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SUMMARY

Changes in cell-cell communication during disease can result from shifts in tissue composition, variations in
the proportion of cells engaged in signaling, and differences in ligand-receptor expression. To address this,
we developed community, an R package designed for differential communication analysis in multi-sample
case-control scRNAseq datasets. Community reconstructs interactions by evaluating cell type abundance,
the active fraction of cells, and their expression levels. This method identifies communication patterns that
are upregulated, downregulated, unchanged, or compensated. Applied to ulcerative colitis, melanoma under
immune checkpoint inhibitor treatment, and acute myeloid leukemia, community captured disease- and
response-associated communication changes, including increased communication in ulcerative colitis,
reduced immunosuppressive signaling in melanoma responders, and decreased immune communication
in AML. Comparisons with existing tools showed improved robustness to outlier-driven signals and better
scalability. These component-level analyses help connect altered communication patterns to biological
mechanisms in healthy and disease states.

INTRODUCTION For the study of cell-cell communication changes between

cases and controls, a differential communication analysis is

Cell-cell communication is crucial for maintaining healthy phys-
iological functions in tissues. In disease, the immune and non-
immune niches, as well as the resident cell types, change their
abundance and function, which results in an altered interaction
among them."™ Discovering these changes is important to bet-
ter understand disease and identify new treatment strategies.
Single-cell RNA sequencing (scRNAseq) techniques allow us
to capture shifts in tissue composition, as well as in the expres-
sion of ligands, receptors, and adhesion molecules within indi-
vidual cell types. ScCRNAseq has become increasingly used in
case-control studies where several cohorts with multiple sam-
ples are analyzed. This strategy allows better accounting for
biological heterogeneity, which is especially relevant when
working with human samples.

Gheck for
Updates

needed. We previously published COMUNET, the first tool
able to perform differential communication analysis.5 However,
COMUNET performs differential communication analysis of
one control versus one case sample, while often many samples
are analyzed in cohorts. An algorithm that is able to scale to mul-
tiple samples easily is thus needed. Several other cell-cell inter-
action tools are able to perform differential analysis.®° The major
limitation of these tools is that the disease-driven shifts in cell
type abundance are not considered while analyzing differential
communication. These shifts can, though, be massive and can
vastly affect the overall communication dynamics within the
diseased tissue. To maintain homeostasis and proper tissue
function, several mechanisms adapt at the cellular level. First,
cells (especially immune cells) can infiltrate a tissue, resulting
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in an increase in their cell-type abundance.'®'" Second, cell
types can decrease in their abundance due to, e.g., damage, ag-
ing, or clearance via the immune system.'>'* The remaining
cells may adapt their ligand and receptor expression levels in
an attempt to keep the physiological levels of interaction stable
and compensate for the shifts in the tissue composition.">'® It
is of great importance to take these processes into consideration
in the cell-cell communication analysis.

Here we present community, an R package and web server
that performs differential communication analysis in large
scRNAseq case-control studies. Community is a fast and user-
friendly tool that is not limited by the number of samples in the
case and control cohorts that can be processed. Community
does not rely on prior differential expression analysis, but cap-
tures changes in cell type abundance, fraction of active cells,
and ligand-receptor and adhesion molecule expression. Com-
munity can thus recognize not only interactions that are differen-
tial between cases and controls, but also distinguish between
unchanged interactions and those that are being compensated
through the interaction of several components.

We exemplify the differential communication analysis by
applying community analysis to three very distinct disease
entities: ulcerative colitis (UC), melanoma, and acute myeloid
leukemia (AML). We show that UC undergoes an upregulation
in communication intensity, including epithelial, vascular, and
immune compartments, which is in line with the physiology of
the disease manifesting increased inflammation. In melanoma,
we were able to capture the drop in immunosuppressive signals
in the tumors that responded to anti-PD1 antibody therapy,
compared to the resistant ones. For the AML datasets, we
show a decrease in communication activity, especially within
the immune compartment. This observation is in line with
the described effect of immune silencing via cancer cells.
Community identifies differential interactions even in very small
populations of cells, and it can also detect complex interactions.
We compare community to four other communication algo-
rithms: CellPhoneDB (v3.1),° MultiNicheNet (v2.1),° CellChat
(v2.2)'° and scSeqCommbDiff (v2.0)°° using their differential
communication pipelines and show that community is faster,
more robust to outlier signals, and able to capture hidden
compensatory effects.

The intuitive output of community makes it possible to track
shifts in communication among cell types in diseased tissues
compared to controls, visualize and investigate individual top
differential interactions, as well as identify the driving compo-
nents underlying the changes in communication. The large-scale
studies of shifts in cellular interactions will help understand bio-
logical mechanisms driving disease progression at a new level of
complexity.

RESULTS

Theoretical basis

To assess communication between case and control samples
using scRNAseq, community uses ligand-receptor and adhesion
molecule interactions between cell types in a tissue (Figure 1A). It
works with a flexible built-in database of known ligand-receptor
and adhesion molecule interactions adapted from OmniPath,?’
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which can easily be expanded by the user (Figure S1). To
construct the database, we utilize two main interaction data-
bases from OmniPath: “ligrec extra” and “curated ligand-recep-
tor interactions”.?" We break down all complex interactions into
their individual components, such that all interacting pairs
consist of only one ligand and one receptor. The components
of adhesion molecule pairs or other non-directional interactions
are randomly labeled as “ligand” or “receptor”, but this direc-
tionality can be ignored in these cases. The generated database
comprises 6,941 entries, of which 4,157 are ligand-receptor
pairs, while 2,784 are between adhesion molecules. Each ligand,
receptor, and adhesion molecule in the database has a func-
tional annotation obtained from OmniPath.

Community is unique in its definition of the communication
weights, which are defined by three major contributors to
the communication intensity: cell type abundance p, active
fraction ¢, and mean expression level within the active fraction
x (Figure 1B). Cell type abundance is frequently affected in dis-
ease due to shifts in the cell type composition. If one or both
communicating cell types are shrinking or expanding, this will
affect the tissue-level intensity of the interaction between these
cell types. Community takes this into account by including
changes in cell type abundance p in the differential communica-
tion analysis. The active fraction ¢ is defined as the fraction of
cells in a particular cell type that have a non-zero expression of
the ligand or the receptor of interest. In a disease, if the active
fraction of a cell type expands or shrinks, the communication
with this cell type may be affected, even if the cell type abun-
dance and the expression level of the individual cells remain
unchanged. Finally, the mean expression level z of ligands and
receptors within the active fraction reflects the intensity of the
interaction, and it is the most intuitive and well-studied compo-
nent that affects communication intensity. Mainly, the communi-
cation tools designed to date calculate communication strength
based only on average expression per cell type (pseudobulk),
which is a product of ¢ and z. However, these pseudobulk
expression changes do not capture the disease-driven change
in cell type abundance, nor do they give specific information
on whether the alteration in pseudobulk-level expression was
due to a change in the fraction of cells expressing a gene or in
the expression levels themselves.

Based on these three components, the weight of an interac-
tion between two cell types (sending S and receiving R), medi-
ated by a particular ligand-receptor pair (/,r)x (or adhesion mole-
cule pair (/,ny) in a particular sample i is defined as the product of
the three components:

(lvr)k _ ) , I I Ik Tk
w(S,R),- = (pS;i x pRy) x (@S’ X @R’) X <7TS’ X ﬂRi)

psi is the relative abundance of the sending cell type, pg; is the
relative abundance of the receiving cell type, ¢*s; and ¢™; are
the relative active fractions of the ligand Ik in the sending cell
type and the receptor ry in the receiving cell type respectively,
and 7*s; and 7'*g; are the relative mean expression of the ligand
I in the active fraction of the sending cell type and the receptor r,
in the active fraction of the receiving cell type, respectively
(Figure 1C; Figure S2, method details). The interaction weight

@™ sr; can have a value between 0 and 1.



iScience ¢? CellPress
OPEN ACCESS

[ ] ° Reconstruct ii i Di ial il i Driving components
.w .T [ ] Monc/'BEM,Mcnc'CDIC
= ®  B:CALM1 _HSPC:PDE1B ¢
) N
w F ! g )
AN °
>
8B Mono < cases
cases @ \ K\ l Drop in cell type abundance
II.=I II.=I ® ¢ & <~ HSPC  Gran ™> 10g2FC weight ¢ ¢ )
L o } Community { e
1 1 1 1 cases ISP
FE Drop in active fraction
T Mono : B2M _ Mono : CD1C s
Single cell RNAseq é NN Mono : HP _ Gran : ASGR1
< B Mono Mono : HP _ Gran : ASGR2 =
celll cell2 cell3 L / B:CALM1 _HSCP : PDE1B X X
genel 23 37 16 o HSPCK\ s - T:CALM2 _HSCP: PDE1B Drop in expression level
gene2 07 0.4 02 _Gran T:CALM1 _HSCP : PDE1B { (
smm interaction weight
B Comp ffecting interaction t cell types in a tissue D 1) Input to the algorithm
healthy Single cell RNAseq
N count matrices cell type annotation
(N cases cases
celll cell2 cell3 .. CellID  Cell Type
Ve | . genel 23 37 16 + cellt HSC
i gi ) gene2 07 04 02 cell2 T
isease isease disease - cell3 T
Abundance of cell type Active fraction Expression level
T
1 11) Interaction weight l
Interaction ID
For each sample:
L, ) HSC : HLA-A _T: APLP2
For each pair of cell types:
c @y _ b s b7 I s 7'k L - i ! !
Wiy = \Ps, X pr | X d)s X ¢R X (7 X my For each ligand-receptor pair: sending | receiving
i i ) ) ) )
e ! ! ! ! cell type cell type
L calculate interaction weight )
ligand receptor
1ll) Interaction weight matrix V) Quality control V) Differential communication case vs control
1. weight filter 2. fraction of samples filter A
‘o © For each c
R R IR interaction: 2 ® @
3 8 = 2 : 8 L 2 -
8 8 8 2 % : Log2FC of interaction o ®» § B
3 © weight £ ) a a
HSC:L1 _HSC:R1 |01 03 02 1 07 09 il
[ T CaSes Vs controls HSC:L1 _HSC:R1 21 1022 1013
HSC:L2 _HSC:R2 |02 01 01 07 06 1 + |
[ cumulative weight controls . . HSC:L2 _HSC:R2 25 1015 1006
HSC:L1_T:R1 1 08 07 01 0 03 Wilcoxon or t-test; |
| . N adjustment for multiple HSC:L1 _T:R1 27 1023 1013
HSC:L2 _T:R2 |05 02 08 01 02 1 3. expression level filter testi [

- | e esting HSC:L2 _T:R2 02 1001 1008
T:L1_HSC:R1 |1 08 06 07 02 08 E . ; , T:L1_HSC:R1 05 1004 1005
T:L2_HSC:R2 |02|08 04|08 0305 .%.g - . '?, . : T:L2_HSC:R2 02 1001 1008

5 o [} . . Q
T:L1_T:R1 |1 1 07 o 03 01 £5 i N o | TiU_T:R1 28 1023 1013
| g e 3
T:L2_T:R2 |08 1 1 01 02 02 82 i ... .. 8 Til2_T:R2 25 1027 1017
| 5 . . e ;
GE) log2FC

mean expression of the receptor

Figure 1. Overview of the community tool

(A) Community overview: the input is a set of scRNAseq data from a case-control study; the outputs are reconstructed interactions for the case and control
cohorts, differential interactions, and driving component analysis.

(B) Components affecting interactions between cell types in a tissue: abundance of the cell type p, active fraction of communication cells ¢, and expression level
of the ligands and receptors z.

(C) Formula to calculate an individual interaction.

(D) Community workflow. (I) The input to the algorithm is a set of sScRNAseq count matrices and cell type annotation. (Il) The interaction weight is calculated for
each sample, each pair of cell types, and each ligand-receptor pair. The interaction ID contains the sending cell type, the ligand, the receiving cell type, and the
receptor. (Ill) The resulting interaction weight matrix has interaction IDs in the rows and sample names in the columns. (IV) The quality control has three filters: the
cumulative interaction weight, the fraction of samples where an interaction is present, and the mean expression levels of the ligand and the receptor in controls
and cases. (V) For the differential interaction, the log2FC and the adjusted p value is calculated for each interaction between cases and controls.
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Community is designed to work with scRNAseq data from
case-control experiments. Its input is a pre-processed (i.e.,
normalized and batch-corrected, if needed) scRNAseq dataset
with cell types already annotated (Figure 1D Input to the algo-
rithm; Figure S2). As in all cell-cell interaction analyses, cell
types have to be present in both cases and controls; thus,
merging fine-grained cell type annotations might be needed.
For diseases such as cancer, the malignant cell types should
be annotated to the cell type category of their healthy
counterparts.

In the first step of the algorithm, for each sample, we calculate
the interaction weight between each pair of cell types for each
ligand-receptor pair (LRP) from the database (Figure 1D Interac-
tion weight; Figure S2). Three thresholds are applied: a cell type
is considered as captured in a particular sample if there is a min-
imum number of cells in that cell type; this cell type is considered
to have a big enough active fraction if there are a minimum
number of cells in that cell type expressing a particular ligand
or receptor; a cell is considered as active if it reaches a minimum
expression level of the ligand or receptor. Every interaction gets
an ID constructed as sending cell type: ligand _ receiving cell
type: receptor. This step is repeated for all samples, which re-
sults in an interaction matrix with sample IDs in the columns
and interaction IDs in the rows (Figure 1D Interaction weight
matrix).

In the quality control (QC) step, the quality of the interactions is
evaluated to filter interactions that are either too weak or are not
present in a sufficient number of samples (Figure 1D Quality con-
trol). For this, we apply three filters: cumulative interaction weight
over all samples, fraction of samples in which an interaction is
present, and mean expression of the ligand and receptor per
cohort (see STAR Methods section).

In the final step of our analysis, we calculate differential inter-
actions between the case and the control samples (Figure 1D
Differential communication case vs. control). For each interac-
tion, we first calculate the log2 fold change between cases and
controls and the respective p value. To calculate the p value,
we use either the t test®” on the log2-transformed weight values,
recommended for smaller cohorts, or the Wilcoxon test®® on the
actual weight values, recommended for bigger cohorts. We cor-
rect for multiple testing using the FDR method.?* After this,
significantly differential interactions can be visualized and further
studied.

The output of community contains, most importantly, the inter-
action weight matrix and the interaction annotation matrix with
information on the individual components used for the weight
calculation, QC metrics, as well as statistics for differential
communication analysis. Community also implements intuitive
options for visualization, such as, for example, a volcano plot
of differential interactions, a heatmap of top up- and down-
regulated interactions, and forest plots for analysis of changes
in the individual components (Figure 1A). The versatile output
of community makes it possible to easily navigate from the
top-level analysis of global changes in cellular communication
between cases and controls, down to the detailed investigation
of individual interactions, allowing to identify the components
driving the change.
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Changes in communication in ulcerative colitis vs.
healthy colon

To demonstrate the capabilities of community, we applied it to a
previously published scRNAseq dataset of primary human ulcer-
ative colitis (UC) patients and healthy controls®® (Figure 2A;
Figures S3A-S3D). After filtering, the dataset contained 17 UC
and 11 healthy control samples, as well as 13 cell types
(Figure 2A; Figures S3A-S3D).

Using community, we identified 15,675 interactions that
passed quality control, with 2,612 being significantly upregu-
lated and 758 downregulated in UC (Figure 2B; Figure S3E). In
UC, as an inflammatory bowel disease, we expect to observe
overall increased levels of communication due to the influx of im-
mune cells and inflammatory cytokine production. Our analysis
revealed a predominance of non-immune cell types in upregu-
lated interactions, specifically stem and multipotent cells,
followed by goblet cells, vascular cells, enterocytes, and fibro-
blasts (Figure 2C; Figure S4A). Of those, for stem and multipotent
cells, goblet cells, and fibroblasts, the change in communication
was driven by an increase in active fraction and mean expres-
sion, whereas for enterocytes and vascular cells the shift was
additionally driven by a strong change in cell type abundance
(Figure S5). This is consistent with the vascularization of the in-
flamed tissue and the loss of enterocytes.”®?” Among immune
cell types, T-regs and mast cells showed the highest number
of upregulated interactions (Figure 2C). These were driven by
all three components (Figure S5), consistent with immune activa-
tion. For the rest of the immune cell types, changes in communi-
cation were not caused by cell type abundance, and only
infrequently driven by changes in active fraction or mean expres-
sion (Figure S5). Instead, the changes were driven by the inter-
acting counterparts of those cell types (Figure S5). Using both
more coarse-grained and more fine-grained cell type annota-
tions (3 or 43 cell types) allowed us to identify the same trend,
but with a number of new interactions that were only identified
in the fine annotation, showcasing how the user can select the
level of granularity (Supplemental Methods 2.2 and Figure S6).

Next, we explored individual ligands and receptors in the differ-
ential interactions (Figure 2D), identifying LDLR, CD44,ITGB1, and
EGFR, which are known to play critical roles in UC and other
related pathologies of the intestine by driving inflammation.?>'
Most of the top ligands and receptors were used by both non-im-
mune and immune compartments. Others, such as CD4 or KIT,
were immune compartment-specific (Figure 2D). We observed
that for different cell types, individual ligands and receptors can
contribute to the change in the interaction strength via different
components. For example, CD44 is used as a receptor by 11 cell
types (Figure S4B). lts contribution to the increased interactions
in regulatory T cells, mast cells, and B cells is driven solely by an
increased abundance of these cell types. In contrast, goblet cells,
macrophages, and stem and multipotent cells increased their
active fraction expressing CD44. For the other cell types, all three
components were predominantly stable, and the change in inter-
actions was driven by the sending counterpart cell types
(Figure S4B). These results illustrate how various shifts in commu-
nication are regulated, and that it is important to consider all as-
pects of cell-cell interaction to gain biologically relevant analysis.
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Figure 2. Communication in inflamed ulcerative colitis (UC) and healthy colon tissue

(A) UMAPs colored by health status (left image) and cell types (right image).

(B) Volcano plot of differential interactions with highlighted relevant interactions.
(C) Number of differential interactions per cell type. Asterisk indicates cell types with altered cell type abundance. Dashed line separates non-immune and

immune compartments.

(D) Ranking of most frequently occurring genes in significant interactions. The box plots in (E) and (F) represent the cell type abundance, active fraction, and mean

expression in the active fraction for relevant genes in the selected cell types.
(G) Co-expression of OSMR and IL6ST across all Fibroblasts.

(H) Dot plot of VEGFA expression in stem and multipoint cells and FLT7 and KDR expression in the vascular cells. The color represents mean gene expression for
a cell type per sample. Dot size represents the fraction of the respective cell type in the cell-specific compartment. Statistics were performed using t tests.

Significant findings (p-val. <0.05) are labeled with an asterisk.

As proof of concept, we explored the upregulated interac-
tion Myeloid:OSM_Fibroblasts:OSMR between myeloid cells
expressing Oncostatin M (OSM) and fibroblasts expressing
the Oncostatin M receptor (OSMR) (Figures 2B-2E and 2F,
p.adj = 0.044, log2FC = 4.798). This aligns with the findings
of the original publication, which have been confirmed with
confocal microscopy.?®> Community identified that the overall

increase in communication was driven by the expansion of
an OSMR-expressing subpopulation of fibroblasts, as the
fraction of fibroblasts expressing OSMR increased from 0%
(healthy) to 17% (UC) (Figure 2E). Numerous publications
show that OSMR activation is accompanied by a co-activation
of its heterodimeric counterpart ILBST.** To test if this is the
case, we compared co-expression levels of these two genes
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and observed a higher fraction of co-expression in fibroblasts
in UC compared to healthy controls (p.val = 0.006) (Figure 2G;
Figure S4C). Also, the community database marks the OSMR-
IL6ST pair as a complex, and the community captured the Fi-
broblasts:OSMR_Fibroblasts:IL6ST interaction as significantly
upregulated (p.adj = 0.049, log2FC = 4.747), which is likely a
consequence of the co-expression (Figures 2F and 2G;
Figure S4C).

Besides exploring overall changes in communication and
identifying components driving shifts in interactions already
described in the initial publication, we also discovered novel in-
teractions. Among them, we found the significantly upregulated
interactions between stem and multipotent cells:VEGFA_vascu-
lar:FLT1 and stem and multipotent cells:VEGFA_vascular:KDR
(Figure 2B). Community identified these interactions to be driven
by the increased active fraction and mean expression of VEGFA
in stem and multipotent cells, as well as the increased cell type
abundance of vascular cells (Figure 2H; Figure S4D). VEGFA is
a known driver of vascular growth and pathological angiogen-
esis, which is often overexpressed in response to inflammatory
hypoxia.”® Our analysis shows increased mean expression of
the PHD family (HRE complex members), which are upstream
of VEGFA, in the stem and multipotent cells in the UC cohort.
(Figure S4E).

These results showcase that community can be applied to
case-control datasets of inflammatory disease. It allows for the
identification of known interactions and enables the user to
gain a deeper understanding of shifts in interactions. It is also
capable of identifying complex interactions such as OSM-
OSMRY/IL6ST. Additionally, it can detect previously missed
interactions that provide insights into disease-specific commu-
nication patterns, which could aid in identifying novel therapeutic
targets.

Changes in communication in melanoma under immune
checkpoint inhibitor treatment

We next aimed to explore interactions within the immune tumor
niche under checkpoint inhibitor therapy. For this, we investi-
gated a human melanoma scRNAseq dataset consisting of 19
samples before therapy, of which 8 responded and 11 did not
respond, and 28 samples after therapy, of which 6 responded
and 22 did not respond (Figure 3A).%° In this publication, the
immune tumor environment was isolated (Figure 3A).

We performed two separate communication analyses: non-re-
sponders vs. responders before therapy, and non-responders vs.
responders after therapy. We ran community separately in these
two scenarios, and after filtering out interactions that did not pass
quality control, we identified 49,986 and 67,554 good-quality in-
teractions, and 375 and 5,438 differential interactions in each
comparison, respectively. In particular, we observed stronger dif-
ferences in communication between the non-responders and re-
sponders after therapy compared to those before therapy
(Figure 3B). Specifically, we observed significantly upregulated
signaling from the antigen-presenting cells toward exhausted
CD8 T cells via the following immunosuppressive pathways:
PD-L1/PD-L2 - PD-1, CD80/CD86 — CTLA-4, MHC-Il - LAG-3,
Galectin-9/Ceacam-1 - TIM3, CD155 — TIGIT (Figure 3B). The
exhausted CD8 T cells received this signaling predominantly
from macrophages, dendritic cells (DCs), activated regulatory
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T cells, memory CD8 T cells, as well as cycling T cells
(Figure 3C). Other cell types within the immune niche also showed
inhibitory signaling, yet to a lower level (Figure 3C). While re-
sponders showed active inhibitory signaling and PD-1 and
CTLA-4 pathway activation in the exhausted CD8 T cells before
therapy, this signal was abrogated after therapy (Figures 3C-
3E). This was not the case for the non-responders, where the level
of inhibition remained similar despite the therapy (Figures 3C-
3E). Interestingly, non-responders had intrinsically higher levels
of inhibition before therapy than the responders, which may
have promoted therapy failure (Figures 3C-3E).

These results show how community can be used not only to
study differences in communication between cases and con-
trols, but also between disease subtypes. In this case, applying
it to compare responder versus non-responder patients upon
checkpoint inhibitor therapy in melanoma, we point at an
increased communication using particular immunosuppressive
pathways, which could potentially be targets for chemical
modulation.

Changes in communication in AML vs. healthy bone
marrow

To assess the versatility of community, we also applied it to a
cancer case-control dataset, where, by nature, malignant cells
are not present in the healthy tissue. This published human
bone marrow (BM) scRNAseq dataset comprised 7 individuals
with acute myeloid leukemia (AML) at diagnosis and 6 healthy
controls.®* We defined 8 cell types: hematopoietic stem and pro-
genitor cells (HSPC), monocytes, granulocytes, dendritic cells
(DC), erythrocytes, B-cells, T-cells and natural killer cells (NK)
(Figure 4A; Figures S7A-S7D).

After running community and filtering out interactions that did
not pass quality control, we identified 22,645 good quality inter-
actions. First, to get a general impression of the communication
results, we grouped the interactions per cell type. To do that,
we aggregated the interaction weights of all communication
edges between every pair of cell types, and then summarized
them into three broad interaction categories: ‘“engaging
HSPC”, “among immune cell types*“, and “engaging erythro-
cytes” (Figure 4B). The engaging HSPC category included clas-
ses that had HSPC either as a sending or as a receiving cell
type, or both. The category “among immune cell types “ included
classes where both sending and receiving cell types were im-
mune cells. The “engaging erythrocytes” category had erythro-
cytes either as a sending or as a receiving cell type or both. In
the healthy cohort, we observed that the class of interactions in
the “among immune cell types” category had higher average
weights compared to the AML, whereas classes engaging
HSPC or erythrocytes tended to have lower weights. In the
AML cohort instead, we observed a drop in the average weights
ofimmune interactions, indicating less immune-driven communi-
cation in these patients (Figure 4B). In AML, the HSPC-engaging
classes had higher interaction weights compared to the healthy
control (Figure 4B). These results align with known biology, as
the immune compartment is most represented in healthy BM;
therefore, we expect it to contribute most to the overall commu-
nication in the tissue. In AML, though, due to the differentiation
block®* and immune suppression,®® we expect to observe
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Figure 3. Communication in melanoma under immune checkpoint inhibitor treatment

(A) UMAPs colored by treatment timepoints and therapy response (left image) and cell types (right image).

(B) Volcano plot of differential interactions with highlighted inhibitory interactions.

(C) Network plots for the inhibitory interactions from the immune niche toward the exhausted CD8 T cells per cohort. Color represents individual inhibitory
pathways. Edge width represents the mean weight of the interactions belonging to a particular inhibitory signaling between a sending cell type and the exhausted

CD8T cells.
(D) Scores for PD1 activation signatures in the exhausted CD8 T cells.
(E) Scores for CTLA4 activation signatures in the exhausted CD8 T cells.

silencing of the immune-driven communication. Additionally, due
to the expansion of the blasts and their reported suppressive
interaction activity toward other compartments, we expect to
observe increased interactions engaging HSPCs in AML.

We next proceeded to the differential communication analysis.
We identified 2,664 differential interactions, 109 upregulated in
AML and 2,555 downregulated (Figure 4C). The majority of the
downregulated interactions involved interactions of immune
cell types among each other, while the upregulated interactions
predominantly involved interactions between HSPCs and im-
mune cell types (Figure 4D). Like many cancers, leukemic cells
avoid immune destruction as a cancer hallmark by impairing
immune response due to several mechanisms (e.g., T-cell
exhaustion and HLA loss); therefore, it was to be expected to
see an overall decrease in communication, especially involving

immune cells.*®*” To further study mechanisms of decreased
immune communication, we checked which components are
most prominent in each cell type. In this dataset, DCs most
frequently showed a drop in all three components: cell
type abundance, active fraction, and the mean expression
(Figure S8). HSPC and erythrocyte precursors showed upregu-
lated cell type abundance and downregulated active fraction,
while B-cells, monocytes, and granulocytes showed changes
in active fraction and occasionally in mean expression. The
T- and NK-cells showed only occasional changes in active
fraction and mean expression (Figure S8). Among the top
downregulated interactions, we found those engaging mono-
cytes expressing TNFSF14, NRG1, HP, TNFRSF14, and SI-
GLEC?7, predominantly driven by the reduction in the active frac-
tion of these genes in the monocytes. (Figures 4E and 4F;
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Figure 4. Communication in healthy and AML bone marrow

(A) UMAP of the human bone marrow scRNAseq dataset colored by health condition (left image) and cell type (right image).
(B) Good-quality interaction groups by cell type for healthy (left image) and AML (right image) cohorts.

(C) Volcano plot of differential interactions (AML vs. healthy).

(D) Network graph of differential interactions in the healthy (left image) and AML (right image) cohorts. Edge width represents the mean weight of all differential
interactions between the two connected cell types; (E) heatmap of top up-and downregulated interactions.

(F) Stacked-violin plots of the ligands engaged in the top downregulated interactions of panel (E).

(G) Stacked-violin plot of the receptor engaged in the top upregulated interactions of panel (E).

Figure S7F). These genes are immune-activating, and loss of
monocytes expressing these genes is an indication of an immu-
nosuppressive milieu within the leukemic bone marrow.**2
Similar results were obtained through more focused analysis
on tumor immune interaction (Figure S9). Our communication
results therefore point to reduced communication within the
immune compartment, potentially as a consequence of the im-
mune suppression caused by the tumor.

The top upregulated interactions included interactions between
PDE1B-positive HSPC and three cell types: B-cells, T-cells,
and monocytes, all expressing the calmodulin gene family
(CALM1-3). PDE1B positive HSPC have been characterized as
leukemia initiating cell populations.*® Although calmodulin expres-
sion was unchanged in the immune cells, the change in communi-
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cation was driven by the increase in all three components of HSPC:
the cell type abundance, the active fraction of HSPC expressing
PDE1B, as well as the mean expression level of PDE1B within
the active fraction (Figures 4E and 4G; Figure S7F).

To independently reproduce our results on a different data-
set, we applied the same analysis to an integrated AML and
healthy dataset with a higher number of samples***°
(Figures S10A-S10E). This cohort consisted of 9 AML and
26 healthy samples, with 6 broad cell types (HSPCs, mono-
cytes, erythrocytes, B-cells, T-cells, and DCs). Again, we
found more downregulated than upregulated interactions in
AML, and the downregulated interactions included interac-
tions among the immune cells themselves, whereas the
upregulated interactions included interactions with HSPCs
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Figure 5. Interplay of individual components shapes the resulting communication shift
(A) Six types of changes in communication, driven by the interplay of the individual components.

(B) Forest plot representation to visualize driving components in Lasry et al. interactions that fall into the category of simple decrease. The y axis represents
interactions; the x axis represents the log2 fold change of the following parameters: the interaction weight, the three components (cell type abundance, active

(legend continued on next page)
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(Figures S10F-S10H). Using only the shared cell types be-
tween the two datasets, we compared the overlap between
the interactions in the immune compartment and found
345 mutually differential interactions (Figure S11A). The mutu-
ally downregulated interactions among immune cell types
showed a reduction of immune-activating signals in the
bone marrow, specifically driven by the drop in monocytes ex-
pressing NRG1 and HP (Figure S11B).

In summary, using community, we show that in AML there is a
general downregulation of communication within the immune
compartment, indicating immunosuppression, whereas the
HSPC compartment containing the tumor cells shows upregula-
tion of communication.

Interplay of the individual components during
communication change

Community interaction strength calculation is purposely built in
a modular manner to allow the exploration of the mode of ac-
tion that leads to a communication change. Namely, for each
interaction, community considers three components: the cell
type abundance of the sending and the receiving cell types
(»s, pR), the active fraction of the sending and the receiving
cell types for the specific ligand and receptor (or adhesion
molecule pair) (¢'s, ¢'s), and the expression level of the sending
and the receiving cell types for the ligand and the receptor pair
in the active cells (alternatively, the adhesion molecule pair) (z's,
7'r). For any given interaction, there are several possible sce-
narios which can lead to differential communication between
cases and controls, which can easily be disentangled with
community (Figure 5A; Figure S12). First, there is a scenario
with no change in any of the six components, in which case
we speak of a stable interaction. Second, only one of the six
components can change (decrease or increase). If strong
enough, this change can lead to a statistically significant
change of the whole interaction weight, which we address as
a simple decrease or increase. Third, several of the six compo-
nents can change. This change can either be concordant or
discordant. In concordant changes, all affected components
change in the same direction. Here, if the combined change
is strong enough, it can also lead to a significant change in
the overall interaction strength. Alternatively, the change in
the several components can be discordant, i.e., the compo-
nents change in opposite directions. In this case we can speak
of a compensation scenario. If the overall interaction strength
changes significantly, we can interpret it as an insufficient
compensation. If the overall interaction strength stays stable,
we can regard it as a sufficient compensation (Figure 5A;
Figure S12). For both insufficient and sufficient compensation,
if the changes are happening only within the sending or only
within the receiving population, we speak of self-compensa-
tion. If the changes are happening in both the sending and
the receiving population, we speak of peer-compensation.

iScience

We analyzed the behavior of the individual components in the
AML-healthy dataset®* and found cases for all categories
described above (Figure 5B; Figure S12). In the dataset, 3,405
interactions were unchanged (Figure S12). Furthermore, 517 in-
teractions were driven by a change in only one component, as in
the case of T:CALM1_Gran:HMMR, where the change was
driven by the drop in the active fraction of the receiver
(Figures 5B and 5C; Figure S12). We observed a concordant
change in 1,139 interactions, such as in T:CALM1_HSPC:PDE1B
driven by the increase of all three components of the receiver
(Figure S12). Further, 695 interactions showed discordant
changes in the individual components, leading to insufficient
compensation, as in the case of HSPC:FBN1_T:ITGB1, where,
despite the increased cell type abundance of the HSPC, the
drop in their active fraction expressing FBN1 led to a decrease
in the intensity of this interaction (Figure S12). Then, very inter-
estingly, we could identify 1,570 instances of compensated in-
teractions. For example, in the interaction HSPC:CD34_T:SELL,
there was an increase in the cell type abundance of the HSPC
and a decrease in the active fraction of the HSPC expressing
CD34, as well as the active fraction of the T cells expressing
SELL. The overall communication in this interaction was not
significantly affected due to the peer-compensation (Figures
5D and 5E; Figure S12).

The ability to distinguish between the situation of true stable
communication and the sufficiently compensated communica-
tion is an important and unique feature of community. Compen-
sated interactions can, for example, be detectable alterations
observed in the early stages of a disease, which can potentially
become decompensated during disease progression.

Method comparison

We compared community to four cell-cell communication tools:
CellPhoneDB®“® (v3.1.0), MultiNicheNet®*” (v2.2), CellChat'®*®
(v2.2) and scSeqCommbDiff (v2.0).°° Although initially
CellPhoneDB, NicheNet, and CellChat were developed to study
static communication in a sample, they have incorporated new
pipelines for differential communication analysis across condi-
tions or samples. However, their approach to identify differential
signals differ (Table S2). CellPhoneDB relies on user-provided
differential gene expression (DE) results from tools such as
Seurat (v4.3.0),"° to only consider ligand-receptor pairs that
are differentially expressed between conditions/samples. In
contrast, MultiNicheNet integrates muscat® for sample-level
pseudo-bulk DE analysis between cohorts (e.g., case vs. con-
trol), focusing on DE target genes of ligands in receiver cells to
prioritize differential ligand-receptor interactions, which miti-
gates limitations of cell-level methods (e.g., bias toward samples
with more cells of a given cluster). Meanwhile, CellChat uses an
internal Wilcoxon test to detect over-expressed ligand receptors
(not case vs. control, but per gene) within each sample via one-
vs-all DE per cluster (cell type), highlighting globally prevalent

fraction, and expression level) for the sender, and also for the receiver. The length of the line is equivalent to the value of the log2 fold change, and the color
indicates whether the log2 fold change is above the threshold (black) or below (gray), also indicated by the legends at the bottom.

(C) An example interaction from this category (T:CALM1_Gran:HMMR) represented as boxplots with the values for the individual components.

(D and E) The forest plot for the category sufficient compensation (D) and an example interaction (HSPC:CD34_T:SELL) from this category represented as

boxplots with the values for the individual components (E).
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Figure 6. Comparison to existing pipelines
(A) Pipeline to compare the ligand-receptor databases of community, CellPhoneDB, MultiNicheNet and CellChat.
(B) Comparison of the number of ligand-receptor pairs in the curated databases of community, CellPhoneDB, MultiNicheNet, and CellChat.

(legend continued on next page)
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interactions across samples via manifold learning and visualiza-
tion without direct integration of external DE tools such as
Seurat/muscat. ScSeqCommDiff calculates a reliability score
for each gene by comparing the observed expression against a
background null distribution approximated using the Central
Limit Theorem. This approach assigns higher scores to genes
that stand out significantly compared to this background noise.
The method assigns a communication intensity score defined
by the minimum value between the ligand and receptor scores,
assuming the interaction strength is constrained by its limiting
component. These scores are calculated independently for
each sample, following differential communication analysis
across conditions via Wilcoxon rank-sum tests and log-fold
change estimation. These variations impact the resolution, gran-
ularity, and robustness of differential insights, as detailed in
Table S2. For instance, only community and scSeqCommDiff
(v2.0) perform explicit condition-aware DE directly at the
communication interaction intensity, without relying on differen-
tially expressed genes. However, scSeqCommbDiff yielded no
significant interactions when tested on our dataset. A similar
lack of significant results was observed when applied to the
reference dataset provided by the developers (as noted in
Table S2), we therefore did not consider the comparison to
scSeqCommDiff any further.

To assess the performance of the tools, we first compared
the ligand-receptor pair databases that each of them provides.
We unified the database formats by splitting complexes into in-
dividual components (see STAR Methods) and enforced the
directionality of ligand-receptor pairs, with ligand being the first
component of the pair and receptor being the second
(Figure 6A). Both community and MultiNicheNet included two
levels of confidence: curated, that is cited in the literature, or
predicted, that is suggested by protein-protein interaction
databases. CellPhoneDB and CellChat only included curated
pairs. We compared the full-mode databases, i.e., curated
and predicted together, as well as the curated-only mode. We
performed the comparison on genes, as well as on pairs. Com-
munity showed the highest number of genes in both curated-
only and full modes, as well as the highest number of pairs in
curated-only mode. MultiNicheNet showed the highest number
of pairs in the full mode, this large number was driven by the

iScience

predicted pairs. Community shows the second highest number
of pairs in the full mode (Figure 6B; Figure S13).

We next compared the differential communication results of
community to the Seurat-based application of CellPhoneDB,
MultiNicheNet, and CellChat using the Lasry et al. dataset®
(Figure 4A). To ensure that the differences in the results are
driven by the algorithm behavior and not by the differences in
the original ligand-receptor databases, we used the community
database for all tools, which we converted to the tool-specific
formats (Figure 6C). As customizing the database, e.g., adding
new ligand-receptor pairs, might be important for some studies,
we measured the time and memory consumption of this step for
CellPhoneDB and MultiNicheNet, using their provided pipelines.
The running time and the memory consumption for custom
database construction took 2 min and 250 MB of memory for
CellPhoneDB, and 5 h and 9 GB of memory for CellPhoneDB
and MultiNicheNet (Figure 6D). In contrast, community and
CellChat do not require a database to be built; instead, they
require a simple dataframe with specific columns.

CellChat, CellPhoneDB and MultiNicheNet primarily infer dif-
ferential communication from individual gene expression levels
averaged within cell types, applying thresholds on pooled data
from all samples, without per-sample filtering. For example, a
default threshold in the three methods is >10% “active” cells
(i.e., expressing the gene) per cell type, even if the gene is ex-
pressed by cells that only belong to one sample. As a result,
an interaction can sometimes pass the filters even if expression
changes come from cells belonging to a single sample. In
contrast, community requires that an interaction be observed
in multiple samples and filters out under-represented calls
(Figure 6F). Because of that, the number of interactions dis-
covered by CellChat, CellPhoneDB and MultiNicheNet is sub-
stantially higher than that discovered by community (6.422,
5.732 and 14.104 compared to 735, respectively) (Figure 6E).
As shown in Figure 6F, community only retains interactions
that were found in at least five healthy or AML samples, whereas
CellPhoneDB, MultiNicheNet and CellChat captured many inter-
actions that were present even in just one sample. When we
removed these under-represented interactions, CellPhoneDB,
MultiNicheNet and CellChat showed only 2,941, 9,429 and
3,700 differential interactions, respectively (Figure S13D).

(C) Pipeline to compare the communication results of community, CellPhoneDB, MultiNicheNet, and CellChat.

(D) Real memory and elapsed time comparison.
(E) Differential interactions.

(F) Differential interactions identified by community, CellPhoneDB, MultiNicheNet, and CellChat show in how many healthy or AML samples an interaction was
found (each dot is an interaction).

(G) Log2FC variations per component for differential interactions identified as significant by other tools and classified as “compensated” by community, following
the removal of under-represented interactions.

(H) An example interaction identified as significant by other tools (after removal of under-represented interactions), despite displaying heterogeneous variability.
Per-sample expression values are displayed as boxplots for ligand and receptor, demonstrating substantial intra-group variability within the AML cohort.

() Community-based classification of significant interactions detected by CellChat, CellPhoneDB, and MultiNicheNet. The stacked bars show the proportion of
interactions labeled as heterogeneous, compensated, or differential after filtering out under-represented interactions.

(J) An example of an interaction (Mono:HMGB1 to T:CXCR4) exhibiting a stabilizing compensatory effect via cell type abundance. Left images show expression
levels of HMGB1 and CXCR4 in monocytes and T cells, respectively. Right images show cell type abundance of monocytes and T cells in healthy and AML
samples.

(K) Mono:HMGBT1 to T:CXCR4 interaction when regarding the two monocytic AML cases as separate subtypes. Left images show expression levels of HMGB1
and CXCR4 in monocytes and T cells, respectively. Right images show cell type abundance of monocytes and T cells in healthy and AML, split by subtype. For j, k
p values were calculated using Wilcoxon testing. Bonferroni correction was used for adjusted p-values.
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Critically, passing sample-level QC does not imply differential
change between cohorts. Community tests interaction intensity
per sample using a composite score (weights, see sections
theoretical basis and STAR Methods) and then compares
these scores across cohorts. This design resolves two failure
modes. First, compensated interactions: opposing shifts in
cellular composition or active fraction do offset expression
changes, producing small overall log,FC values despite large
changes in individual components (Figures 5D, 5E, and 6G).
Second, heterogeneous calls, where the [log2FC(w)|>1 in the
aggregated datasets, but there is high across-sample variance
which renders the differences non-significant (e.g., p.value
>0.05), indicating outlier-driven patterns. This trend is exempli-
fied by the Erythrocytes expressing ADAM10 and T cells ex-
pressing CD44 interaction (Figure 6H), where expression levels
differ between cohorts but vary widely within the AML group
for the cells expressing the ligand ADAM10 in Erythrocytes.
The large log2FC arises from a small subset of AML samples
showing elevated expression, a skew that drives other tools to
identify this interaction as significant, while distributions be-
tween cohorts overlap strongly. By evaluating composite scores
per sample, community remains robust to both compensation
and outlier-driven artifacts, while other methods output them
as significant interactions (Figure 6l).

Both phenomena can co-occur within the same interaction,
where one cohort displays outlier-driven expansion of a sender
gene while another shows compensatory loss of the corre-
sponding receiver. This dual pattern is illustrated between the
monocytes expressing HMGB1 and the T-cells expressing
CXCR4. HMGBH1, together with CXCL12, has been shown to
facilitate CXCR4-mediated recruitment of immune cells.”’
Because CellPhoneDB, CellChat, and MultiNicheNet rely on
mean gene expression within a cell type at pseudobulk level
and disregard abundance changes, they fail to capture the
compensation between sender and receiver fractions. In this
case, HMGB1 expression in monocytes remained stable,
whereas CXCR4 expression in T-cells increased significantly in
the AML cohort (Figure 6J). Expression-based tools therefore
predicted this interaction as upregulated (Table S3). However,
community analysis revealed that the apparent upregulation is
confounded by heterogeneity in cell-type composition
(Figure 6J). Two AML samples of monocytic origin (AML-0024
and AML-0160) (Figure S7C) showed markedly expanded mono-
cyte fractions but a depletion of T-cells, leading to inflated
sender signal but reduced receiver availability. Conversely,
in non-monocytic AML cases, monocytes decreased while
T-cells were partially increased, resulting in the opposite
compensatory trend (Figure 6K). As a result, the overall interac-
tion weight remained stable across the cohort. Community thus
correctly identified this interaction as unchanged, capturing the
balance between outlier-driven and compensatory effects that
expression-based approaches overlook.

While community and CellChat assign the differential interac-
tions to up- or downregulated, CellPhoneDB and MultiNicheNet
do not provide information on the directionality. To further
compare the consistency of the results, we assigned the interac-
tions of CellPhoneDB and MultiNicheNet as up- or downregu-
lated if either one or both genes within the ligand-receptor pair
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were differentially up- or downregulated, respectively. In cases
where both partners were differentially expressed, but in discor-
dant directions, the interaction was assigned to the class
“ambiguous”. MultiNicheNet also identified some interactions
as differential where neither the ligand nor the receptor were
among differentially expressed genes. These interactions were
also assigned as “ambiguous”. All four algorithms showed
concordance in the assignment of direction for all overlapping
interactions (Figure S13E).

Finally, we tested the resource usage for the four tools using all
three datasets: the UC vs. healthy from Smillie et al.,** and the
two AML vs. healthy datasets from Lasry et al.,** and the
integrated one from van Galen et al.** and Oetjen et al.** We
subsetted each into differing numbers of samples (n = 2 to
n = 40) and measured the elapsed time, as well as peak VRAM
usage. Community performed as the fastest algorithm in all
testing conditions, and it had the best scalability with the in-
crease in the number of samples. Community was also the
most memory-efficient tool for the biggest dataset (Figure 6D;
Figures S14A-S14D).

DISCUSSION

Community is a fast and robust R package for differential
communication analysis in large scRNAseq case-control
studies. Community explores information on three different as-
pects of the dataset: the shrinkage or expansion of individual
cell types (cell type abundance), the alteration in their active frac-
tion, and the gene expression level. The overall change in
communication for a particular pair of cell types using a partic-
ular ligand-receptor pair depends on the interplay of these com-
ponents. Due to this feature, community can easily track back
which components influenced the communication shift most,
and by this gain a better understanding of the underlying biolog-
ical processes.

Due to this detailed component analysis, community is able to
distinguish between truly unchanged interactions, where none of
the components changed, and compensated interactions,
where components change in opposite directions compensating
each other and keeping the overall communication intensity
stable. These communication-stabilizing effects may play a
particularly important role in the early stages of diseases where
tissue homeostasis can be restored and preserved by such
mechanisms.’

The ability to detect compensated interactions is a completely
novel feature that community offers. One of the key information
that community uses in this case is the cell type abundance.
Most conventional techniques omit this information, focusing
only on the expression level of ligands and receptors within cell
types. This causes a misleading assignment of differential inter-
actions in cases of compensated communication. For example,
if a sending cell type keeps the ligand expression at a stable level
but becomes more abundant, it will result in an increased overall
availability of a ligand in the tissue. The receiver cell type may
sense this due to the overstimulation of the receptor-associated
downstream pathway and activate a feedback mechanism to
decrease the level of the receptor and bring the pathway activity
back to the physiological level. The interaction between the
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sender and the receiver will thus be compensated. In this case, it
is crucial to regard the information about the sender cell type
abundance increase together with the decrease in receptor
expression by the receiver, because otherwise the interaction
will be identified as downregulated, instead of compensated.
This information may be crucial in studies focused on identifying
novel disease targets, since disrupting a mechanism that is
compensatory may lead to worsening of the disease.

Community is able to detect changes in the active fractions of
cell types. This property is especially advantageous in cases
where the fraction of cells within a cell type expressing a ligand
or receptor is very small. The tools that rely on the differential
expression analysis of the ligands and receptors may miss these
interactions. This is because the DEG analysis pipeline may not
detect these genes, as they are dominated by a large pool of
non-expressing cells. For example, in UC, an interaction be-
tween the inflammatory monocytes expressing OSM and inflam-
matory fibroblasts expressing OSMR has been described.****
Being specific to a very small subtype of the monocytes and fi-
broblasts, these genes do not appear among the DEG and
thus would be missed by DEG-based techniques. Yet the com-
munity was able to correctly identify this interaction as signifi-
cantly upregulated.

The information on changes in expression levels within the
active fraction of cells serves as an indication of potential shifts
in the pathways upstream of the expressed ligands or receptors.
This may be due to altered chromatin accessibility, transcription
factor activity, or post-transcriptional modifications. Community
makes it easy to screen for these interactions, providing a list of
candidates for further analyses with orthogonal techniques.

Community provides a large database of curated and pre-
dicted ligand-receptor interactions and adhesion molecules. In
contrast to other tools, community keeps the information about
complex molecules in the database yet splits them for the calcu-
lation of the individual interaction. The tools that keep the
composition of a complex fixed most often calculate the average
expression over the complex components. If an interaction
decreased or increased in disease, with this strategy it requires
additional analysis to track back whether this change affected
all components of a complex or just some of them. In contrast,
with community keeping track of each component of the com-
plex separately, it is easy to reconstruct the driving changes,
as we show with the example of the Myeloid:OSM_Fibroblast-
s:OSMR-IL6ST interaction in the Smillie et al. dataset. Another
phenomenon is that the composition of the complex may alter
in disease compared to healthy®**> or among different cell
types.®>*% In this case, if by chance the average expression
value of this complex stays similar, this compositional change
will be missed by conventional methods, but captured by
community.

Another strength of community is its robustness against outlier
samples. Especially when dealing with human data, heterogene-
ity, and individual-specific signatures are frequently encoun-
tered issues, both due to sample preparation and interindividual
differences. The conventional pipelines for DEG analysis in
scRNAseq with several samples in cases and controls, such as
Seurat® or scanpy,”” do not distinguish between cells coming
from different samples and are thus sensitive to outlier samples.
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As a consequence, the communication analysis techniques
discover putatively differential communication signatures that
are driven by these outlier samples. In contrast, community
does not merge all the cells from a cohort into one pool, but
rather reconstructs communication in each sample separately.
This makes it easy to discard outlier sample-driven interactions
during the QC and differential communication analysis step, to
robustly identify communication changes that are generally
driven by the disease.

We compared community performance against the most pop-
ular tools in the field, such as CellPhoneDB,® MultiNicheNet,**"
scSeqCommDiff,”° and CellChat.'® Community brings unique
features by adding cell type abundance as one of the factors
influencing cell-cell communication in the tissue, enabling the
distinction between truly unchanged and compensated interac-
tions, and is highly robust against outlier samples. It has the
largest curated database of ligands, receptors, and adhesion
molecules, which can be easily amended by the user. Commu-
nity showed superiority in speed, scalability, and memory effi-
ciency for large datasets. Other emerging tools with a cohort-
based approach include DIALOGUE,*® Tensor-cell2cell,>®
sclTD,®® and MOFAcell.°" DIALOGUE uses penalized matrix
decomposition to infer multicellular programs, which corre-
sponds to higher-order coordinated expression programs in
different cell types. Tensor-cell2cell, scITD, and MOFAcell rely
on factor analysis of co-varying expression patterns, reducing
cell-cell communication into sets of factors or loadings, which
can be difficult to interpret per ligand-receptor interaction. In
contrast to community, these methods do not provide an option
to distinguish truly unchanged interactions from the compen-
sated ones. The component-based approach of community
overcomes these hurdles, ensuring robust and interpretable dif-
ferential communication analysis.

Collectively, community is a user-friendly and scalable R tool
and an interactive web server to run differential communication
analysis in scRNAseqg-based case-control type of analyses.
Community produces robust cell-cell interaction analysis,
providing information on potential biological processes underly-
ing the changes in communication in disease, such as expansion
or shrinkage of certain cell types, the active fraction producing
the ligand or the receptor, and their expression levels within
the active cells. Community is fast, memory efficient and scal-
able, and provides intuitive visualization. In summary, commu-
nity is a tool for analyzing large datasets and better understand-
ing cell-cell communication processes in health and disease.

Limitations of the study

Community requires pre-processed scRNAseq data with cell
types annotated, and cell types must be present in both
case and control cohorts. In cancer datasets, malignant cells
must be mapped to the corresponding healthy cell type
categories. The results therefore depend on the quality of pre-
processing, cell type annotation, and the level of cell type
granularity chosen by the user. The analysis also depends
on multiple thresholds such as cell type size, active cells,
expression, quality control, log2FC, and FDR, and, as noted
in the manuscript, small cohorts may require t tests that can
produce false positive results needing downstream validation.
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community infers communication from cell-type abundance,
active fraction of signaling cells, and expression levels within
those cells; thus, candidate interactions and inferred driving
components should be interpreted as computational signals
for follow-up analysis or orthogonal validation. Finally, this
study was not powered to assess sex-based differences in
the results because it is based on secondary analyses of het-
erogeneous publicly available datasets. Consequently, poten-
tial sex-specific effects on cell-cell communication were not
evaluated and remain a limitation of the present study.

RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and will
be fulfilled by the lead contact, Maria Colomé-Tatché (maria.colome@bmc.
med.Imu.de).

Materials availability
This study did not generate new unique reagents.

Data and code availability

@ Data: Processed healthy and AML bone marrow datasets have been
deposited at Zenodo and are publicly available under accession
numbers Zenodo: 7962808 and Zenodo: 10013368. The processed ul-
cerative colitis and healthy colon dataset is publicly available at Zenodo
under accession number Zenodo: 10013294. The publicly available da-
tasets analyzed in this study are accessible through the following
accession numbers: SCP259 for the ulcerative colitis and healthy colon
dataset, GEO: GSE120575 for the melanoma immune checkpoint inhib-
itor dataset, GEO: GSE185381 and GEO: GSE116256 for the healthy
and AML bone marrow datasets, and GEO: GSE120221 for the healthy
bone marrow dataset. These accession numbers are also listed in the
key resources table.

® Code: The community R package and accompanying tutorials are pub-
licly available on GitHub at SoloveyMaria/community. The data-prepro-
cessing pipelines and scripts used to generate the figures are available
at colomemaria/community-paper. The source code for the interactive
web-based application is available at macelik/community_rshiny. Links
to these repositories are provided in the key resources table.

® Any additional information required to reproduce or reanalyze the re-
sults reported in this paper is available from the lead contact upon
request.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER
Deposited data

Processed healthy and AML bone marrow dataset This paper Zenodo: 7962808
Processed integrated healthy and AML bone marrow This paper Zenodo: 10013368
dataset

Processed ulcerative colitis and healthy colon dataset This paper Zenodo: 10013294

Ulcerative colitis and healthy colon scRNAseq dataset

Melanoma immune checkpoint inhibitor
scRNAseq dataset

Healthy and AML bone marrow scRNAseq dataset
Healthy and AML bone marrow scRNAseq dataset
Healthy bone marrow scRNAseq dataset

Smillie et al.”*; Broad DUOS
controlled-access repository
Sade-Feldman et al.*%;
ImmuCAN scDB

Lasry et al.**

van Galen et al.**

Oetjen et al.*®

SCP259

https://immucanscdb.vital-it.ch/api/scrnaseq/
MEL_IMM_SS2_GSE120575/h5ad

GSE185381
GSE116256
GSE120221

Software and algorithms

community package and tutorials
Data preprocessing pipelines and all the figures
Interactive web-based application
R (v4.3.3)

Shiny (v1.8.0)

MyGene (v1.38.0)

scran (v1.26.2; v1.30.2)

scGen (v2.1.0)

scanpy (v1.11.0)

CellPhoneDB (v3.1.0)
MultiNicheNet (v2.1.0)

NicheNet (v2.2.1)

CellChat (v2.2)

scSeqCommbDiff (v2.0)

miIrMBO (v1.1.5.1)

Seurat (v4.3.0)

OmnipathR(v.3.10)

Seurat (v4.3)

psrecord (v1.3)

This paper
This paper
This paper

R Foundation
Posit/RStudio
Mark et al.®
Lun et al.®®
Lotfollahi et al.®*
Wolf et al.®”
Efremova et al.®
Browaeys et al.>*’
Browaeys et al.”*’
Jin et al.'®*®
Cesaro et al.”®

Bischl et al.®®

Hao et al.*®
Turei et al.”’
Hao et al.*®

psrecord

https://github.com/SoloveyMaria/community
https://github.com/colomemaria/community-paper
https://github.com/macelik/community_rshiny
https://www.r-project.org/
https://shiny.posit.co/
https://bioconductor.org/packages/mygene/
https://bioconductor.org/packages/scran/
https://github.com/theislab/scgen
https://scanpy.readthedocs.io/
https://github.com/ventolab/CellphoneDB
https://github.com/saeyslab/multinichenetr
https://github.com/saeyslab/nichenetr
https://github.com/jinworks/CellChat
https://gitlab.com/sysbiobig/scseqcomm
https://cran.r-project.org/package=mirMBO
https://satijalab.org/seurat/
https://bioconductor.org/packages/OmnipathR
https://satijalab.org/seurat/
https://github.com/astrofrog/psrecord

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human single-cell RNA sequencing datasets

This study is a computational methods study based exclusively on previously published human single-cell RNA sequencing
(scRNA-seq) datasets. No new human participants were recruited, no biological specimens were collected, and no experimental
procedures were performed as part of this work. The analyzed datasets comprise publicly available cohorts of patients with ulcer-
ative colitis, melanoma undergoing immune checkpoint inhibitor therapy, and acute myeloid leukemia (AML), together with their
respective healthy control cohorts, as described in the original publications and listed in the key resources table. Sample sizes
included 17 ulcerative colitis and 11 healthy control samples, 47 melanoma samples (19 pre-treatment and 28 post-treatment),
and two independent AML cohorts comprising 7 AML and 6 healthy bone marrow samples, and 9 AML and 26 healthy bone marrow

samples, respectively.

Sex, age, and other participant metadata were obtained from the original studies whenever available. This study was not powered
to assess sex-based differences in the results, and this has been noted as a limitation.
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METHOD DETAILS

Community database

To construct community database, two datasets from OmniPath®' were used: “ligrec extra”, containing ligand-receptor interactions
without literature reference (total of 8350 interactions as of February 2024), “curated ligand-receptor interactions” (total of 5141
interactions as of February 2023). Both binary and complex interactions within the “ligrec extra” and “curated ligand-receptor
interactions” datasets were considered. Complex interactions were broken down into binary interaction as follows. First, a complex
interaction is broken down into all possible binary pairwise combinations. Next, these pairs were checked against the protein-protein
interaction (PPI) network of OmniPath to ensure that the identified binary interactions are supported by existing PPl data. A gene was
categorized as a true ligand or receptor, if it was classified as such by at least two resources. Genes that did not fall in the ligand or a
receptor category were classified as adhesion molecules. The default order of genes in a ligand-receptor pair was set such that the
ligand is first and the receptor is the second. If a ligand-receptor interaction was found in a swapped position, we correct the order
accordingly. For adhesion molecule interactions, the consensus directionality among the resources was checked in “ligrec extra”
and “curated ligand-receptor interactions”. In case of consensus agreement, the consensus directionality was retained (“consen-
sus_direction” value of 1), otherwise, the directionality followed lexicographical order (“consensus_direction” value of 0). Addition-
ally, functional annotation for each gene was also added to the dataframe using the MyGene library (v1.38.0),°” providing users with
additional information. The final database included 6941 pairs.

Interaction weight formula

A weight of an interaction is calculated for a particular sample and a particular ligand-receptor (or adhesion molecule) pair between
two cell types. The weight o of an interaction for a sample i between the sending cell type S expressing a ligand / of a pair k and a
receiving cell type R expressing a receptor r from the pair k is calculated as:

I,r / )

o (g = 08 o) x (ol x 03 ) x (b 75

where ps; and pg; are the relative cell type abundance of the sending cell type (ps) and the receiving cell type (pg); ¢*sj and ¢™x; are

relative active fraction of the ligand in the sending cell type and the receptor in the receiving cell type; ;zj"s, and n’kR,- are relative mean

expression of the ligand in the active fraction of the sending cell type and the receptor in the active fraction of the receiving cell type.
See supplemental methods for details.

Recommendations on study design and data preprocessing

Recommendations on the minimal sample size and analysis of the robustness of the results upon downsampling of the number of
case-control samples or expression values are highlighted in the Supplemental Methods 2.1. Analyses and the recommendations
on the effect of cell type granularity in case of hierarchical cell type structure® are elucidated in Supplemental Methods 2.2.

Community pipeline

To calculate communication, three thresholds were set: threshold_celltype_size, threshold_nr_active_cells, and threshold_expr. The
threshold_celltype_size is a threshold for the minimum number of cells in a cell type in one sample. If the number of cells in the cell
type of interest in a particular sample is less or equal to the threshold_celltype_size, this cell type is considered missing in this sample.
The threshold_nr_active_cells is a threshold for the minimum number of active cells in a cell type in one sample. An active cell is
defined as a cell expressing a gene over the threshold_expr (see below). If the number of active cells for a specific gene in a cell
type in one sample is smaller or equal to the threshold_nr_active_cells, then the active fraction of this cell type for this gene in this
sample is considered to be zero. The threshold_expr is a threshold for an expression value of a gene in a single cell. If an expression
value of a gene in a cell is greater than threshold_expr, this cell is considered active. Otherwise, the expression of this gene in this cell
is set to zero and the cell is considered inactive for this gene.

For the quality check, the following filters are used: the cumulative interaction weight filter, the presence per cohort filter and
the ligand/receptor expression filter. An interaction is considered of good quality, if it passes all three filters. The cumulative interac-
tion weight filter checks the log10 cumulative weight over all samples computed for each interaction and removes the low weight
interactions. To pass this filter, the interaction needs to be greater than the threshold_log10_cum_weight threshold. This threshold
is set at the elbow of probability distribution density of the log10 cumulative weights. The presence per cohort filter checks the
fraction of samples in which an interaction was detected (i.e., has a non-zero value) in the control cohort and, separately, in the
case cohort and removes interactions found in too few samples. To pass this filter, an interaction needs to have a greater value
than the threshold_frac_samples_per_condition threshold either in the control cohort or in the case cohort or in both. The ligand/re-
ceptor expression filter checks the mean expression level of the ligand and the receptor of an interaction in the case and the control
samples (separately) and removes the interactions with lowest expressed ligands or receptors or both. This filter uses a threshol-
d_log10meanexpr_per_condition threshold. For each interaction, the following four log10 mean expression values are checked: i)
the ligand in sending cells in control samples, ii) the receptor in receiving cells in control samples, iii) the ligand in sending cells in
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case samples, and iv) the receptor in receiving cells in case samples. An interaction passes this filter if both its ligand and receptor
pass the threshold either in control samples or in case samples or in both.

The differential communication is calculated on good quality interactions between the case and the control cohort using either
t test®® on log2-transformed weights or Wilcoxon test®® on non-transformed weights. The default adjustment method for multiple
testing is FDR. If the dataset contains few samples per cohort, we recommend to use the t test, even if the data do not follow the
normal distribution. With a small sample size and a large number of features to test and correct for multiple testing, using the Wilcoxon
test may be too conservative and produce the result consisting solely of true negative and false negative values. The t test option may
in this case produce statistically significant results, which contain a high number of false positive results, those can though be sorted
out in the subsequent wet-lab validation steps. The log2FC of an interaction is calculated as log2 of the ratio of its mean weight in
the cases over its mean weight in the controls. To identify significantly differential interactions, the threshold_log2FC and the
threshold_fdr should be specified by the user. Recommendations on how to best choose thresholds used in the community pipeline
are included in the Supplemental Methods 3.

Interactive platform
An interactive web-based application is available at https://github.com/macelik/community_rshiny and was built using Rshiny soft-
ware (v.1.8.0), an open-source R framework, and can be executed locally to explore data and results.

Preprocessing of healthy - ulcerative colitis dataset

The dataset consists of 48 biopsies taken from the colon of 12 healthy and 18 ulcerative colitis (UC) individuals,*® several biopsies
were taken per individual, yet to exclude co-dependencies in the data, only one biopsy was kept per individual (see below) (accession
number SCP259). For the UC individuals, only inflamed biopsies were considered. Epithelial and lamina propria layers were com-
bined for each sample. The original 50 cell types were merged to 19 broader categories. (Table S1) During quality control, only cells
with 1,000 to 30,000 reads and more than 500 genes were kept. For gene filtering, a pseudo bulk count threshold greater than 3 was
set. Each cell type needed to have a minimum of 5 cells in each sample and be captured in at least 40 out of 48 samples. The sample
filter was set to 12 out of 13 cell types. For each individual, only the biopsy having the highest number of cell types and cells was kept.
This yielded 13,861 genes, as well as 93,593 cells, 13 cell types, and 11 healthy and 17 UC samples. The filtered data was normalized
by cell type using scran® (v1.26.2). Batch correction was performed using scGen®* (v2.1.0).

Run community on healthy - ulcerative colitis dataset

Community was run on log-transformed normalized counts. The threshold_celltype_size and threshold_nr_active_cells
were both set to >6, and threshold_expr >0.1. The total number of interactions was 491,959. For the quality control the
threshold_log10_cum_weight was selected to be > 0.03, the threshold_frac_samples_per_condition >0.5 and threshold_log10mea-
nexpr_per_condition >0.015. The total number of good quality interactions was 15,675. Finally, the threshold_log2FC was set to >1
and threshold_fdr was set to <0.1, yielding a total of 758 downregulated and 2,612 upregulated interactions.

Processing of melanoma dataset

The.h5ad file containing the count matrix and their annotation files was obtained from https://immucanscdb.vital-it.ch/api/scrnaseq/
MEL_IMM_SS2_GSE120575/h5ad. The dataset contained 47 samples. Cell type were adapted from the “annotation_minor” anno-
tation available in the.h5ad object. “DC plas” and “DC conv” were merged into “DC”. The gene threshold for the log10 cumulative
expression in pseudobulks was set to greater than 0.25, yielding 25,483 genes for sample before, and 29,399 genes for samples after
therapy. The minimum number of cell types per samples was set to 7, all samples passed the filter.

Run community on melanoma dataset

Community was run separately on the samples before therapy (11 non-responders as cases vs. 8 responders as controls), and after
therapy (22 non-responders as cases vs. 6 responders as controls). In both cases, Community was run on log-transformed normal-
ized counts.

For samples before therapy, the threshold_celltype_size and threshold_nr_active_cells were both set to >0, and threshold_expr
>0.1. The total number of interactions was 931,588. For the quality control the threshold_log10_cum_weight was selected to
be > 0.02, the threshold_frac_samples_per_condition >0.3 and threshold_log10meanexpr_per_condition >0.02. The total number
of good quality interactions was 49,986. Finally, the threshold_log2FC was set to >1 and threshold_fdr was set to <0.1, yielding a
total of 375 differential interactions.

For samples after therapy, the threshold_celltype_size and threshold_nr_active_cells were both set to >0, and threshold_expr >0.1.
The total number of interactions was 1,077,608. For the quality control the threshold_log10_cum_weight was selected to be > 0.02,
the threshold_frac_samples_per_condition >0.3 and threshold_log10meanexpr_per_condition >0.02. The total number of good
quality interactions was 67,554. Finally, the threshold_log2FC was set to >1 and threshold_fdr was set to <0.1, yielding a total of
5,438 differential interactions.

The PD1 and CTLA4 activation signatures were obtained from https://www.gsea-msigdb.org/gsea/msigdb/human/genesets.jsp.
Gene scores were calculated using the “score_genes” function from scanpy.®’
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Preprocessing of healthy and AML bone marrow dataset

ScRNAseq communication analysis of the bone marrow of healthy and AML individuals was performed on publicly available data.**
The log-transformed normalized read counts and the annotation files were downloaded from GSE185381. In the AML cohort, only
samples at initial diagnosis were kept. Duplicated samples from healthy individuals #4 and #5 were removed. This yielded 14 sam-
ples. In the first pre-processing step, we removed genes that had all-zero values, yielding 31,843 genes. Cell IDs that were not pre-
sent in the cell annotation files were excluded, yielding 58,354 cells.

In the quality control step, filters on cells, cell types, genes, and samples were applied. To exclude bad quality cells, the library size
per cell was set to be between 1,100 and 30,000 reads and the number of genes was set to greater than 500. To filter cell types, first
original cell subtypes were pulled into 11 bigger classes (Table S1). A good quality cell type was defined as having at least 5 cells in
each sample and being captured in at least 12 samples. Megakaryocytes, perivascular cells and lymphoid progenitor (lymP) cell
types did not pass these thresholds and were excluded. Genes having a cumulative pseudobulk count less than 0.25 were excluded,
yielding 15,770 genes. Samples having had less than 7 cell types were excluded, yielding 13 samples, 8 cell types and 46,702 total
cells.

Run community on healthy and AML bone marrow dataset

Community was run on log-transformed normalized counts. For the communication analysis, the threshold_celltype_size and the
threshold_nr_active_cells were both set to 6 cells, the threshold_expr was set to 0.1. The total number of interactions was
151,744. For the QC, the threshold_log10_cum_weight, the threshold_frac_samples_per_condition, and the threshold_log10mea-
nexpr_per_condition were set to 0.01, 0.6, and 0.02 respectively. The total number of good quality interactions was 22,645. The dif-
ferential communication analysis was run on good quality interactions using t test on log2-transformed weights and FDR adjustment.
The threshold_log2FC was set to 1 and the threshold_fdr was set to 0.1, which yielded 2,555 downregulated and 109 upregulated
interactions.

Tumor-immune interaction analysis on healthy and AML bone marrow dataset

The tumor-immune communication analysis of the Lasry et al. dataset was based on the analysis described above. First community
was run on log-transformed normalized counts. Next, the cell types were divided into tumor (HSPC and Mono) or immune (T, B, NK,
DC, Gran) compartments. The weights of the interaction engaging erythrocytes, as well as tumor-to-tumor or immune-to-immune
interactions were set to zero, while the tumor-to-immune and immune-to-tumor interactions were kept. The differential testing
and the visualization of the results on the subsetted interactions was performed using same threshold described above. This resulted
in 421 down-regulated and 6 up-regulated interactions.

Preprocessing of integrated datasets from two human AML-healthy bone marrow studies

An integrated dataset containing the scRNAseq of the bone marrow of healthy individuals (GSE116256,"* GSE120221%) and AML
patients at initial diagnosis (GSE116256"%) was created. From the GSE120221 dataset, the samples S1, Sk1, S2, Ck, C2 were
removed as duplicates. From the dataset GSE116256, the BM5-34p, MUTZ3, and OCI-AML3 samples, as well as samples with
less than 50% blasts were removed. In the first pre-processing step, the genes that were missing in one of the datasets, as well
as a cumulative pseudobulk count less than 1 were removed. Cell IDs that were not found in the cell annotation files were excluded.
The library size per cell was set to be between 1,000 and 30,000 reads and the number of genes was set to be greater than 500.
Additionally, cells that formed a cluster of high library size and low gene number area were removed by applying a linear threshold
of 3,000*log+q(library size +1) - 10,500. Original cell types were pooled into 8 bigger classes (Table S1). The mutation bearing cells
(marked as “-like”) and their healthy counterparts were merged into the same cell type categories. A well represented cell type
was defined as the one having at least 5 cells in each sample and being captured in at least 30 samples. Samples which had less
than 5 cell types were excluded. This yielded 12,485 genes, 74,583 total cells, 6 cell types and 33 samples. The data was normalized
using scran®® (v1.30.2) on each cell type separately, preserving natural cell type differences. The batch effect was corrected using
scGen®* (v2.1.0).

Run community on two integrated healthy and AML bone marrow datasets

Community was run on log-transformed normalized and batch corrected counts. For the communication analysis, the threshold_cell-
type_size and the threshold_nr_active_cells were both set to 6 cells, and the threshold_expr was set to 0.1. The total number of
interactions was 62,064. For the QC, the threshold_log10_cum_weight, threshold_frac_samples_per_condition, and the threshol-
d_log10meanexpr_per_condition were set to 0.01, 0.6, and 0.02 respectively. The total number of good quality interactions was
7,043. The differential communication analysis was run on good quality interactions using t test on log2-transformed weights with
FDR adjustment. The threshold_log2FC was set to 1 and the threshold_fdr was set to 0.1, which yielded 3,280 downregulated
and 229 upregulated interactions.

Method comparison for cell-cell interaction tools

To ensure that the results of different algorithms were not driven by the differences in the databases, the comparison was run on the
community database, which was brought to the algorithm-specific format. For CellPhoneDB,° three main CSV files were built:
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gene_input, protein_input, and interactions. For MultiNicheNet,”” three individual networks were built: ligand-receptor interactions
was built using community database, signaling interactions was built using all the protein-protein interactions datasets from
OmniPath while removing self-interactions, gene regulatory network was built using DoRothEA®” regulons available through
OmniPath, with confidence levels ranging from A to C. The optimization was done via mIrMBO (v1.1.5.1) as described in the
NicheNet workflow.

Method comparison was performed on the log-transformed normalized counts of the Lasry et al. dataset. To identify differentially
expressed genes (DEGs) per cell type between cases and controls, the FindMarkers module (min.pct = 0.10) from Seurat*® library
was run on each cell type separately (v4.3.0). To count as DEG, the average log-2-fold change(avg_log2FC) has to be greater
than 0.25 or less than —0.25 and the adjusted p-value has to be <0.05 (Table S2).

CellPhoneDB was run on each sample separately with method degs_analysis flag along with the list of DEGs sourced from Seurat
and a —threshold of cells expressing the ligand or receptor set to 0.10. The directionality of the output pairs was double checked and
put according to the original database, if swapped. MultiNicheNet was executed for every combination of sender and receiver cell
types. To ensure consistency, parameters shared with the community algorithm such as min_cells, min_sample_prop, were adjusted
to match. Otherwise, default parameters were utilized as suggested by the documentation. CellChat was run on each sample sepa-
rately. We used the liftCellChat function to align cell type compositions across datasets, as the samples contained different cell type
compositions. The 'truncatedMean’ parameter was set to 0.10, ensuring that the average gene expression was considered zero if the
expression of signaling genes of interest was less than 10%. Subsequently, all CellChat objects were merged for joint analysis.
CellChat is able to identify upregulated and downregulated signaling ligand-receptor pairs through differential expression analysis
(DEA). We performed DEA between two biological conditions (healthy and AML) for each cell group with the thresh.pc parameter
set to 0.10. Upregulated and downregulated signaling interactions were determined based on the fold change of ligands in sender
cells and receptors in receiver cells. ScSeqCommDiff was run using default parameters in multi-sample scenario mode. Additionally,
we also tested by varying the parameters across a range of higher and lower values such as count_thr, and min_cells. However,
scSeqCommDiff did not provide any significant results, we did not consider it further.

Finally, we combined each cell type from each sample and unified the structure, where rows are corresponding to an
interaction while columns are samples, and values are corresponding scores. Community was run with the following thresholds:
the threshold_celltype_size and the threshold_nr_active_cells were both set to 6 cells, and the threshold_expr was set to 0.1. For
the QC, the threshold_log10_cum_weight, the threshold_frac_samples_per_condition, and the threshold_log10meanexpr_per_con-
dition were set to 0.01, 0.6, and 0.02 respectively. As for the differential communication analysis, threshold_log2FC was set to 1 and
the threshold_fdr was set to 0.1. An additional threshold of genes being expressed in at least 10% of a cell type in a sample was used
to mimic the CellPhoneDB and CellChat pipelines.

To measure the computational time and memory usage, “psrecord” (v1.3) was used. All algorithms were run on one computational
node of the server, equipped with 36 Cores, 256 GB RAM and running CentOS Linux 7 (Core).

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical details for all analyses are provided in the corresponding Results, figure legends, figures, STAR methods, and supplemen-
tary materials. Unless otherwise stated, n represents human scRNA-seq samples. Individual cells were used to calculate cell-type
abundance, active fraction, gene expression, and interaction weights for each sample, whereas differential communication was
tested using sample-level interaction weights.

Community’s differential communication was assessed using two-sided Welch two-sample t-tests on log2-transformed interac-
tion weights. The community package also implements a two-sided Wilcoxon rank-sum test on untransformed weights as an alter-
native. p-values were adjusted for multiple testing using the Benjamini-Hochberg false discovery rate (FDR) method. Interactions
were considered differential at absolute log2FC > 1 and FDR <0.1. Log2FC was calculated from the arithmetic mean interaction
weight in each cohort. The analyses included 17 UC and 11 healthy samples; 11 non-responder and 8 responder melanoma samples
before therapy; 22 non-responder and 6 responder melanoma samples after therapy; and 7 AML and 6 healthy samples in the Lasry
dataset. The integrated AML analysis used 9 AML and 24 healthy samples.

The Figure 2 legend reports t-tests with significance defined as p < 0.05. For Figures 6J and 6K, Wilcoxon tests with Bonferroni-
adjusted p-values were used. Figure 6J included 7 AML and 6 healthy samples; Figure 6K included 2 monocytic AML, 5 other AML,
and 6 healthy samples. All the boxplots show the median, first and third quartiles, and 1.5-1QR whiskers, with individual sample values
overlaid.

Differential gene expression for the method comparison was performed with Seurat v4.3.0 using default parameters.
CellPhoneDB, MultiNicheNet, CellChat, and scSeqCommDiff were used for communication-method comparisons as described in
method details. scSeqCommbDiff used Wilcoxon rank-sum testing but yielded no significant interactions. Computational time and
memory were measured with psrecord v1.3 on a node with 36 cores and 256 GB RAM running CentOS Linux 7 (Core).

Software versions used in the analysis are provided in key resources table and analysis parameters are provided in method details
and the accompanying code repositories.
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