intercellular interactions®>*® and decompose
those into patterns across contexts with Tensor-cell2cell.”’
One can also apply Tensor-cell2cell to extract CCC programs
occurring at specific tissues®® or at a whole-body organism
level.?®29 In this protocol, we focus on how one can leverage
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the different CCC methods and resources, generalized by
LIANA, to infer context-dependent CCC programs with
Tensor-cell2cell from single-cell transcriptomics data.

RESULTS

In this section, we introduce our protocol (Figure 2) using Python.
The same protocol is implemented in R and is available online at
https://ccc-protocols.readthedocs.io/en/latest/notebooks/ccc_
R/QuickStart.html.

Step 1: Installation and environment setup
Install Anaconda or Miniconda through the official instructions at
https://docs.anaconda.com/anaconda/install/index.html.

Then, open a terminal to create and activate a conda
environment.

conda create -n ccc_protocols
conda activate ccc_protocols

If you will be using a graphics processing unit (GPU), then install
PyTorch using conda.

conda install pytorch torchvision torchaudio pytorch-

cuda=11.8 -c pytorch -c nvidia

Install Tensor-cell2cell, LIANA, and decoupler using PyPI.

pip install cell2cell liana decoupler

For fully reproducible runs of our tutorials in both Python and R,
we have specified the required packages and their versions in
the software requirements table (STAR Methods). You can also
follow instructions in the environment setup section to install a
clean virtual environment with all package requirements.

Notebooks to run this tutorial can be created by starting a Ju-
pyter Notebook.

jupyter notebook

Step 2: Initial setups

First, if you are using an NVIDIA GPU with Compute Unified De-
vice Architecture (CUDA) cores, then set “use_gpu = True” and
enable PyTorch with the following code block. Otherwise, set
“use_gpu = False” or skip this part.

use_gpu = True

if use_gpu:

import tensorly as tl
tl.set_backend(’'pytorch’)

Cell Reports Methods 4, 100758, April 22, 2024 3
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Then, import all the packages we will use in this tutorial.

import cell2cell as c2c

import liana as 1i

import pandas as pd

import decoupler as dc

import scanpy as sc

import matplotlib.pyplot as plt
$matplotlib inline

import plotnine as p9

import seaborn as sns

Afterward, specify the data and output directories.

data_folder ="'../../data/quickstart/’
output_folder ='../../data/quickstart/outputs/’
c2c.io.directories.create_directory (data_folder)

c2c.ilo.directories.create_directory (output_folder)

We begin by loading the single-cell transcriptomics data. For this
tutorial, we will use a lung dataset of 63,000 immune and epithe-
lial cells across three control, three moderate, and six severe
COVID-19 patients (Zenodo Data: https://doi.org/10.5281/
zenodo.7706962).°° We use a convenient function to download
the data and store it in the AnnData format, on which the
scanpy®' package is built.

adata = c2c.datasets.balf_covid(data_folder + ' /Liao-
BALF-COVID-19.h5ad’)

Step 3: Data preprocessing

Data preprocessing is crucial for the correct application of this
(Figure 2A). Here, we only highlight the essential steps. However,
other aspects of data preprocessing should be considered and
performed according to the best practices of single-cell analysis
(https://github.com/theislab/single-cell-best-practices).
Quality control (timing: <5 min)

The loaded data have already been preprocessed to a degree
and come with cell annotations. Nevertheless, we highlight
some of the key steps. To mitigate noise, we filter non-informa-
tive cells and genes.

sc.pp.filter_cells (adata, min_genes=200)

sc.pp.filter_genes (adata, min_cells=3)

We additionally remove a high mitochondrial content.

adata.var['mt’] = adata.var_names.str.startswith
("MT-")

sc.pp.calculate_qgc_metrics (adata,
gc_vars=['mt’],

4 Cell Reports Methods 4, 100758, April 22, 2024
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percent_top=None,

loglp=False,

inplace=True)

adata = adata[adata.obs.pct_counts_mt < 15, :]

This is followed by removing cells with a high number of total
unigue molecular identifier (UMI) counts, potentially representing
more than one single cell (doublets):

adata = adatal[adata.obs.n_genes < 5500, :]

Caution: Here, we covered the absolute basics. We omit other
common practice steps, such as the removal of doublets and
cells with high ribosomal content and the correction of ambient
RNA. Additionally, in certain scenarios, particularly in those
where technical variation is expected to be notable, the applica-
tion of quality control steps by sample is desirable.?’
Normalization (timing: <2 min)

We have now removed the majority of noisy readouts and
can proceed to count normalization, as most CCC tools typically
use normalized count matrices as input. Normalized counts are
usually obtained in two essential steps, the first being count
depth scaling, which ensures that the measured count depths
are comparable across cells. This is then usually followed up
with log1p transformation, which stabilizes the variance of the
counts and enables the use of linear metrics downstream.

# Save the raw counts to a layer
adata.layers|["counts"] = adata.X.copy ()

# Normalize the data

sc.pp.normalize_total (adata, target_sum=1le4)
sc.pp.loglp (adata)

Critical: A key parameter of this command is as follows:

o “target_sum” ensures that after normalization, each
observation (cell) has a total count equal to that number.

These normalization steps ensure that the aggregation of cells
into cell types, a common practice for CCC inference, is done on
comparable cells with approximately normally distributed
feature values.

Troubleshooting: Expression matrices with “not a number”
(nan), negative, or infinity (inf) values cause errors. Users should
stick to common normalization techniques, and any nan, nega-
tive, or inf values must be filled to avoid errors.

Step 4: Inferring CCC

Following preprocessing of the single-cell transcriptomics
data, we proceed to the inference of potential CCC events (Fig-
ure 2B). In this case, we will use LIANA to infer the ligand-recep-
tor interactions for each sample. LIANA is available in Python and
R and supports Scanpy, SingleCellExperiment, and Seurat
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Figure 2. Overview of the protocol for inferring cell-cell communication through LIANA and Tensor-cell2cell

Main inputs, steps, resources, and options are summarized for the distinct steps of this protocol.

(A) A preprocessed gene expression matrix according to the best practices of single-cell analysis is expected as input (data preprocessing in the results section).
(B) The input data are integrated with the ligand-receptor resources available in LIANA to infer cell-cell communication using any of the methods implemented in
LIANA (inferring cell-cell communication in the results section). An output containing the cell-cell communication scores across all interactions per sample is

generated.

(C) The LIANA output is then directly passed to Tensor-cell2cell to build the respective communication tensor used by the tensor component analysis (building a
4D-communication tensor and running Tensor-cell2cell across samples in the results section). The output generated by Tensor-cell2cell can be later employed
for other downstream analyses (downstream visualizations: making sense of the factors and pathway enrichment analysis: interpreting the context-driven

communication in the results section).

objects as input. LIANA is highly modularized, and it natively
implements the formulations of several methods, including
CellPhoneDBv2,** Connectome,®® log2 fold change (log2FC),
NATMI,** SingleCellSignalR,** CellChat,’® and a geometric

mean, as well as a consensus score in the form of a rank aggre-
gate® from any combination of methods (Figure 3). The high
modularity of LIANA further enables the straightforward addition
of any other ligand-receptor method.

Cell Reports Methods 4, 100758, April 22, 2024 5
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Methods Figure 3. LIANA is a user-friendly and modular
ligand-receptor analysis framework

LIANA provides a variety of methods and resources
to infer cell-cell communication, making it easy to
use multiple existing methods in a coherent manner.
It also provides consensus scores and resources to
provide generalized results. Figure was adapted
from Dimitrov et al.®

Connectome
logFC

NATMI
SingleCellSignalR

+ others

LIANA classifies the scoring functions from the different
methods into two categories: those that infer the “magnitude”
and “specificity” of interactions. The magnitude of an interaction
is a measure of the strength of the interaction, and the specificity
of an interaction is a measure of how specific an interaction is
to a given pair of cell groups. Generally, these categories are
complementary, and the magnitude of the interaction is often
in agreement with the specificity of the interaction. In other
words, a ligand-receptor interaction with a high magnitude score
in a given pair of cell types is likely to also be specific, and vice
versa.

Selecting a method to infer CCC

While there are many commonalities between the different
methods implemented in LIANA, there also are many variations
and different assumptions affecting how the magnitude and
specificity scores are calculated (see STAR Methods). These
variations can result in limited agreement in inferred predictions
when using different CCC methods.>'®"* To this end, in LIANA,
we additionally provide a “rank_aggregate” score, which can be
used to aggregate any of the scoring functions above into a
consensus score.

By default, LIANA calculates an aggregate rank using a re-im-
plementation of the RobustRankAggregate method®® and gener-
ates a probability distribution for ligand-receptors that are
ranked consistently better than expected under a null hypothesis
(see STAR Methods). The consensus of ligand-receptor interac-
tions across methods can therefore be treated as a p value.
We show in detail how LIANA’s rank aggregate or any of the in-
dividual methods can be used to infer communication events
from a single sample or context at “Python Tutorial 02 Infer-
Communication-Scores”  (https://ccc-protocols.readthedocs.
io/en/latest/notebooks/ccc_python/02-Infer-Communication-
Scores.html).

Critical: When using LIANA with Tensor-cell2cell, we
recommend selecting a scoring function that reflects the
magnitude of the interactions, as how the interactions’ spec-
ificity relates to changes across samples is unclear. In this
protocol, we will use the “magnitude_rank” scoring
function from LIANA, under the assumption that ensemble ap-

6 Cell Reports Methods 4, 100758, April 22, 2024

proaches are potentially less biased than any single method
alone.™

We further show that Tensor captures consistent CCC
programs when using different methods and add a tutorial
to explore method consistency on any dataset: https://ccc-
protocols.readthedocs.io/en/latest/notebooks/ccc_python/S3B_
Score_Consistency.html.

Troubleshooting: The default decomposition method of
Tensor-cell2cell is a non-negative tensor component analysis,
which, as implied, expects non-negative values as the inputs.
Thus, when selecting the method of choice, make sure that
you do not have negative CCC scores. If so, you can replace
them by zeros or the minimum positive value.

Selecting ligand-receptor resources

When considering ligand-receptor prior-knowledge resources,
a common theme is the trade-off between coverage and quality,
and similarly, each resource comes with its own biases.® LIANA
takes advantage of OmniPath,®” which includes expert-curated
resources of CellPhoneDBv2,%” CellChat,'® ICELLNET,*® con-
nectomeDB2020,%" and CellTalkDB,*° as well as 10 others.>*’
LIANA further provides a consensus expert-curated resource
from the aforementioned five resources, along with some
curated interactions from SignaLink.® In this protocol, we will
use the consensus resource from LIANA, though any of the other
resources are available via LIANA, and one can also use LIANA
with their own custom resource.

Selecting any of the lists of ligand-receptor pairs in LIANA can
be done through the following command.

lr_pairs = li.resource.select_resource(’consensus’)

Here, “consensus” indicates the use of LIANA’s consensus
resource, but it can be replaced by any other available resource
(e.g., “cellphonedb,” “cellchatdb,” “connectomeDB,” etc.).
Note that any of the resources available in LIANA can be used
by passing them as a string to “resource_name.” All of LIANA’s
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resources can be listed with “li.resource.show_resources().”
Users can also provide custom resources as a pandas
DataFrame to run in LIANA so long as they are formatted
the same as other resources (i.e., include two columns named
ligand and receptor, containing the respective partners in the
ligand-receptor interactions). Hence, users may pass a data-
frame containing a personalized list of interactions to liana using
the “resource” parameter in the next “rank_aggregate” function
below.

Troubleshooting: Users should choose a resource with gene
identifiers and an organism that corresponds to that of their
data. By default, LIANA uses human gene symbol identifiers
but additionally provides a murine resource as well as function-
alities to convert via orthology to other organisms.

Running LIANA for each sample (timing: 4 min)

Here, we will run LIANA’s “rank_aggregate” with six methods (by
default, CellPhoneDBv2, CellChat, SingleCellSignalR, NATMI,
Connectome, and log2FC) on all of the samples in the dataset.

1li.mt.rank_aggregate.by_sample (adata,
sample_key='sample_new’,

groupby='celltype’, resource_name='consensus’,
expr_prop=0.1,

min_cells=5,

n_perms=100,

use_raw=False,

verbose=True,

inplace=True

)

Critical: Key parameters here are as follows:

@ “adata” stands for AnnData, the data format used by
scanpy.”’

® “sample_key” corresponds to the sample identifiers, avail-
able as a column in the “adata.obs” dataframe.

® “groupby” corresponds to the cell group label stored in
“adata.obs.”

® “resource_name” is the name of any of the resources
available via LIANA.

® “expr_prop” is the expression proportion threshold (in
terms of cells per cell type expressing the protein) for any
protein subunit involved in the interaction, according to
which we keep or discard the interactions.

® “min_cells” is the minimum number of cells per cell type
required for a cell type to be considered in the analysis.

® “n_perms” is the number of permutations for p value esti-
mation.

® “use_raw” is a Boolean that indicates whether to use the
“adata.raw” slot; here, the log-normalized counts are as-
signed to “adata.X,” and other options include passing
the name of a layer via the “layer” parameter or using the
counts stored in “adata.raw.”

Critical: LIANA considers interactions as occurring only if the
ligand and receptor, and all of their subunits, are expressed in
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at least 10% of the cells (by default) in both clusters involved
in the interaction. Any interactions that do not pass these
criteria are not returned by default. To return those, the user
can use the “return_all_Irs” parameter. These results will later
be used to generate a tensor of ligand-receptor interactions
across contexts that will be decomposed into CCC programs
by Tensor-Cell2cell. Thus, how non-expressed interactions
are handled is critical to consider when building the tensor
later on (see “Python Tutorial 03 Generate-Tensor” (https://
ccc-protocols.readthedocs.io/en/latest/notebooks/ccc_python/
03-Generate-Tensor.html).

One can visualize the output as a dot plot while including every
sample in the dataset.

li.pl.dotplot_by sample(adata=adata,
colour='magnitude_rank’,
size='specificity_rank’,
source_labels=["B", "pDC", "Epithelial"],
target_labels=["Macrophages", "Mast", "pDC", "NK"],
ligand_complex=['VIM’, ‘SCGB3Al’],
receptor_complex=[’CD44’, "MARCO'],
sample_key='sample_new’,
inverse_colour=True,

inverse_size=True,

figure_size=(14, 10),

size_range=(1, 6),

)

Key parameters here are as follows:

® “source_labels” is a list containing the names of the sender
cells of interest.

® “target_labels” is a list containing the names of the
receiver cells of interest.

® “ligand_complex” is a list containing the names of the li-
gands of interest.

® “receptor_complex” is a list containing the names of the
receptors of interest.

® “sample_key” is a string containing the column name
where samples are specified.

This command leads to the generation of Figure 4.
Pause point: We can export the LIANA results by sample to a
CSV and save them for later use.

adata.uns[’liana_res’].to_csv(output_folder + ' /LIA-

NA_by_sample.csv’, index=False)

Alternatively, one could just export the whole AnnData object,
together with the ligand-receptor results stored at “adata.uns
[‘liana_res’].”

adata.write_h5ad(output_folder + ‘/adata_processed.
h5ad’, compression='gzip’)
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Step 5: Comparing CCC across multiple samples
Building a 4D-communication tensor (timing: <1 min)
First, we generate a list containing all samples from our AnnData
object. For visualization purposes, we sort them according to
COVID-19 severity. Here, we can find the names of each of the
samples in the “sample_new” column of the adata.obs
information.

sorted_samples = sorted(adata.obs|[’'sample_new’].

unique())

Tensor-cell2cell performs a tensor decomposition to find
context-dependent patterns of CCC. It builds a 4D-communica-
tion tensor, which, in this case, is built from the communication
scores obtained from LIANA for every combination of ligand-re-
ceptor and sender-receiver cell pairs per sample (Figures 2B and
2C). For this protocol and associated tutorials, we implemented
a function that facilitates building this communication tensor.

tensor = li.multi.to_tensor_c2c(liana_res=adata.uns
["liana_res’],
sample_key='sample_new’,
source_key='source’,
target_key='target’,
ligand_key='ligand_complex’,
receptor_key='receptor_complex’,
score_key='magnitude_rank’,
inverse_fun=lambda x: 1 - x,
how="'outer’,
outer_fraction=1/3.,
context_order=sorted_samples,

)
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Figure 4. Dot plot of cell-cell communication
between immune cells per sample

@ Here, sender and receiver cells are represented as
source and target (y and x axes, respectively). Each
9 major column groups cells by sample, while each
¢ = major row groups cells by the ligand-receptor
f Specifcity rank interaction they are using. Dot size represents the
:(" .2 specificity (ranks) assigned by LIANA, while the
g °?2 color represents the magnitude (ranks) of the inter-
3 .
3 e action.
®5
Magnitude rank
3
<t
S 2
o 1
E’-‘ 0
s Troubleshooting: Since the “magnitude_
rank” from LIANA represents a score
where the values closest to 0 repre-

NK

sent the most probable communication
events, we need to invert the communica-
tion scores to use it with Tensor-cell2cell.
See the parameter “inverse_fun” below
for further details for transforming this
score.

Critical: Key parameters here are as follows:

Macrephages

® “liana_res” is the dataframe containing the results from
LIANA, usually located in “adata.uns['liana_res’].” We
can pass directly the AnnData object to the parameter
adata to this function. If the AnnData object is passed,
then we do not need to specify the liana_res parameter.

® “sample_key,” “source_key,” “target_key,” “ligand_key,”
“receptor_key,” and “score_key” are the column names in
the dataframe containing the samples, sender cells,
receiver cells, ligands, receptors, and communication
scores, respectively. Each row of the dataframe contains
a unique combination of these elements.

® “inverse_fun” is the function we use to convert the
communication score before building the tensor. In this
case, the “magnitude_rank” score generated by LIANA
considers low values as the most important ones, ranging
from 0 to 1. In contrast, Tensor-cell2cell requires higher
values to be the most important scores, so here we pass
a function (lambda x: 1 — x) to adapt LIANA’s magnitude-
rank scores (subtracts LIANA's score from 1). If “None”
is passed instead, then no transformation will be per-
formed on the communication score. If using other scores
coming from one of the methods implemented in LIANA,
then a similar transformation can be done depending on
the parameters and assumptions of the scoring method.

® “how” controls “which” ligand-receptor pairs and cell
types to include when building the tensor. This decision
depends on whether the missing values across a number
of samples for both ligand-receptor interactions and
sender-receiver cell pairs are considered to be biologically
relevant. Options are as follows:
o “inner” is the most strict option since it only considers

cell types and ligand-receptor pairs that are present in
all contexts (intersection).
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o “outer” considers all cell types and ligand-receptor
pairs that are present across contexts (union).

o “outer_Irs” considers only cell types that are present in
all contexts (intersection) but all ligand-receptor pairs
that are present across contexts (union).

o “outer_cells” considers only ligand-receptor pairs that
are present in all contexts (intersection) but all cell types
that are present across contexts (union).

e “outer_fraction” controls the elements to include in the
union scenario of the how options. Only elements that
are present at least in this fraction of samples/contexts
will be included. When this value is 0, the tensor includes
all elements across the samples. When this value is 1, it
acts as using how = “inner.”

® “context_order” is a list specifying the order of the sam-
ples. The order of samples does not affect the results,
but it is useful for posterior visualizations.

We can check the shape of this tensor to verify the number of
samples, ligand-receptor pairs, sender cells, and receiver cells,
respectively:

tensor.shape

In addition, optionally, we can generate the metadata for
coloring the elements in each of the tensor dimensions (i.e.,
for each of the contexts/samples, ligand-receptor pairs,
sender cells, and receiver cells) in posterior visualizations.
These metadata correspond to dictionaries for each of the di-
mensions containing the elements and their respective major
groups, such as a signaling categories for a ligand-receptor
interactions, a hierarchically more granular cell type, or a dis-
ease condition for a sample. In cases where we do not ac-
count for such information, we do not need to generate
such dictionaries.

For example, we can build a dictionary for the contexts/sam-
ples dictionary by using the metadata in the AnnData object. In
this example dataset, we can find samples in the column “sam-
ple_new,” while their major groups (representing COVID-19
severity) are found in the column “condition.”

context_dict E adata.obs.sort_values (by='sample_

new’) \
.set_index(’'sample_new’) [‘condition’] \
.to_dict ()

Then, the metadata can be generated with:

dimension_dicts = [context_dict, None, None, None]
meta_tensor = c2c.tensor.generate_tensor_metada-

ta(interaction_tensor=tensor, metadata_dicts=dimen-

sion_dicts, fill_with order_elements=True)

Notice that the “None” elements in the variable dimensions_-
dicts represent the dimensions where we are not including addi-
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tional metadata. If you want to include metadata about major
groups for those dimensions, then you have to replace the corre-
sponding “None” with a dictionary as described before.

Pause point: We can export our tensor and its metadata for
performing the tensor decomposition later:

c2c.ilo.export_variable_with_pickle(variable=tensor,
filename=output_folder + ' /Tensor.pkl’)
c2c.lo.export_variable_with_pickle(variable=meta_
tensor,

filename=output_folder + ' /Tensor-Metadata.pkl’)
tensor = c2c.io.read_data.load_tensor

(output_folder + ' /Tensor.pkl’)

meta_tensor =c2c.io.load _variable_with_pickle
(output_folder + ' /Tensor-Metadata.pkl’)

Then, we can load them with:

tensor = c2c.io.read_data.load_tensor
(output_folder + ' /Tensor.pkl’)

meta_tensor = c2c.io.load_variable_with_pickle
(output_folder + ' /Tensor-Metadata.pkl’)

Running Tensor-cell2cell across samples (timing: 5 min
with a “regular” run or 40 min with a “robust” run, using
a GPU in both cases)

Now that we have built the tensor and its metadata, we can run
tensor component analysis via Tensor-cell2cell with one simple
command that we implemented for our unified tools.

c2c.analysis.run_tensor_cell2cell_pipeline
(interaction_tensor=tensor,
tensor_metadata=meta_tensor,

rank=None,

tf_optimization='robust’,

random_state=0,

device='cuda’,
output_folder=output_folder,

)

Critical: Key parameters of this command are as follows:

® “rank” is the number of factors or latent patterns we want
to obtain from the analysis. You can either indicate a spe-
cific number or leave it as “None” to perform the decom-
position with a suggested number from an elbow analysis
(Figure 5A).

o “tf_optimization” indicates whether running the analysis in
the regular or the robust way. It essentially controls the
convergence parameters of the tensor decomposition.
The former employs less strict convergence parameters
to obtain optimal results than the latter, which is also trans-
lated into a faster generation of results.
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® “random_state” is the seed for randomization. It controls
the randomization used when initializing the optimization
algorithm that performs the tensor decomposition. It is
useful for reproducing the same result every time that the
analysis is run. If “None,” then a different randomization
will be used each time.

@ “device” indicates whether we are using the “cpu” or a
GPU with “cuda” cores. See the installation section of
this tutorial for instructions to enable the use of GPU(s).

This command will output three main results: a figure with the
elbow analysis for suggesting a number of factors for the decom-
position (only if “rank = None”), a figure with the loadings assigned
to each element within a tensor dimension per factor obtained,
and an Excel file containing the values of these loadings. Figure 5A
represents the elbow plot generated in this case, while Figure 5B
shows the loadings assigned to each tensor dimension per factor.

Troubleshooting: Elbow analysis returns a rank equal to one,
or the curve is increasing instead of decreasing. This may be
due to high sparsity in the tensor. The sparsity can be decreased
by re-building the 4D tensor after re-running LIANA (running
LIANA for each sample) with a smaller “expr_prop” (e.g., “ex-
pr_prop = 0.05”) or by only re-building the tensor (building a
4D-communication tensor) with a higher “outer_fraction” (e.g.,
“outer_fraction = 0.8”).

Downstream visualizations: Making sense of the factors
(timing: <2 min)

The figure representing the loadings in each factor generated in
the previous section can be interpreted by interconnecting all di-
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Figure 5. Cell-cell communication programs
obtained by combining LIANA and Tensor-
cell2cell

(A) Elbow analysis to select an optimal number of
factors (rank of the tensor). The red dot represents
the number selected by Tensor-cell2cell.

(B) After inferring cell-cell communication with
LIANA from the COVID-19 data and running a tensor
component analysis with Tensor-cell2cell, 10 fac-
tors were obtained (rows here), each of which rep-
resents a different cell-cell communication pro-
gram. Within a factor, loadings (y axis) are reported

Sender Cells Receiver Cells

mmm Epithelial mm Epithelial

o pacrophages || B Macrophages for each element (x axis) in every tensor dimension
= Nectrophl | Netroph (columns). Elements here are colored by their major
- e groups as indicated in the legend.

mbC mDC

= pDC = pDC

mensions within a single factor (Figure 5B).
For each factor, we obtain four vectors that
represent the sample, ligand-receptor
interaction, sender cell type, and receiver
cell-type loadings. These loadings are the
relative importance of each element in
each dimension of the original tensor. All
these vectors together define a CCC pro-
gram in which high loadings represent
key cells and mediators. By focusing on
sample loadings associated with a given
condition label, we can thus identify the
cell types and interactions also associated
with that label. Relevant interactors can be interpreted according
to their loadings (i.e., ligand-receptor pairs, sender cells, and
receiver cells with high loadings play a more prominent role in
an identified CCC program). Ligands in high-loading ligand-re-
ceptor pairs are sent predominantly by high-loading sender cells
and interact with the cognate receptors on the high-loadings
receiver cells. In this regard, the program would be predomi-
nantly driven by changes in the receptor expression of receiver
cells such as macrophages, neutrophils, and myeloid dendritic
cells.

We can access the loading values of samples in each of the
factors with

tensor. factors[’Contexts’]

In this case, we obtain a dataframe where rows represent the
samples, columns the factors generated by the decomposition,
and entries the loadings of each element within the corresponding
factor. We can also access the loadings for the elements in the
other dimensions by replacing “Contexts” with “Ligand-
Receptor Pairs,” “Sender Cells,” or “Receiver Cells.” Then, we
can use these loadings to perform various downstream analyses.

For example, we can use loadings to compare groups of sam-
ples (Figure 6) with boxplots and statistical tests.

groups_order = [’'Control’, 'Moderate COVID-19’, ’'Se-
vere COVID-19"]
fig_filename =

Boxplots.pdf’

output_folder + ' /BALF-Severity-
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Figure 6. Identifying patterns and differences across groups of conditions

Context or sample loadings can be used to compare statistically different condition groups within the same cell-cell communication program. Here, COVID-19
patients are grouped by severity, and pairwise t tests are performed. Here, * and ** indicate p values lower than 0.05 and 0.01, respectively, while ns means not-
significant (or p value greater than 0.05). The case of “ns” indicates that the significance is lost after multiple test correction (false discovery rate, in this case).

= c2c.plotting.context_boxplot (context_loading-
s=tensor.factors[’'Contexts’],
metadict=context_dict,
nrows=3,

figsize=(16, 12),
group_order=groups_order,
statistical_test='t-test_ind’,
pval_correction=’'fdr_bh’,
cmap='plasma’,

verbose=False,
filename=fig_filename

)

Critical: In this case, we can change the statistical test and the
multiple-test correction with the parameters “statistical_test”
and “pval_correction.” Here, we used an independent t test
and a Benjamini-Hochberg correction. Additionally, we can set
“verbose = True” to print exact test statistics and p values.

We can also generate heatmaps for the elements with loadings
above a certain threshold in a given dimension (Figure S1).

Furthermore, we can cluster these elements by the similarity of
their loadings across all factors.

fig_filename = output_folder + ' /Clustermap-LRs.pdf’

_ = c2c.plotting.loading_clustermap (loadings=ten-
sor.factors[’'Ligand-Receptor

Pairs’],

loading_threshold=0.1,

use_zscore=False,

figsize=(28, 8),

filename=fig_filename,

row_cluster=False

)

Troubleshooting: Note that here, we plot the loadings of the
dimension representing the ligand-receptor pairs. In addition,
we prioritize the pairs with high loadings using the parameter
“loading_threshold = 0.1.” In this case, the elements are
included only if they are greater than or equal to that threshold
in at least one of the factors. If we use “loading_threshold =
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0,” then we would consider all of the elements. Considering all of
the elements would require modifying the parameter “figsize” to
enlarge the figure.

Caution: Changing the parameter “use_zscore” to “True”
would standardize the loadings of one element across all factors.
This is useful to compare an element across factors and highlight
the factors in which that element is most important. Modifying
“row_cluster” to “True” would also cluster the factors depend-
ing on the elements that are important in each of them.

Furthermore, factor-specific networks of cell-cell interactions
(Figure S2) can be visualized by using the loadings of sender
and receiver cells.

threshold =0.075
c2c.plotting.ccc_networks_plot (tensor. factors,

included_factors=['Factor 3’, 'Factor 5’, 'Factor
1071,

ccc_threshold=threshold, # Only important
communication

nrows=1,

panel_size=(16, 16), # This changes the size of each
figure panel.
filename=output_folder + 'Factor-Networks.pdf’,

)

Critical: Key parameters of this command are as follows:

® “included_factors” is a list of factors to plot. If “None” is
passed, then all factor-specific networks are shown.

® ‘“ccc_threshold” is a loading value to set as threshold to
select key cell-cell interactions. This threshold filters the
outer products between sender and receiver cells, and it
can be either arbitrary or determined as shown in the online
tutorials.

Step 6: Pathway enrichment analysis: Interpreting the
context-driven communication
The decomposition of ligand-receptor interactions across sam-
ples into loadings associated with the conditions reduces the
dimensionality of the inferred interactions substantially. Never-
theless, we are still working with 1,054 interactions across mul-
tiple factors associated with the disease labels. To this end, as
is commonly done when working with omics data types, we
can perform pathway enrichment analysis to identify the general
biological processes of interest. By using the loadings for each
ligand-receptor pair (Figure 5B), we can rank them within each
factor and use this ranking as input to enrichment analysis.
Pathway enrichment thus serves two purposes: it further re-
duces the dimensionality of the inferred interactions and it en-
hances the biological interpretability of the inferred interactions.

Here, we show the application of classical gene set enrich-
ment analysis (GSEA) on the ligand-receptor loadings. We use
GSEA"" with KEGG Pathways,’? as well as a multivariate linear
regression from decoupler-py*® with the PROGENy pathway
resource.**

First, we assign ligand-receptor loadings to a variable.
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lr_loadings = tensor. factors[’'Ligand-Receptor Pairs’]

Classic pathway enrichment (timing: <1 min)
For the pathway enrichment analysis, we use ligand-receptor
pairs instead of individual genes. KEGG was initially designed
to work with sets of genes, so first we need to generate ligand-
receptor sets for each of its pathways. A ligand-receptor pair is
assigned as part of a pathway set if all of the genes in the pair
are part of the gene set of such a pathway.

Note that we use the “Ir_pairs” database that we loaded in the
selecting ligand-receptor resources section.

# Generate list with ligand-receptors pairs in DB
lr_list =
iterrows ()]
# Specify the organism and pathway database to use for
building the LR set

organism = "human"

pathwaydb = "KEGG"

# Generate ligand-receptor gene sets

["~".join(row) for idx, row in lr_pairs.

lr_set = c2c.external .generate_lr_geneset (lr_list,
complex_sep='_",

lr_sep="""',

organism=organism,

pathwaydb=pathwaydb,

readable_name=True,

output_folder=output_folder

)

Critical: Key parameters of this command are as follows:

o “complex_sep” indicates the symbol separating the gene
names in the protein complex.

® “Ir_sep” is the symbol separating a ligand and a receptor
complex.

® “organism” is the organism matching the gene names in the
single-cell dataset. It could be either “human” or “mouse.”

o “pathwaydb” is the name of the database to be
loaded, provided with the cell2cell package. Options are
“GOBP,” “KEGG,” and “Reactome.”

Run GSEA via cell2cell, which calls the “gseapy.prerank”
function internally.

pvals, scores, gsea_df = c2c.external.run_gsea
(loadings=1r_loadings,

lr_set=1lr_set,

output_folder=output_folder,

weight=1,

min_size=15,

permutations=999,

processes=6,

random_state=6,

significance_threshold=0.05,

)
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Figure 7. Assigning functions to factors from GSEA

By using the loadings of ligand-receptor pairs per factor, they can be ranked
within a factor (factor-specific analysis), and this information can be used to
run an enrichment analysis such as GSEA to associate each of the programs
with different functions or pathways. This dot plot shows the enriched KEGG
pathways per factor. Dot size indicates the —log(p value), while the color in-
dicates the normalized enrichment score (NES) from the GSEA.

Critical: Key parameters of this command are as follows:

® “Ir_set” is a dictionary associating pathways (keys) with
sets of ligand-receptor pairs (values).

® “weight” represents the original parameter p in GSEA. It is
an exponent that controls the importance of the ranking
values (loadings, in our case).

® “min_size” indicates the minimum number of LR pairs that
a set has to contain to be considered in the analysis.

® “permutations” indicates the number of permutations to
perform to generate the null distribution.

@ “random_state” is the reproducibility seed.

® ‘“significance_threshold” is the p value threshold to
consider significance.

Now that we have obtained the normalized enrichment scores
(NESs) and corresponding p values from GSEA, we can plot
those using the following function from cell2cell (Figure 7).

pathway_label = ' {} Annotations’ . format (pathwaydb)
fig_filename = output_folder + ' /GSEA-Dotplot.pdf’
with sns.axes_style("darkgrid") :

dotplot = c2c.plotting.pval_plot.generate_dot_plot
(pval_df=pvals,

score_df=scores,

significance=0.05,

xlabel="",

yvlabel=pathway_ label,

cbar_title='NES’,

cmap='PulOr’,

figsize=(5, 12),

label_size=20,
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title_size=20,
tick_size=12,
filename=fig_filename

)

Footprint enrichment analysis (timing: <1 min)
In footprint enrichment analysis, instead of considering the
genes whose products (proteins) are directly involved in a pro-
cess of interest, we consider the genes affected by it—i.e., those
that change downstream as a consequence of the process.*® In
this case, we will use the PROGENYy resource to infer the path-
ways driving the identified context-dependent patterns of
ligand-receptor pairs. PROGENy was built in a data-driven
manner using perturbation data.** Consequently, it assigns
different weights to each gene in its pathway gene sets accord-
ing to its importance. Thus, we need an enrichment method that
can account for weights. To do so, we will use a multivariate
linear regression implemented in decoupler-py.*®

As we did in GSEA using Tensor-cell2cell, we first have to
generate ligand-receptor gene sets while also assigning a weight
to each ligand-receptor interaction. This is done by taking the
mean between the ligand and receptor weights. For ligand and
receptor complexes, we first take the mean weight for all sub-
units. We keep ligand-receptor weights only if all the proteins
in the interaction are sign coherent and present for a given
pathway. Load the PROGENy gene sets and then convert
them to sets of weighted ligand-receptor pairs.

# We first load the PROGENy gene sets

net = dc.get_progeny (organism='human’, top=5000)

# Then convert them to sets with weighted ligand-recep-
tor pairs
lr_progeny=1i.rs.generate_lr_geneset(lr_pairs, net,
lr_sep=""")

Run footprint enrichment analysis using the “mim” method from
decoupler-py:

—unuy

estimate, pvals=dc.run_mlm(lr_loadings.transpose(),
lr_progeny,

source="source",

target="interaction",

use_raw=False

Here, “estimate” and “pvals” correspond to the t values and p
values assigned to each pathway.

Finally, we generate a heatmap for the 14 pathways in
PROGENYy across all factors (Figure S3A).

fig_filename = output_folder + ' /PROGENy.pdf’
_=sns.clustermap (estimate,
xticklabels=estimate.columns,
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cmap='coolwarm’,
z_score=4)
plt.savefig (fig_filename, dpi=300, bbox_inches='tight’)

From the heatmap, we can also generate a bar plot for the
PROGENYy pathways for a specific factor (Figure S3B).

selected_factor = 'Factor 5’

fig_filename = output_folder + ’'/PROGENy-{}.pdf’.for-
mat (selected_factor.replace(’ ', '-"))
dc.plot_barplot (estimate,

selected_factor,

vertical=True,

cmap='coolwarm’,

save=fig_filename)

DISCUSSION

In this protocol, we illustrate how LIANA and Tensor-cell2cell can
be used together to provide robust and flexible solutions to infer
CCC programs across contexts. In addition to established
methods for studying ligand-receptor interactions'®*? that
LIANA also includes, approaches geared toward the systematic
inference of CCC programs across diverse conditions are less
common. A few of them, such as CellChat,'® summarize
pathway-focused similarities across conditions based on pair-
wise comparisons, while MultiNicheNet*° depends on differen-
tial expression analysis and requires a hypothesis to be defined
a priori. MultiNicheNet was recently proposed to systematically
identify deregulated CCC interactions along with associated
intracellular signaling. MultiNicheNet uses a flexible statistical
framework and is capable of handling complex experimental de-
signs. However, MultiNicheNet depends on differential expres-
sion analysis and hence requires a predefined hypothesis. As
such, we see MultiNicheNet and Tensor-cell2cell as comple-
mentary, since the latter can identify patterns across all cell types
and conditions in an untargeted manner. An analogous strategy
to Tensor-cell2cell can be adopted by using factor analysis'" in
LIANA to identify patterns directly from the CCC scores.’®
Hence, Tensor-cell2cell and LIANA can help researchers to
generate a specific hypothesis and identify cell types to later
use MultiNicheNet as a downstream analysis to additionally infer
intracellular signaling triggered by key ligands.

Since our pipeline is intended as a generalizable approach for
use with many different resources and methods, we additionally
assessed the robustness of our results across different inputs.
Specifically, we showed how communication scores may be
different for individual samples across methods (see Tutorial 02
in the online tutorials), whereas those differences may be mitigated
by using the consensus score or when running Tensor-cell2cell
across multiple samples (see Python Supplementary Tutorials
S3A-2 and S3B in the online tutorials). Moreover, we provide an
in-depth assessment of Tensor-cell2cell’s sensitivity to missing
values and batch effects (STAR Methods). Additional benchmarks
can be foundin the original Tensor-cell2cell'® and recent LIANA+*°
articles, where we have shown that Tensor-cell2cell consistently
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captures CCC events deregulated across diverse contexts and
conditions. Finally, we demonstrate the broad applicability of our
protocol by also providing an example of defining contexts to
analyze CCC using spatial transcriptomics (see STAR Methods
and Python Supplementary Tutorial S4 in the online tutorials).
Although the example using spatial transcriptomics presented in
our extended tutorials is a simplified application of the concept,
it could be extended to compare multiple samples if users are
able to align tissues from different donors. Similarly, our protocol
can also aid users in applications beyond single-cell transcriptom-
ics data, including extracting metabolite-mediated CCC pro-
grams?®’ or similar extensions to multiomics data.*®

Limitations of the study

Similar to any other approach to infer CCC from transcriptomics
data, our protocol also inherits assumptions leading to certain lim-
itations. These include the assumption that gene co-expression is
indicative of active signaling events, which are largely mediated by
proteins and their interactions, while also disregarding multiple
biological processes, such as protein translation, post-transla-
tional modifications, secretion, diffusion, and trigger of intracellular
events, that precede and follow the interaction itself.>> Moreover,
the aggregation of single cells into cell groups is essential when
inferring potential CCC events, which could occlude some signals
in heterogeneous tissues,”* thereby biasing the insights that can
be obtained. Furthermore, the input of Tensor-cell2cell is a 4D
tensor, so it requires that all elements be measured across all fea-
tures and samples (i.e., cell types and genes expressing ligands
and receptors). Consequently, one should consider how to handle
missing values across samples that do not capture the same cell
types and/or expressed genes. Deciding whether those reflect bio-
logically meaningful zeros or a technical artifact may lead to varia-
tions in the resulting CCC programs. We provide an extended
explanation of the related parameter choices that may help users
decide how to handle this challenge (STAR Methods).

STARXMETHODS

Detailed methods are provided in the online version of this paper
and include the following:

o KEY RESOURCES TABLE
o RESOURCE AVAILABILITY
O Lead contact
O Materials availability
O Data and code availability
e METHOD DETAILS
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O Timing
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O Benchmarking batch effects and missing values
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SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/].
crmeth.2024.100758.


https://doi.org/10.1016/j.crmeth.2024.100758
https://doi.org/10.1016/j.crmeth.2024.100758

Cell Reports Methods

ACKNOWLEDGMENTS

D.D. was supported by the European Union’s Horizon 2020 research and inno-
vation programme (860329 Marie-Curie ITN “STRATEGY-CKD”). E.A. was
supported by the Chilean Agencia Nacional de Investigacién y Desarrollo
(ANID) through its scholarship program DOCTORADO BECAS CHILE/2018 -
72190270, the Fulbright Chile Commission, and the Siebel Scholars Founda-
tion. This work was further supported by the NVIDIA Corporation through its
Academic Hardware Grant Program. N.E.L. was supported in part by NIGMS
R35 GM119850. H.M.B. was also supported by an ORISE fellowship.

AUTHOR CONTRIBUTIONS

H.M.B., D.D., and E.A. conceived the project, adapted the computational
tools, developed the protocol, and wrote the initial version of the manuscript.
J.S.-R. and N.E.L. revised the manuscript and supervised the project. H.M.B.,
D.D., and E.A. contributed equally. J.S.-R. and N.E.L. are both corresponding
authors and have contributed equally.

DECLARATION OF INTERESTS

J.S.-R. reports funding from GSK, Pfizer, and Sanofi and fees/honoraria from
Travere Therapeutics, Stadapharm, Astex, Pfizer, and Grunenthal. N.E.L. re-
ports funding during the course of this work from Sanofi, Amgen, Sartorius,
and lonis and is a co-founder of Neulmmune, Inc., and Augment Biologics.

Received: August 10, 2023
Revised: December 22, 2023
Accepted: March 22, 2024
Published: April 16, 2024

REFERENCES

1. Almet, A.A., Cang, Z., Jin, S., and Nie, Q. (2021). The landscape of cell-cell
communication through single-cell transcriptomics. Curr. Opin. Struct.
Biol. 26, 12-23. https://doi.org/10.1016/j.coisb.2021.03.007.

2. Armingol, E., Officer, A., Harismendy, O., and Lewis, N.E. (2021). Deci-
phering cell-cell interactions and communication from gene expression.
Nat. Rev. Genet. 22, 71-88. https://doi.org/10.1038/s41576-020-00292-x.

3. Armingol, E., Baghdassarian, H.M., and Lewis, N.E. (2024). The diversifi-
cation of methods for studying cell-cell interactions and communication.
Nat. Rev. Genet. https://doi.org/10.1038/s41576-023-00685-8.

4. Pong, A., Mah, C.K., Yeo, G.W., and Lewis, N.E. (2024). Computational
cell-cell interaction technologies drive mechanistic and biomarker discov-
ery in the tumor microenvironment. Curr. Opin. Biotechnol. 85, 103048.
https://doi.org/10.1016/j.copbio.2023.103048.

5. Dimitrov, D., Turei, D., Garrido-Rodriguez, M., Burmedi, P.L., Nagai, J.S.,
Boys, C., Ramirez Flores, R.O., Kim, H., Szalai, B., Costa, |.G., et al. (2022).
Comparison of methods and resources for cell-cell communication infer-
ence from single-cell RNA-Seq data. Nat. Commun. 13, 3224. https://doi.
org/10.1038/s41467-022-30755-0.

6. Blencowe, M., Arneson, D., Ding, J., Chen, Y.-W., Saleem, Z., and Yang, X.
(2019). Network modeling of single-cell omics data: challenges, opportu-
nities, and progresses. Emerg. Top. Life Sci. 3, 379-398. https://doi.org/
10.1042/etls20180176.

7. Shao, X., Lu, X., Liao, J., Chen, H., and Fan, X. (2020). New avenues for
systematically inferring cell-cell communication: through single-cell tran-
scriptomics data. Protein Cell 77, 866-880. https://doi.org/10.1007/
s513238-020-00727-5.

8. Shakiba, N., Jones, R.D., Weiss, R., and Del Vecchio, D. (2021). Context-
aware synthetic biology by controller design: Engineering the mammalian
cell. Cell Syst. 12, 561-592. https://doi.org/10.1016/j.cels.2021.05.011.

9. Mitchel, J., Gordon, M.G., Perez, R.K., Biederstedt, E., Bueno, R., Ye, C.J.,
and Kharchenko, P.V. (2022). Tensor decomposition reveals coordinated
multicellular patterns of transcriptional variation that distinguish and strat-

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

¢? CellPress

OPEN ACCESS

ify disease individuals. Preprint at bioRxiv. https://doi.org/10.1101/2022.
02.16.480703.

Jerby-Arnon, L., and Regev, A. (2022). DIALOGUE maps multicellular pro-
grams in tissue from single-cell or spatial transcriptomics data. Nat. Bio-
technol. 40, 1467-1477. https://doi.org/10.1038/s41587-022-01288-0.

Ramirez Flores, R.O., Lanzer, J.D., Dimitrov, D., Velten, B., and Saez-Ro-
driguez, J. (2023). Multicellular factor analysis of single-cell data for a tis-
sue-centric understanding of disease. elLife 712, €93161. https://doi.org/
10.7554/eLife.93161.

Armingol, E., Baghdassarian, H.M., Martino, C., Perez-Lopez, A., Aamodt,
C., Knight, R., and Lewis, N.E. (2022). Context-aware deconvolution of
cell-cell communication with Tensor-cell2cell. Nat. Commun. 713, 3665.
https://doi.org/10.1038/s41467-022-31369-2.

Wang, S., Zheng, H., Choi, J.S., Lee, J.K., Li, X., and Hu, H. (2022). A sys-
tematic evaluation of the computational tools for ligand-receptor-based
cell-cell interaction inference. Brief. Funct. Genomics 27, 339-356.
https://doi.org/10.1093/bfgp/elac019.

Liu, Z., Sun, D., and Wang, C. (2022). Evaluation of cell-cell interaction methods
by integrating single-cell RNA sequencing data with spatial information.
Genome Biol. 23, 218. https://doi.org/10.1186/s13059-022-02783-y.

Dietterich, T.G. (2000). Ensemble Methods in Machine Learning. In Multi-
ple Classifier Systems Lecture Notes in Computer Science (Springer Berlin
Heidelberg), pp. 1-15. https://doi.org/10.1007/3-540-45014-9_1.

Nagai, J.S., Leimkuhler, N.B., Schaub, M.T., Schneider, R.K., and Costa,
I.G. (2021). CrossTalkeR: analysis and visualization of ligand-receptorne
tworks. Bioinformatics 37, 4263-4265. https://doi.org/10.1093/bioinfor-
matics/btab370.

Garcia-Alonso, L., Handfield, L.-F., Roberts, K., Nikolakopoulou, K., Fer-
nando, R.C., Gardner, L., Woodhams, B., Arutyunyan, A., Polanski, K.,
Hoo, R., et al. (2021). Mapping the temporal and spatial dynamics of the
human endometrium in vivo and in vitro. Nat. Genet. 53, 1698-1711.
https://doi.org/10.1038/s41588-021-00972-2.

Lagger, C., Ursu, E., Equey, A., Avelar, R.A., Pisco, A.O., Tacutu, R., and
de Magalhaes, J.P. (2023). scDiffCom: a tool for differential analysis of cell-
cell interactions provides a mouse atlas of aging changes in intercellular
communication. Nat. Aging 3, 1446-1461. https://doi.org/10.1038/
s43587-023-00514-x.

dJin, S., Guerrero-duarez, C.F., Zhang, L., Chang, I., Ramos, R., Kuan,
C.-H., Myung, P., Plikus, M.V., and Nie, Q. (2021). Inference and analysis
of cell-cell communication using CellChat. Nat. Commun. 72, 1088.
https://doi.org/10.1038/s41467-021-21246-9.

Browaeys, R., Gilis, J., Sang-Aram, C., De Bleser, P., Hoste, L., Tavernier,
S., Lambrechts, D., Seurinck, R., and Saeys, Y. (2023). MultiNicheNet: a
flexible framework for differential cell-cell communication analysis from
multi-sample multi-condition single-cell transcriptomics data. Preprint at
bioRxiv. https://doi.org/10.1101/2023.06.13.544751.

Heumos, L., Schaar, A.C., Lance, C., Litinetskaya, A., Drost, F., Zappia, L.,
Liicken, M.D., Strobl, D.C., Henao, J., Curion, F., et al. (2023). Best prac-
tices for single-cell analysis across modalities. Nat. Rev. Genet. 24,
550-572. https://doi.org/10.1038/s41576-023-00586-w.

Kuppe, C., Ramirez Flores, R.O., Li, Z., Hayat, S., Levinson, R.T., Liao, X.,
Hannani, M.T., Tanevski, J., Winnemann, F., Nagai, J.S., et al. (2022).
Spatial multi-omic map of human myocardial infarction. Nature 608,
766-777. https://doi.org/10.1038/s41586-022-05060-x.

Aleckovi¢, M., Cristea, S., Gil Del Alcazar, C.R., Yan, P., Ding, L., Krop, E.D.,
Harper, N.W., Rojas Jimenez, E., Lu, D., Gulvady, A.C., et al. (2022). Breast
cancer prevention by short-term inhibition of TGF signaling. Nat. Com-
mun. 13, 7558. https://doi.org/10.1038/s41467-022-35043-5.

Tanevski, J., Flores, R.O.R., Gabor, A., Schapiro, D., and Saez-Rodriguez,
J. (2022). Explainable multiview framework for dissecting spatial relation-
ships from highly multiplexed data. Genome Biol. 23, 97. https://doi.org/
10.1186/s13059-022-02663-5.

Cell Reports Methods 4, 100758, April 22, 2024 15



https://doi.org/10.1016/j.coisb.2021.03.007
https://doi.org/10.1038/s41576-020-00292-x
https://doi.org/10.1038/s41576-023-00685-8
https://doi.org/10.1016/j.copbio.2023.103048
https://doi.org/10.1038/s41467-022-30755-0
https://doi.org/10.1038/s41467-022-30755-0
https://doi.org/10.1042/etls20180176
https://doi.org/10.1042/etls20180176
https://doi.org/10.1007/s13238-020-00727-5
https://doi.org/10.1007/s13238-020-00727-5
https://doi.org/10.1016/j.cels.2021.05.011
https://doi.org/10.1101/2022.02.16.480703
https://doi.org/10.1101/2022.02.16.480703
https://doi.org/10.1038/s41587-022-01288-0
https://doi.org/10.7554/eLife.93161
https://doi.org/10.7554/eLife.93161
https://doi.org/10.1038/s41467-022-31369-2
https://doi.org/10.1093/bfgp/elac019
https://doi.org/10.1186/s13059-022-02783-y
https://doi.org/10.1007/3-540-45014-9_1
https://doi.org/10.1093/bioinformatics/btab370
https://doi.org/10.1093/bioinformatics/btab370
https://doi.org/10.1038/s41588-021-00972-2
https://doi.org/10.1038/s43587-023-00514-x
https://doi.org/10.1038/s43587-023-00514-x
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1101/2023.06.13.544751
https://doi.org/10.1038/s41576-023-00586-w
https://doi.org/10.1038/s41586-022-05060-x
https://doi.org/10.1038/s41467-022-35043-5
https://doi.org/10.1186/s13059-022-02663-5
https://doi.org/10.1186/s13059-022-02663-5

¢? CellPress

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

16

OPEN ACCESS

Zheng, R., Zhang, Y., Tsuji, T., Zhang, L., Tseng, Y.-H., and Chen, K.
(2022). MEBOCOST: Metabolic Cell-Cell Communication Modeling by
Single Cell Transcriptome. Preprint at bioRxiv. https://doi.org/10.1101/
2022.05.30.494067.

Zhao, W., Johnston, K.G., Ren, H., Xu, X., and Nie, Q. (2023). Inferring
neuron-neuron communications from single-cell transcriptomics through
NeuronChat. Nat. Commun. 74, 1128. https://doi.org/10.1038/s41467-
023-36800-w.

Armingol, E., Larsen, R.O., Cequeira, M., Baghdassarian, H., and Lewis,
N.E. (2022). Unraveling the coordinated dynamics of protein- and metab-
olite-mediated cell-cell communication. Preprint at bioRxiv. https://doi.
org/10.1101/2022.11.02.514917.

Zhang, Z.,Qin, Y., Wang, Y., Li, S., and Hu, X. (2023). Integrated analysis of
cell-specific gene expression in peripheral blood using ISG15 as a marker
of rejection in kidney transplantation. Front. Immunol. 74, 1153940.
https://doi.org/10.3389/fimmu.2023.1153940.

Ghaddar, A., Armingol, E., Huynh, C., Gevirtzman, L., Lewis, N.E., Waterston,
R., and O’Rourke, E.J. (2023). Whole-body gene expression atlas of an adult
metazoan. Sci. Adv. 9, eadg0506. https://doi.org/10.1126/sciadv.adg0506.

Liao, M., Liu, Y., Yuan, J., Wen, Y., Xu, G., Zhao, J., Cheng, L., Li, J., Wang,
X., Wang, F., et al. (2020). Single-cell landscape of bronchoalveolar im-
mune cells in patients with COVID-19. Nat. Med. 26, 842-844. https://
doi.org/10.1038/s41591-020-0901-9.

Wolf, F.A., Angerer, P., and Theis, F.J. (2018). SCANPY: large-scale single-
cell gene expression data analysis. Genome Biol. 19, 15. https://doi.org/
10.1186/s13059-017-1382-0.

Efremova, M., Vento-Tormo, M., Teichmann, S.A., and Vento-Tormo, R.
(2020). CellPhoneDB: inferring cell-cell communication from combined
expression of multi-subunit ligand-receptor complexes. Nat. Protoc. 15,
1484-1506. https://doi.org/10.1038/s41596-020-0292-x.

Raredon, M.S.B., Yang, J., Garritano, J., Wang, M., Kushnir, D., Schupp,
J.C., Adams, T.S., Greaney, A.M., Leiby, K.L., Kaminski, N., et al. (2022).
Computation and visualization of cell-cell signaling topologies in single-
cell systems data using Connectome. Sci. Rep. 12, 4187. https://doi.
org/10.1038/s41598-022-07959-x.

Hou, R., Denisenko, E., Ong, H.T., Ramilowski, J.A., and Forrest, A.R.R.
(2020). Predicting cell-to-cell communication networks using NATMI.
Nat. Commun. 71, 5011. https://doi.org/10.1038/s41467-020-18873-z.

Cabello-Aguilar, S., Alame, M., Kon-Sun-Tack, F., Fau, C., Lacroix, M.,
and Colinge, J. (2020). SingleCellSignalR: inference of intercellular net-
works from single-cell transcriptomics. Nucleic Acids Res. 48, e55.
https://doi.org/10.1093/nar/gkaal83.

Kolde, R., Laur, S., Adler, P., and Vilo, J. (2012). Robust rank aggregation
for gene list integration and meta-analysis. Bioinformatics 28, 573-580.
https://doi.org/10.1093/bioinformatics/btr709.

Turei, D., Valdeolivas, A., Gul, L., Palacio-Escat, N., Klein, M., lvanova, O.,
Olbei, M., Gabor, A., Theis, F., Mddos, D., et al. (2021). Integrated intra-
and intercellular signaling knowledge for multicellular omics analysis.
Mol. Syst. Biol. 17, €9923. https://doi.org/10.15252/msb.20209923.

Noél, F., Massenet-Regad, L., Carmi-Levy, |., Cappuccio, A., Grandclau-
don, M., Trichot, C., Kieffer, Y., Mechta-Grigoriou, F., and Soumelis, V.
(2021). Dissection of intercellular communication using the transcrip-
tome-based framework ICELLNET. Nat. Commun. 72, 1089. https://doi.
org/10.1038/s41467-021-21244-x.

Shao, X, Liao, J., Li, C., Lu, X., Cheng, J., and Fan, X. (2021). CellTalkDB: a
manually curated database of ligand-receptor interactions in humans and
mice. Briefings Bioinf. 22, bbaa269. https://doi.org/10.1093/bib/bbaa269.
Fazekas, D., Koltai, M., Turei, D., Médos, D., Palfy, M., Dul, Z., Zsékai, L.,
Szalay-Bekd, M., Lenti, K., Farkas, I.J., et al. (2013). SignaLink 2 - a
signaling pathway resource with multi-layered regulatory networks. BMC
Syst. Biol. 7, 7. https://doi.org/10.1186/1752-0509-7-7.

Cell Reports Methods 4, 100758, April 22, 2024

41.

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Cell Reports Methods

Fang, Z., Liu, X., and Peltz, G. (2023). GSEApy: a comprehensive package
for performing gene set enrichment analysis in Python. Bioinformatics 39,
btac757. https://doi.org/10.1093/bioinformatics/btac757.

Kanehisa, M., Furumichi, M., Sato, Y., Ishiguro-Watanabe, M., and Ta-
nabe, M. (2021). KEGG: integrating viruses and cellular organisms. Nucleic
Acids Res. 49, D545-D551. https://doi.org/10.1093/nar/gkaa970.
Badia-I-Mompel, P., Vélez Santiago, J., Braunger, J., Geiss, C., Dimitrov,
D., Miller-Dott, S., Taus, P., Dugourd, A., Holland, C.H., Ramirez Flores,
R.O., and Saez-Rodriguez, J. (2022). decoupleR: ensemble of computa-
tional methods to infer biological activities from omics data. Bioinform.
Adv. 2, vbac016. https://doi.org/10.1093/bioadv/vbac016.

Schubert, M., Klinger, B., Kllinemann, M., Sieber, A., Uhlitz, F., Sauer, S.,
Garnett, M.J., Bluthgen, N., and Saez-Rodriguez, J. (2018). Perturbation-
response genes reveal signaling footprints in cancer gene expression. Nat.
Commun. 9, 20. https://doi.org/10.1038/s41467-017-02391-6.

Dugourd, A., and Saez-Rodriguez, J. (2019). Footprint-based functional
analysis of multiomic data. Curr. Opin. Struct. Biol. 15, 82-90. https://
doi.org/10.1016/j.coisb.2019.04.002.

Dimitrov, D., Schéfer, P.S.L., Farr, E., Rodriguez Mier, P., Lobentanzer, S.,
Dugourd, A., Tanevski, J., Ramirez Flores, R.O., and Saez-Rodriguez, J.
(2023). LIANA+: an all-in-one cell-cell communication framework. Preprint
at bioRxiv. https://doi.org/10.1101/2023.08.19.553863.

Kang, H.M., Subramaniam, M., Targ, S., Nguyen, M., Maliskova, L., Mc-
Carthy, E., Wan, E., Wong, S., Byrnes, L., Lanata, C.M., et al. (2018). Multi-
plexed droplet single-cell RNA-sequencing using natural genetic variation.
Nat. Biotechnol. 36, 89-94. https://doi.org/10.1038/nbt.4042.

Baghdassarian, H. (2024). hmbaghdassarian/tc2c_benchmark: Cell Reports
Methods publication. Zenodo. https://doi.org/10.5281/zenodo.10713331.

Zappia, L., Phipson, B., and Oshlack, A. (2017). Splatter: simulation of sin-
gle-cell RNA sequencing data. Genome Biol. 18, 174. https://doi.org/10.
1186/s13059-017-1305-0.

Luecken, M.D., Bttner, M., Chaichoompu, K., Danese, A., Interlandi, M., Mu-
eller, M.F., Strobl, D.C., Zappia, L., Dugas, M., Colomé-Tatché, M., and Theis,
F.J. (2022). Benchmarking atlas-level data integration in single-cell genomics.
Nat. Methods 719, 41-50. https://doi.org/10.1038/s41592-021-01336-8.

Lun, A.T.L., Bach, K., and Marioni, J.C. (2016). Pooling across cells to
normalize single-cell RNA sequencing data with many zero counts.
Genome Biol. 17, 75. https://doi.org/10.1186/s13059-016-0947-7.

Hie, B., Bryson, B., and Berger, B. (2019). Efficient integration of heteroge-
neous single-cell transcriptomes using Scanorama. Nat. Biotechnol. 37,
685-691. https://doi.org/10.1038/s41587-019-0113-3.

Lopez, R., Regier, J., Cole, M.B., Jordan, M.1., and Yosef, N. (2018). Deep
generative modeling for single-cell transcriptomics. Nat. Methods 15,
1053-1058. https://doi.org/10.1038/s41592-018-0229-2.

Feng, W., and Bailey, R.M. (2018). Unifying relationships between
complexity and stability in mutualistic ecological communities. J. Theor.
Biol. 439, 100-126. https://doi.org/10.1016/}.jtbi.2017.11.026.

Sobhani, E., Comon, P., Jutten, C., and Babaie-Zadeh, M. (2022). Corrin-
dex: A permutation invariant performance index. Signal Process. 195,
108457. https://doi.org/10.1016/j.sigpro.2022.108457.

Chen, W., Zhao, Y., Chen, X., Yang, Z., Xu, X., Bi, Y., Chen, V., Li, J., Choi,
H., Ernest, B., et al. (2021). A multicenter study benchmarking single-cell
RNA sequencing technologies using reference samples. Nat. Biotechnol.
39, 1103-1114. https://doi.org/10.1038/s41587-020-00748-9.

Blittner, M., Miao, Z., Wolf, F.A., Teichmann, S.A., and Theis, F.J. (2019). A
test metric for assessing single-cell RNA-seq batch correction. Nat.
Methods 16, 43-49. https://doi.org/10.1038/s41592-018-0254-1.

Lloyd, S. (1982). Least squares quantization in PCM. IEEE Trans. Inf.
Theor. 28, 129-137. https://doi.org/10.1109/TIT.1982.1056489.

. Blondel, V.D., Guillaume, J.-L., Lambiotte, R., and Lefebvre, E. (2008). Fast

unfolding of communities in large networks. J. Stat. Mech. 2008, P10008.
https://doi.org/10.1088/1742-5468/2008/10/P10008.


https://doi.org/10.1101/2022.05.30.494067
https://doi.org/10.1101/2022.05.30.494067
https://doi.org/10.1038/s41467-023-36800-w
https://doi.org/10.1038/s41467-023-36800-w
https://doi.org/10.1101/2022.11.02.514917
https://doi.org/10.1101/2022.11.02.514917
https://doi.org/10.3389/fimmu.2023.1153940
https://doi.org/10.1126/sciadv.adg0506
https://doi.org/10.1038/s41591-020-0901-9
https://doi.org/10.1038/s41591-020-0901-9
https://doi.org/10.1186/s13059-017-1382-0
https://doi.org/10.1186/s13059-017-1382-0
https://doi.org/10.1038/s41596-020-0292-x
https://doi.org/10.1038/s41598-022-07959-x
https://doi.org/10.1038/s41598-022-07959-x
https://doi.org/10.1038/s41467-020-18873-z
https://doi.org/10.1093/nar/gkaa183
https://doi.org/10.1093/bioinformatics/btr709
https://doi.org/10.15252/msb.20209923
https://doi.org/10.1038/s41467-021-21244-x
https://doi.org/10.1038/s41467-021-21244-x
https://doi.org/10.1093/bib/bbaa269
https://doi.org/10.1186/1752-0509-7-7
https://doi.org/10.1093/bioinformatics/btac757
https://doi.org/10.1093/nar/gkaa970
https://doi.org/10.1093/bioadv/vbac016
https://doi.org/10.1038/s41467-017-02391-6
https://doi.org/10.1016/j.coisb.2019.04.002
https://doi.org/10.1016/j.coisb.2019.04.002
https://doi.org/10.1101/2023.08.19.553863
https://doi.org/10.1038/nbt.4042
https://doi.org/10.5281/zenodo.10713331
https://doi.org/10.1186/s13059-017-1305-0
https://doi.org/10.1186/s13059-017-1305-0
https://doi.org/10.1038/s41592-021-01336-8
https://doi.org/10.1186/s13059-016-0947-7
https://doi.org/10.1038/s41587-019-0113-3
https://doi.org/10.1038/s41592-018-0229-2
https://doi.org/10.1016/j.jtbi.2017.11.026
https://doi.org/10.1016/j.sigpro.2022.108457
https://doi.org/10.1038/s41587-020-00748-9
https://doi.org/10.1038/s41592-018-0254-1
https://doi.org/10.1109/TIT.1982.1056489
https://doi.org/10.1088/1742-5468/2008/10/P10008

Cell Reports Methods

¢? CellPress

OPEN ACCESS

STARXMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

COVID BALF single-cell RNA-seq dataset Liao et al.*° GEO: GSE145926; Zenodo Data: https://doi.org/10.5281/
zenodo.7706962

PBMC single-cell RNA-seq dataset Kang et al.*’ GEO: GSE96583; Zenodo Data: https://doi.org/10.5281/

Myocardial Infarction spatial
transcriptomics dataset

Kuppe et al., 2022°°

zenodo.10069528
Zenodo Data: https://doi.org/10.5281/zenodo.6578047

Software and algorithms

Protocol source code

Code for benchmarking batch effects
and missing values

This paper
This paper

https://doi.org/10.5281/zenodo.10700956
https://doi.org/10.5281/zenodo.10713331

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to and will be fulfilled by the lead contact, Nathan E. Lewis

(nlewisres@ucsd.edu).

Materials availability

This study did not generate new unique reagents.

Data and code availability

® This paper analyzes existing, publicly available data. These accession numbers for the datasets are listed in the key resources
table. In particular, the BALF single-cell RNA-seq dataset is available at https://zenodo.org/record/7706962, the PBMC single-

cell RNA-seq dataset is available at https://zenodo.org/records/10069528
ics dataset is available at https://zenodo.org/record/6578047.

, and the Myocardial Infarction spatial transcriptom-

o All original code has been deposited at Zenodo and is publicly available as of the date of publication. DOlIs are listed in the key
resources table. Additionally, source code is available at https://github.com/saezlab/ccc_protocols and can be viewed at

https://ccc-protocols.readthedocs.io/.

® Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

METHOD DETAILS

Computational Infrastructure
All code was ran on a computer with the following specifications.

o CPU: AMD Ryzen Threadripper 3960x (24 cores)
o Memory: 128GB DDR4
e GPU: NVIDIA RTX A6000 48GB

However, the minimal requirements for running this protocol are.

o CPU: 64-bit Intel or AMD processor (4 cores)
o Memory: 16GB DDR3

® GPU: NVIDIA GTX 1050 Ti (Optional)

® Storage: At least 10GB available

Timing

Expected timing for this protocol using the dataset in the key resources table:
Step 1. Installation of Anaconda/Miniconda and Python packages: 5-30 min.
Step 2. Initial setups: ~1 min.

Step 3. Data preprocessing: 5-7 min.
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Step 4. Inferring cell-cell communication with LIANA: ~5 min.

Step 5. Comparing cell-cell communication across multiple samples with Tensor-cell2cell: Running selection of number of factors
via elbow analysis and the tensor decomposition takes 5 min with the ‘regular’ pipeline, while the ‘robust’ pipeline takes 40 min.

Step 6. Functional Enrichment Analysis of KEGG and PROGENy pathways respectively using GSEA and linear regression take
1 min each.

Protocol details
To run our protocol presented in this manuscript and the tutorials available online (https://ccc-protocols.readthedocs.io/), software
specifications are summarized in the Software Requirements Table. To facilitate the setup of a virtual environment containing all
required packages with their corresponding versions, we provide an executable ‘setup_env.sh* script together with instructions
on a Github repository we prepared for this protocol: https://github.com/saezlab/ccc_protocols/tree/main/env_setup.

Software Requirements Table

Package Name Package Version Language Install With
jupyter conda
ipywidgets conda
pip >22 Python conda
scanpy >1.9 Python conda
*cuda-toolkit conda
*pytorch-cuda 11.8 conda
*torchvision conda
*torchaudio conda
pytorch, *cuda enabled conda
scvi-tools >0.18 Python conda
scikit-misc 0.1.4 Python conda
cell2cell 0.7.3 Python pip
liana 1.0.3 Python pip
decoupler 1.5.0 Python pip
omnipath 1.0.7 Python pip
plotnine >0.12.4 Python pip
seaborn 0.11.2 Python pip
statannotations 0.5.0 Python pip
matplotlib 3.7.3 Python pip
singlecellexperiment R conda
remotes >2 R conda
devtools >2 R conda
seuratobject R conda
biocmanager >1.30 R conda
seurat >4 R conda
hd5r R conda
furrr R conda
textshape R conda
forcats R conda
rstatix R conda
ggpubr R conda
scater R conda
zellkonverter R conda
liana 0.1.13 R remotes
seurat-disk 0.0.0.9020 R remotes
decoupleR 2.3.3 R biocmanager

*: For GPU enabled use only.
Python packages should always be installed. R language packages only need to be installed if planning to run the notebooks in R.
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Advice to deal with potential issues running this protocol, either in its original or personalized forms, is summarized in the Trouble-
shooting Table.
Troubleshooting Table.

Step Problem Possible reason Solution
3&4 Error: Expression matrix contains Mishandling counts processing Ensure that the matrix containing normalized
non-finite values (nan or inf) counts is passed. Replace nan and inf values
Warning: Make sure that normalized by zeros.
counts are passed
4.1 Negative values in LIANA outputs Using preprocessed data with negative Avoid using preprocessing methods that
expression values. generate negative values (e.g., centering the

data to the mean values, using batch-
corrected expression values, etc.).

4.2 Not enough ligand-receptor pairs Mismatched symbol IDs LIANA by default uses a resource with gene
in the data for the analysis symbol IDs. When working with e.g., Ensembl
IDs users need to provide an external resource;
see https://ccc-protocols.readthedocs.io/en/
latest/notebooks/ccc_python/02-Infer-
Communication-Scores.html

5.1 CCC scores representing opposed When using ‘magnitude_rank’ scores Build the 4D tensor using an ‘inverse_fun‘ to
importance from LIANA, lower values are more make lower values to be the most important
important. However, Tensor-cell2cell scores.
prioritizes high values as the important
ones.
5.2 Rank selection through the elbow High sparsity or number of missing Re-run LIANA with less stringent parameters
analysis is not behaving properly values in the tensor (e.g., smaller expr_pror). Re-build the tensor

with more strict how parameters (e.g., using
how = ‘inner’ or increasing outer_fraction).

53 Visualization of loadings are not Too many or few elements in the To visualize all elements, use the parameter
properly displayed in heatmaps dimension to visualize ‘loading_threshold = 0’ to create the heatmaps.
If you have too many elements, you can
prioritize those with high loadings, so a
threshold can be set. E.g., ‘loading_
threshold = 0.1’

Benchmarking batch effects and missing values

To help users make informed decisions regarding choices in their computational pipeline, we benchmarked two key factors that can
influence Tensor-cell2cell’s outputs: batch effects and missing data (which result in missing tensor indices) across samples. For
comprehensive details on the motivation, methods, and results of this benchmarking, please see the online description.*®

Here we describe our pipeline for both the Missing Indices and Batch Effects benchmarking simulations. All associated code
can be found in the following repository: https://github.com/hmbaghdassarian/tc2c_benchmark. For downstream analyses,
unless otherwise specified, all linear regressions were performed using a generalized linear model (GLM) with an identity link func-
tion; multivariate regressions with >1 independent variable were combined additively and do not include interaction terms. Addi-
tionally, all p-values were multiple-test-corrected using the Benjamini-Hochberg (BH) method to control for false discovery
rates (FDRs).

We simulated single-cell RNA-sequencing expression data using Splatter,’® adapting a previously described computational
approach.®® We generated a single-cell expression matrix containing 2000 genes and 5000 cells evenly distributed across 6 cell
types and 5 samples. Each sample represents a context.

Next, for each sample, we applied quality control filters to the cells and genes as implemented previously.*° Briefly, low-quality
cells were identified and filtered using the scuttle package based on standard metrics (mitochondrial fraction, library size, and num-
ber of genes detected); genes detected in fewer than 1% of cells are discarded. Next, counts were normalized using scran pooling®’
and a log, 1 transformation. For batch-effect benchmarking, batch correction was further implemented; Scanorama® was run on the
log-normalized counts matrix and scVI°® was run on the raw counts matrix.

From the expression counts matrices, a random subset of 200 genes were chosen to simulate a ligand-receptor interaction
network as previously described. ' Briefly, we use StabEco’s®* BiGraph function, with the power law exponent value set to 2 and
the average degree value set to 3, to generate a scale-free, directed, bipartite network of the 200 genes. Half the genes were assigned
to be ligands and the other half to be receptors. Not all genes were part of the connected network (70/200), and these were excluded
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from downstream analyses. This interaction network was used as custom ligand-receptor resource input to LIANA’s cell-cell commu-
nication scoring.

Then, 4D-Communication tensors were built from the output of LIANA as described in our protocol. To generate missing indices in
the 4D-Communication Tensor, we iteratively omitted a random subset of genes or cell types from the expression data. Specifically,
we iterated through combinations of the following two variables: the fraction of cell types to remove in a given sample (16, 13, 12, and
23), the fraction of genes (within the 130 in the simulated LR interaction network) to remove in a given sample (110, 310, 12), and the
fraction of samples to apply these omissions to (15, 25, 23). We compared this to a gold-standard tensor with no missing indices.

We compared decomposition outputs using Corrindex>° as previously described.'? Briefly, the Corrindex represents a dissimilarity
between decomposition outputs and lies between 0 and 1; we convert this to a similarity metric by using (1-Corrindex).

For batch-correction, iterating across increasing levels of batch severity, we generated four counts matrices.

(1) Gold-standard: a processed counts matrix with no batch effects

(2) Log-normalized: a processed counts matrix with batch effects present

(3) Scanorama batch-corrected: a processed counts matrix with batch effects corrected for using Scanorama
(4) scVI batch-corrected: a processed counts matrix with batch effects corrected for using scVI

We ran the combined LIANA and Tensor-cell2cell pipeline on each of these counts matrices. Finally, we assessed the similarity
between each of the decomposition outputs as follows.

® Log-normalized similarity: Similarity between Tensor-cell2cell’'s decomposition output from the log-normalized counts matrix
(2) and that of the gold-standard input (1)

® Scanorama similarity: Similarity between Tensor-cell2cell's decomposition output from the Scanorama batch-corrected
counts matrix (3) and that of the gold-standard input (1)

® scVIsimilarity: Similarity between Tensor-cell2cell’s decomposition output from the scVI batch-corrected counts matrix (4) and
that of the gold-standard as input (1)

Additionally, for batch correction benchmarking, each counts matrix was quantified for its level of batch severity using two previ-
ously applied metrics®*°°: (1) kBET,’ is an inverse measure of “mixability”, or the extent to which batch effects are removed, and (2)
normalized mutual information (NMI) between cell type identity and cluster identity - a measure of “clusterability”, or the extent to
which biological variation is conserved. For the clusterability metric, we subtracted the NMI from 1 to quantity batch severity. In
this manner, both mixability and clusterability ranged between 0 and 1, with increasing values indicating increasing batch severity.
Clusterability was assessed using both k-means clustering®® and Louvain clustering.>*

Batch severity does not affect the results of our pipeline. We saw that the gold-standard matrix performed as expected, showing
clear Louvain clusterability and little-to-no mixability. The log-normalized matrix also performed as expected across all batch severity
metrics. While the batch-corrected counts matrices increased along with the Splatter parameters on occasion, the increases were
overall less severe than that of the log-normalized matrix (Figure S4). The gold-standard counts matrices demonstrate comparably
low batch severity across all iterations (Figure S5A). We also saw that across all batch severity metrics, similarity does not decrease
beyond 0.963, indicating that Tensor-cell2cell is robust to batch effects (Figure S5B). Furthermore, we evaluated whether the fraction
of negative counts is a confounder of batch severity (Figures SS5C-S5E). The fraction of negative counts does not substantially affect
the Scanorama similarity as indicated by the small regression coefficient estimate and insignificant p-value (Figure S5F). This tells us
that using batch correction methods that introduce negative values and simply replacing those with O prior to running communication
scoring can be appropriate for recovering biological signals from Tensor-cell2cell.

If batch correction improves decomposition, we would expect batch-corrected similarity (Scanorama and scVI) to a) score higher
than log-normalized similarity across batch similarity metrics and b) decrease at a lower rate with increasing batch severity than log-
normalized similarity. Across batch severity metrics, we see that this tends not to be the case, though all similarity types maintain a
high similarity score across batch severity levels (Figure S6) Overall, while batch effect correction may not be necessary to recover
biological signals using Tensor-cell2cell, if the user feels it is important, they can be comfortable in implementing the batch correction
method of choice.

Regarding missing values, we found that there was a significant decrease in the similarity of Tensor-cell2cell’s output with that of
the gold-standard as the fraction of missing indices increased when filling both with NaN (masked) or zero (not masked). However,
those that were not masked had a substantially larger decrease in similarity than those that were (Figure S7A). When considering the
two filling methods in combination with the missing fraction, we see that similarity is lower by 0.094 on average when filling with zero
(Figure S7B). Altogether, our pipeline is robust enough to impute missing values and sensitive enough to handle true biological zeros.

QUANTIFICATION AND STATISTICAL ANALYSIS
Notations for the scoring functions in LIANA

k is the k-th ligand-receptor interaction
L - expression of ligand L
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R - expression of receptor R

C - cell cluster

i-cellgroup i

j-cellgroupj

M - the library-size normalized and log1p-transformed gene expression matrix

X - normalized gene expression vector

We denote the two interaction proteins, via their genes L & R, yet we use this for convenience as these can also denote the inter-
action of any other event category, such as those between membrane-bound or extracellular matrix proteins. Furthermore, in the
case of heteromeric complexes L & R denote the summarized expression of the complex.

CellPhoneDBv2% function.

Magnitude: 1) LRmeanyj; = C’;Rc’

Specificity: A permutation approach also adapted by other methods, see 4)

Geometric Mean function.

Magnitude: 2) LRgeometric.meank;; = +/Lc, Re;

Specificity: An adaptation of CellPhoneDB’s permutation approach; see 4)

CellChat’s'® LR probabilities* function.
TriMean (L, )- TriMean(F\‘c[ )

Magnitude: 3) LRproby.; = Kh+Triean| L, ) Tritean(Re,)
where Kh = 0.5 by default and ‘TriMean’ represents Tuckey’s Trimean function:

_ Qo25(X)+2-Qo5(X)+Qo.75(X)
4

Specificity: An adaptation of CellPhoneDB’s permutation approach; see 4)
*Note: The original CellChat implementation uses information of mediator proteins (e.g. activators and inhibitors) and signaling
pathways, which is specific to the CellChat resource. Since LIANA allows combining any resource with different scoring
methods, LIANA does not utilize this information, and hence the implementation of CellChat’s scoring function in LIANA
was simplified to be resource-agnostic.

TriMean (X)

1

p — valuey;; = 2 i [funpe,muted (LE,»R*C,) > funopserved (Laﬁa)] Equation 4

p=1

where P is the number of permutations, and L« and Rx are ligand and receptor expressions summarized according to the aggre-
gation function per cluster used by each method, i.e., by default the arithmetic mean for CellPhoneDB and Geometric Mean, and
TriMean for CellChat.

SingleCellSignalR®* function.

. v/Lc;Rc

Magnitude: 5) LRscoreyjj = \/E_c—“—ﬁ'c/*/'u

where u is the mean of the expression matrix M

NATMI* function.

Magnitude: 6) LRproducty;; = Lc,-F!’c,

i e . Le,  Re
ficity: 7 ficity Weightyjj = —=r— =
Specificity: 7) Specificity Weighty ;; S SR,
Connectome®® function.
Magnitude: 6) LRproducty;; = Lc,Rg,
ch’_+z,;C[

Specificity: 8) LRz.meanyjj = —5—~

where z is the Z score of the expression matrix M
Log2FC function.

Specificity: 9) LRIOg2FCyy = —22ou’r0d 2 on

where log2FC for each gene is calculated as:

log 2 FC = log,(mean (X;)) — log,(mean (X)) Equation 10

Rank Aggregate function.
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When generating a consensus from the different methods in LIANA, a rank aggregate®® is calculated for the magnitude and spec-
ificity scores from the methods separately. First, a normalized rank matrix[0,1] is generated separately for magnitude and speci-
ficity as:

rank;;

=—2 _(1<i<m1<j<n) Equation 11

r. .
Y7 max(rank;)

where m is the number of ranked score vectors, n is the length of each score vector (number of interactions), rank;; is the rank of the
j-th element (interaction) in the i-th score rank vector, and max(rank;) is the maximum rank in the i-th rank vector.

For each normalized rank vector r, we then ask how probable it is to obtain r?,f)” < = I, where r{’k“)” is arank vector generated under
the null hypothesis. The RobustRankAggregate (https://github.com/cran/RobustRankAggreg) method expresses the probability

rf’k“)” < = as B, (r) through a beta distribution. This entails that we obtain probabilities for each score vector r as:

p(r) =" Bin(r)*n Equation 12

where we take the minimum probability p for each interaction across the score vectors, and we apply a Bonferroni correction to the
p-values by multiplying them by n to account for multiple testing.

For all the methods above, LIANA considers interactions as occurring only if the ligand and receptor, and all of their subunits, are

expressed in a certain proportion of the cells (0.1 by default) in both clusters involved in the interaction. This can be formulated as an
indicator function as follows:

/{ngp’p""“ > 0.1and R > 0.1}
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