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Abstract 
Bats have adapted to pathogens through diverse mechanisms, including increased resistance—rapid pathogen elimination, and tolerance— 
limiting tissue damage following infection. In the Egyptian fruit bat (an important model in comparative immunology), several mechanisms 
conferring disease tolerance were discovered, but mechanisms underpinning resistance remain poorly understood. Previous studies on other 
species suggested that the elevated basal expression of innate immune genes may lead to increased resistance to infection. Here, we test 
whether such transcriptional patterns occur in Egyptian fruit bat tissues through single-cell and spatial transcriptomics of gut, lung, and blood 
cells, comparing gene expression between bat, mouse, and human. Despite numerous recent loss and expansion events of interferons in the 
bat genome, interferon expression and induction are remarkably similar to that of mouse. In contrast, central complement system genes are 
highly and uniquely expressed in key regions in bat lung and gut epithelium, unlike in human and mouse. Interestingly, the unique expression 
of these genes in the bat gut is strongest in the crypt, where developmental expression programs are highly conserved. The complement 
system genes also evolve rapidly in their coding sequences across the bat lineage. Finally, the bat complement system displays strong 
hemolytic activity. Together, these results indicate a distinctive transcriptional divergence of the complement system, which may be linked to 
bat resistance, and highlight the intricate evolutionary landscape of bat immunity.
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Introduction
Accounting for ∼20% of all mammals and distributed across 
the globe, bats constitute a large and ecologically diverse clade 
that evolved several unique adaptations, including powered 
flight, echolocation, and extreme longevity. Several bat species 
display mild or no clinical symptoms when infected by some of 
the viruses deadliest to humans (Li et al. 2005; Field et al. 
2007; Ge et al. 2013; Amman et al. 2017), they are suspected 
to be the natural reservoir for several of these viruses and the 
potential source of recent zoonotic transfers to humans (Li 
et al. 2005; Banerjee et al. 2019; Zhou et al. 2020; Temmam 
et al. 2022). The mechanisms of bat adaptation to these viruses 

and to other pathogens have been a continuous source of inter
est, leading to numerous studies that focused on the immune 
systems of different bat species (Irving et al. 2021). These stud
ies found evolutionary changes in specific genes, such as in re
cent duplication and rapid coding sequence evolution of 
antiviral restriction factors (Hayward et al. 2022; Jacquet 
et al. 2022; Schneor et al. 2023), and in entire pathways, 
such as in dampening the inflammasome-mediated response 
through diverse mechanisms (Irving et al. 2021; Ahn et al. 
2023). To detect these potentially adaptive evolutionary 
changes, specific immune genes and pathways are often 
compared between bats and the corresponding genes and 
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pathways in mouse and human that have well-characterized 
immune systems with different historical exposures to patho
gens (Kuzmin et al. 2017; Moreno Santillán et al. 2021; 
Hayward et al. 2022; Jacquet et al. 2022; Jayaprakash et al. 
2023; Schneor et al. 2023; Tian et al. 2023; Cagliani et al. 
2024). Interestingly, it was suggested that while some bat spe
cies have evolved mechanisms of increased “disease resist
ance”, the ability to rapidly and efficiently inhibit infection, 
other bats have adapted through increased “disease toler
ance”, containment of infection while avoiding an excessive 
immune reaction (Schountz et al. 2017; Banerjee et al. 2020; 
Vicente-Santos et al. 2023; Demian et al. 2024).

The Egyptian fruit bat (Rousettus aegyptiacus) is a megabat 
thought to serve as the natural reservoir of the highly pathogen
ic Marburgvirus (a filovirus related to Ebolavirus) (Amman 
et al. 2017). In addition, R. aegyptiacus infection with 
Ebolavirus is asymptomatic, despite successful viral replication 
in bat tissues (Paweska et al. 2016; Guito et al. 2021; 
Jayaprakash et al. 2023). As such, R. aegyptiacus is considered 
an important model for studying the mechanisms of immune 
adaptation to infection, and was proposed as one of the key 
bat species for comprehensive immune characterization 
(Wang et al. 2021). Previous studies of the immune system of 
R. aegyptiacus have so far discovered various molecular mech
anisms that can promote disease tolerance. These include gen
omic findings of the expansion of gene families related to 
inhibitory immune states (Pavlovich et al. 2018) and the loss 
of short pentraxins (Larson et al. 2021) that are involved in 
acute phase response in humans. Additionally, a transcriptom
ics analysis that compared the in vitro antiviral response 
between bat species, pointed to species-specific strong 
upregulation of genes associated with disease tolerance in 
R. aegyptiacus cells (Schneor et al. 2023). Finally, analyses of 
R. aegyptiacus response to in vivo filovirus infection revealed 
reduced proinflammatory gene induction in response to infec
tion (Guito et al. 2021; Jayaprakash et al. 2023). These findings 
bolster the notion that increased tolerance to infection in the 
form of a limited inflammatory response, assists in reduced tis
sue damage and serves as an adaptive mechanism in R. aegyp
tiacus. In contrast to this, mechanisms associated with 
increased resistance have so far remained largely unexplored 
in R. aegyptiacus.

Increased resistance to infection can be achieved by several 
mechanisms, including elevated levels of innate immune genes 
in basal conditions, before the infecting pathogen invaded the 
cells. Elevated levels of innate immune genes, some of which 
act as viral sensors and some as restriction factors, can result 
in faster and more effective response against pathogens. Such 
elevated levels of expression in steady-state conditions were ob
served in cells of several rodents and in bat species and were sug
gested to assist in pathogen removal (Zhou et al. 2016; Irving 
et al. 2020; Cohn et al. 2022). Novel genomics techniques, in
cluding single-cell and spatial transcriptomics, can be harnessed 
to detect differences in orthologous gene expression between 
species, by comparing these orthologs’ levels in homologous 
cells and in specific tissue regions in high resolution. Such com
parisons can identify innate immune genes that are highly ex
pressed in R. aegyptiacus cells in comparison with their levels 
in homologous cells in different mammals. To this end, we cre
ated a comprehensive atlas of R. aegyptiacus single-cell tran
scriptomes from lung and gut tissues, two barrier tissues that 
are central sites for infection through different infection routes 
and of different pathogens related to bats, and also profiled 

peripheral blood mononuclear cells (PBMCs) (Fig. 1a). We fur
ther profiled an equivalent set of mouse cells in a comparative 
manner and used publicly available single-cell data from human 
tissues to find transcriptionally conserved and divergent genes 
and pathways in R. aegyptiacus tissues. We combined this 
with spatial transcriptomics, innate immune triggering of 
PBMCs, serum proteomics and functional assays. Taking a com
parative genomics approach, we searched for significant tran
scriptional changes between homologous cells in the three 
species. The levels of innate immune genes in barrier tissues in 
unstimulated conditions may represent the “readiness level” in 
these tissues for pathogens that can infect them. We focused 
on two important innate pathways: (1) Type-I interferons 
(IFNs)—a family of cytokines usually expressed following infec
tion, whose main function is to shift cells into an antiviral state. 
(2) The complement system—a system composed of a cascade of 
proteins with several innate immune functions, including 
phagocytosis, cell membrane rupturing and promotion of in
flammation. Our findings provide comparative and quantitative 
insights into regulatory constraints and transcriptional evolu
tion of the bat immune system.

Results
An Integrated Transcriptional Map of 
Rousettus aegyptiacus Blood, Lung and Intestinal 
Cells
To investigate transcriptional patterns in R. aegyptiacus tis
sues in high resolution, we performed comprehensive single- 
cell RNA sequencing (scRNA-seq) of Peripheral Blood 
Mononuclear cells (PBMC) and of cells from the upper gut sec
tion and lung of 5 to 8 bat individuals (Fig. 1a). For compari
son, we also performed identical processing and profiling 
procedures on mouse lung and PBMC samples, and on mouse 
Small Intestine (SI) and colon samples. With both R. aegyptia
cus and mouse tissues, we employed similar tissue dissociation 
procedures to those used with previously published human 
sample datasets (Elmentaite et al. 2021; Madissoon et al. 
2023), to minimize technical differences between samples 
from the three species. Single-cell data were mapped to ge
nomes, followed by dimensionality reduction, clustering, 
and cell lineages annotations (see “Materials and Methods”).

In each tissue, we annotated R. aegyptiacus cell clusters and 
compared them to homologous cell populations in human and 
mouse. This was achieved by employing EggNOG (Huerta- 
Cepas et al. 2019) to identify orthology relationship in a 
genome-wide manner between R. aegyptiacus, mouse and hu
man coding genes, followed by manual inspection and further 
annotations (supplementary table S1, Supplementary Material
online). We then used computationally derived and experimen
tally established markers of various cell types, to associate 
R. aegyptiacus cell clusters with their likely cell lineages. These 
cell identifications were confirmed by whole-transcriptome cor
relation analyses of cell clusters between the three species.

We profiled 59,443 bat PBMCs in steady-state conditions as 
well as following immune stimulation (see details below). 
Among the profiled PBMCs, we identified 20 major cell popula
tions with homologous cell clusters in mouse and human 
(Fig. 1b and supplementary figs. S1 to S4, Supplementary 
Material online). In the lung, we profiled 60,000 high-quality 
bat cells and identified 45 cell clusters (Fig. 1c and 
supplementary figs. S5 to S8, Supplementary Material online). 
In the gut, the data included 46,316 cells in 38 intestinal cell 
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Fig. 1. Characterization of R. aegyptiacus cells. a) System overview: Gut- and lung-resident cells from R. aegyptiacus and mouse were profiled using 
single-cell transcriptomics. PBMCs were profiled in steady-state and following the triggering of the antiviral and antibacterial innate immune responses 
using dsRNA (poly I:C) and LPS, respectively. R. aegyptiacus gut samples were also characterized using spatial transcriptomics analysis. R. aegyptiacus 
and mouse cells from this study along with publicly available human cells in each of the respective tissues were compared using one-to-one orthologous 
genes and following gene orthology assignments using EggNOG. The figure was created in BioRender (2025) https://BioRender.com/b35s117. b) UMAP 
of R. aegyptiacus PBMC clusters (five samples, n = 59,443 cells). UMAP of mouse PBMCs and cross-species comparisons appear in supplementary figs. 
S1 to S4, Supplementary Material online. c) UMAP of R. aegyptiacus lung cell clusters (10 samples, n = 60,000 cells). UMAP of mouse lung cells and 
cross-species comparisons appear in supplementary figs. S5 to S8, Supplementary Material online. d) UMAP of R. aegyptiacus intestinal cell clusters (8 
samples, n = 46,316 cells). UMAP of mouse cells and cross-species comparisons appear in supplementary data figs. S9 to S13, Supplementary Material
online. e) Hematoxylin and eosin (H&E) staining of transverse cross-section of R. aegyptiacus gut (n = 3 samples). f) Spatial mapping of scRNA-Seq data to 
10× Genomics Visium spatial transcriptomics data, showing estimated abundance (color intensity) of cell subsets (color) of a cross-section using 
Cell2location.
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subsets (Fig. 1d and supplementary figs. S9 to S13, 
Supplementary Material online). In addition, in the R. aegyptia
cus gut we inferred cell localization by performing spatial tran
scriptomics of gut sections, required for several analyses 
described below (Fig. 1e, f and supplementary fig. S14, 
Supplementary Material online).

R. aegyptiacus gut morphology has not been comprehensively 
characterized at the molecular and cellular levels. As in other 
megabats (Tedman and Hall 1985), and unlike in human and 
mouse, there are no clear macro-morphological differences be
tween various gut regions (Selim and El Nahas 2015). We thus 
collected bat gut samples from regions analogous of the 
jejunum-ileum in the SI. We further verified that these samples 
have similar morphology to SI morphology (Fig. 1e) and that 
the bat enterocytes have similar expression to enterocytes 
from SI of mouse and human (supplementary fig. S15, 
Supplementary Material online and “Materials and Methods”)

Basal Expression of IFN Genes and Their Regulators 
in Rousettus aegyptiacus Cells
We begin our focused analysis of innate immune genes in 
R. aegyptiacus, with the IFN pathway, given its central role 
in the innate immune response. Previous studies on a different 
megabat species, Pteropus alecto, found elevated levels of IFN 
genes and the IFN regulators IRF1,3, and 7, in steady-state 
conditions (i.e. in uninfected and unstimulated cells) (Zhou 
et al. 2014, 2016; Irving et al. 2020). This increased expres
sion was suggested to assist in rapid inhibition of pathogens 
(Zhou et al. 2014, 2016; Irving et al. 2020). We investigated 
whether such patterns occur in R. aegyptiacus cells. First, we 
tested whether Interferon Regulatory Factors (IRF) genes are 
more highly expressed in bat cells in comparison with human 
and mouse cells. We performed differential expression (DE) 
analysis between homologous cell clusters between bat, 
mouse, and human to find transcriptionally divergent genes 
(supplementary tables S2 to S5, Supplementary Material on
line). We observed that IRF genes do not display significant 
differences between bat, human, and mouse in the tested cells 
in a strong and consistent manner (supplementary table S6, 
Supplementary Material online): There are only a few cell 
types where IRF3 or 7 have expression levels higher than those 
in human or mouse cells (IRF1 is not annotated in R. aegyptia
cus genome). These cases of higher expression in bats are not 
consistent in the terms of comparison to both human and 
mouse orthologs and when considering both IRF paralogs.

Next, we observed that R. aegyptiacus cells are similar to hu
man and mouse homologous cells and do not display significant 
expression levels of type-I IFNs in steady-state conditions. This 
was the case in all tissues we profiled and is in agreement with 
data from previous bulk RNA studies of R. aegyptiacus different 
cell lines and primary tissues where the bats and cells were not 
infected or immune-stimulated (Jayaprakash et al. 2023; 
Schneor et al. 2023). In summary, these findings suggest con
served expression patterns of IFN and their IRF regulators 
across R. aegyptiacus, human and mouse cells in steady-state 
conditions.

Monocytes are the Most Transcriptionally Responsive 
Cells in Initial Stages of the Innate Immune Response 
in Both Rousettus aegyptiacus and Mouse
Following the observed similarity in the expression of 
IFN-related genes in basal conditions between mouse and bat, 

we next asked whether IFN genes transcriptionally diverge in in
duction, following immune stimulation. In particular, multiple 
events of loss and expansion of various type-I IFN genes were ob
served in R. aegyptiacus genome (Pavlovich et al. 2018). We thus 
asked whether the transcriptional induction of IFN genes in 
R. aegyptiacus differs (i) between various R. aegyptiacus IFN pa
ralogs, and (ii) between R. aegyptiacus IFN genes with respect to 
IFNs in mouse. To study the induction of IFN in a comparative 
manner across cells, we stimulated R. aegyptiacus and mouse 
PBMCs with two pathogen-associated molecular patterns 
(PAMPs): dsRNA (poly I:C) and lipopolysaccharide (LPS), 
which respectively trigger the antiviral and the antibacterial re
sponses (Fig. 2a). Using the stimulated PBMC data, below we 
first compare the overall innate immune response between cell 
types and between the two species. In the sections that follow, 
we then focus on IFN expression.

When comparing the transcriptional response between cell 
clusters, we observed that in both antiviral and antibacterial 
responses and in both mouse and R. aegyptiacus, monocytes 
have the highest numbers of DE genes (supplementary table 
S7, Supplementary Material online). We next used three previ
ously described sets of innate immune genes, to study which 
cell clusters tend to upregulate them and how conserved this 
expression profile is between mouse and R. aegyptiacus cells 
(Fig. 2b and c). We observed that the transcriptional patterns 
of the primary immune response is similar between species: 
Both genes belonging to the primary antiviral response 
(Hagai et al. 2018) and inflammatory genes (Liberzon et al. 
2015) are mostly upregulated in monocytes in both mouse 
and R. aegyptiacus, with lower levels of upregulation of in
flammatory genes in dendritic cells (DCs) and neutrophils. In 
contrast, IFN-stimulated genes (ISGs) (Shaw et al. 2017), up
regulated during the secondary wave of response, are highly 
expressed in a range of different cell types in both species, 
and their relative levels differ between the species (Fig. 2c). 
Overall, this comparison between mouse and R. aegyptiacus 
suggests a conserved innate immune response across PBMC 
types in the initial stages of response to infection, followed 
by greater divergence in later stages. Importantly, type-I 
IFNs are almost exclusively upregulated in response to 
dsRNA and most highly in monocytes.

Induction of Different IFN Family Members is 
Restricted to a Monocyte Subset in Both 
Rousettus aegyptiacus and Mouse PBMCs
Next, we focused on the dynamics of the antiviral response 
across the R. aegyptiacus monocyte cell population, the 
most responsive cell type in our data, and the conservation 
of this dynamics in mouse. Among bat monocytes, we ob
served a cell cluster almost entirely composed of cells stimu
lated with dsRNA. Cells belonging to this cluster have high 
inflammatory and antiviral scores, suggesting a strong pri
mary response (Figs. 1b and 2a). In addition, IFNB1, a major 
antiviral cytokine, is almost exclusively upregulated in this 
cluster. This monocyte subset (termed “IFN Monocytes”) is 
also observed in mouse monocytes (supplementary fig. S2, 
Supplementary Material online). We next compared the three 
major cell states of R. aegyptiacus CD16 monocytes: The two 
groups of dsRNA-stimulated cells (IFN and non-IFN mono
cytes) and a third group with all remaining cells in unstimu
lated or mock-stimulated conditions. Using hierarchical 
clustering, we observed that the majority of genes upregulated 
in IFN monocytes, 263 out of 424 genes, are uniquely 
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upregulated in this group and are not significantly expressed in 
other monocytes (Fig. 2d and “Materials and Methods”). In 
addition, hundreds of genes are downregulated in IFN mono
cytes in comparison with the other two states. Furthermore, 

the genes strongly upregulated in each of these three states 
are enriched in particular immune pathways and functions 
(Fig. 2e). The set of IFN monocytes upregulates genes related 
to cell death and to regulation of IFN induction. Importantly, 

Fig. 2. Comparative analysis of PBMC transcriptional response to innate immune stimuli and IFN gene expression between R. aegyptiacus and mouse. 
a) UMAP of R. aegyptiacus PBMCs (five samples, n = 59,443 cells, as in Fig. 1b), cells colored by condition. b) UMAP of R. aegyptiacus PBMCs colored by 
inflammatory score, showing most inflammatory genes are upregulated in monocytes and DCs. c) Normalized expression scores of selected predefined 
sets of innate immune genes across different PBMCs in R. aegyptiacus and mouse: Inflammatory score, primary antiviral score, and Interferon-Stimulated 
Gene (ISG) score (see main text for details). Monocytes have the highest inflammatory and primary antiviral scores. d) Hierarchical clustering heatmap 
(“ward” as clustering method) showing expression of the three sets of state-DE genes from unstimulated monocytes and the two dsRNA-stimulated 
monocytes clusters (with and without IFN upregulation) in R. aegyptiacus. e) Enrichment analysis of state-DE genes, showing Gene Onthology (GO) 
terms unique for each of the three sets of genes (as in d). f) Top: Dot plots showing various type-I IFNs (IFNAs, IFNB1, and IFNWs) expression levels in R. 
aegyptiacus cells. Bottom: Violin plots showing the distribution of expression levels of various type-I IFNs across R. aegyptiacus IFN monocytes. IFNA2_a 
(LOC107511568), IFNA2_b (LOC107508426), IFNW1 a-e (LOC107518592, LOC107518590, LOC107518583, LOC107518588, and LOC107518582). g) 
As in f, in mouse monocytes. h) UMAP of dsRNA-stimulated PBMCs, colored by cell type (top), and showing the expression levels of IFNB1 and two of the 
IFNW duplicates in R. aegyptiacus (see the expression of additional type-I IFNs and similar analysis of mouse PBMCs in supplementary Data fig. S17, 
Supplementary Material online).
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the set of IFN monocyte is also distinctive in its expression of 
an array of different type-I IFN genes as well as cytokines from 
other families.

We next asked whether the transcriptional patterns 
observed in the R. aegyptiacus IFN monocyte subset are also 
observed in corresponding mouse cells. We observed that in
deed the mouse orthologs of genes uniquely upregulated in 
R. aegyptiacus IFN monocytes is also upregulated in a subset 
of mouse monocytes that express a range of IFNs and other 
cytokines. Similarly, the set of genes downregulated in 
R. aegyptiacus IFN monocytes is also downregulated in 
the analogous mouse cell cluster (supplementary fig. S16, 
Supplementary Material online). These findings suggest the in
duction of IFN genes that in R. aegyptiacus is limited to a small 
subset of cytokine-expressing monocytes, is similar to the 
induction patterns in mouse monocytes. These findings are 
also in agreement with studies of human blood and 
bone-marrow-derived monocytes, infected with various bac
teria and with influenza (O’Neill et al. 2021; Avital et al. 
2022), suggesting an overall conservation of IFN induction be
tween R. aegyptiacus and other mammals.

Conservation of IFN Gene Induction Between 
Rousettus aegyptiacus and Mouse Cells 
Despite Numerous Events of IFN Gene Expansion 
and Loss
Type-I IFN gene families have undergone significant contrac
tion and expansion during mammalian evolution. In R. aegyp
tiacus genome, there is a distinctively expanded set of IFN 
Omega (IFNW) duplicates (Pavlovich et al. 2018). In contrast, 
only a few copies of IFNA, another type-I IFN family with nu
merous copies in human and mouse genomes, are found in 
R. aegyptiacus. Given these genomic changes of IFN gene 
gain and loss, we asked (i) whether the different IFNW dupli
cates in R. aegyptiacus show transcriptional divergence be
tween them in their response to dsRNA, and (ii) how the 
differences in copy numbers of various type-I IFNs between 
mouse and R. aegyptiacus are linked with the upregulation 
of IFN genes. We found a remarkably high degree of regula
tory conservation between the two species: All type-I IFN 
genes are upregulated in monocytes rather than having diver
sified expression in different cell types. The strongest induced 
type-I IFN is IFNB1, with all other type-I IFNs co-expressed at 
lower levels compared to IFNB1 (Fig. 2f–h and supplementary 
fig. S17, Supplementary Material online).

Taken together, the above analyses show that: (i) Among 
PBMCs, monocytes are the strongest producers of IFNs. (ii) 
Within monocytes, IFNs are exclusively expressed in a small 
subset of cells that also upregulates an array of other cytokines 
while downregulating numerous other genes. (iii) IFNB1 is the 
strongest induced IFN gene. (iv) All other type-I IFNs, 
including recent duplicates in the lineages of mouse and 
R. aegyptiacus, are co-expressed with IFNB1 in the same cell 
subset, but in lower levels. These patterns of IFNs 
co-expressed in only a small set of cells were previously shown 
in different immune and nonimmune cells across primates and 
rodents, and were suggested to have evolved as a regulatory 
mechanism that balances rapid cytokine secretion while 
avoiding an excessive immune response (Hagai et al. 2018). 
Our results suggest that these transcriptional patterns, and 
likely also their underlying regulatory constraints, are also 
conserved in R. aegyptiacus cells.

Enterocyte Expression Dynamics During Maturation 
Along the Villus is Largely Conserved
Our previous analyses showed a conserved regulatory archi
tecture of the IFN pathway in R. aegyptiacus. This was ob
served both at the cell-response level, with a subset of highly 
responsive monocytes that express a range of cytokines, and 
at the gene level, with IFNB1 being the most highly upregu
lated IFN.

Following this, we asked whether unlike the IFN pathway, 
other innate immune pathways show transcriptional diver
gence in barrier tissues between species that are primary sites 
of infection and expected to display patterns of divergence in 
innate immune genes. We first focused on the intestinal epithe
lium, a well-structured tissue, that its functions include mucus 
secretion, interactions with commensal microbiota and de
fense against pathogens (Peterson and Artis 2014; Allaire 
et al. 2018). Enterocytes, the most abundant cells in the epithe
lial layer, emerge in the crypt and migrate along the villus, un
til being shed off from the top of the villus a few days later (van 
der Flier and Clevers 2009). Enterocytes were shown to tra
verse a series of cell states, identified by distinct gene expres
sion and related to different functions, during their 
migration from the crypt along the villus axis (Moor et al. 
2018; James 2024) (Fig. 3a). Since enterocyte migration and 
maturation are well characterized in mouse and are also in
volved in the expression of innate immune genes in different 
stages of their maturation, they provide an excellent pathway 
to study the evolution of a dynamic cellular process involved 
in innate immune defenses in barrier tissues. Specifically, we 
asked whether the enterocyte region-dependent transcription
al programs, originally found in mouse SI, are conserved in the 
bat villus and whether divergence is related to innate immune 
genes.

For this, we first used genes previously found to be highly 
and specifically expressed in each of the five consecutive re
gions located from the bottom to the top of the mouse villus. 
These genes are termed zonation markers and their regions in 
mouse villus are denoted as v1 to v5 (Fig. 3a). Using the 
R. aegyptiacus spatial transcriptomics data, enabled us to 
test where the orthologs of these zonation markers are ex
pressed along the villus in an unbiased manner: We observed 
a clear trend where the orthologous bat genes of these zon
ation markers tend to be spatially expressed from proximal 
to distal regions of the section, matching the expected patterns 
from mouse (Fig. 3b and d and supplementary figs. S14 and 
S18a, b, d, Supplementary Material online). This observation 
suggests a largely conserved gene expression dynamics along 
the villus in mouse and bat.

We then employed principal component analysis (PCA) of 
single-cell data from human, mouse and R. aegyptiacus entero
cytes. The expression of zonation marker genes showed that 
PC1 captures the spatial bottom-to-top differentiation dynam
ics in each of the three species (Fig. 3c and supplementary fig. 
S18c and f, Supplementary Material online). This allowed us 
to use this axis to define enterocytes belonging to the bottom, 
intermediate, and top regions of the villus in mouse, human, 
and bat. When looking at individual gene expression along the 
PC1 axis, we observed that most of the zonation markers display 
expected transcriptional patterns (e.g. most bottom genes 
tend to be most highly expressed in the beginning of the 
PC1 axis in bat cells, Fig. 3e and supplementary fig. S18e, 
Supplementary Material online). However, we also observed 
specific genes that deviated from expected transcriptional 
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Fig. 3. Evolutionary analysis of enterocyte differentiation along the intestinal villus. a) Schematic of a transverse cross-section of the intestinal crypt and 
villus. The villus is partitioned into five consecutive bottom-to-top regions (denoted as v1 to v5). b) Scores of landmark gene expression (using mouse-to- 
R. aegyptiacus orthologs) from each of the bottom-to-top villus regions (v1 to v5) overlayed on a 10× Genomics Visium data of a R. aegyptiacus gut 
cross-section (additional samples are found in supplementary Data fig. S14d to f, Supplementary Material online). The analysis shows that gene 
expression along the villus axis (v1 to v5 genes) is similar between mouse and R. aegyptiacus enterocytes. Full gene lists appear in the GitHub link. c) PCAs 
of R. aegyptiacus enterocytes (based on single-cell data) overlayed with scores of bottom-to-top regions (v1 to v5). PC1 largely recapitulates bottom-to-top 
gene expression patterns. d) UMAP of R. aegyptiacus enterocytes colored by their inferred spatial localization along the tissues (v1 to v5) with dashed 
lines and arrows depicting inferred transcriptional trajectories as determined by scVelo. e) Heatmaps showing landmark gene expression in R. 
aegyptiacus enterocytes, each panel including a different set of regional genes (v1 to v5 regions, genes are based on mouse data (Moor et al. 2018). Cells 
are ordered based on PC1 axis, taken from c that denotes bottom-to-top villus localization. f) Volcano plots showing DE analysis of gene expression 
between top and bottom enterocytes in human, R. aegyptiacus and mouse. Human top genes are in green and human bottom genes are in purple—these 
are defined based on a DE analysis in human enterocytes. In the mouse and R. aegyptiacus volcano plots, we use the orthologs of the precomputed top 
and bottom human genes, and show the DE values of these ortholog genes in the respective species. Sets of top and bottom genes are matched by 
q-value in human. In mouse and R. aegyptiacus the orthologous bottom genes remain significant, while the orthologous top genes are less significant, 
suggesting that top genes are less conserved across species. g) Gene evolutionary age analysis of top and bottom genes (based on human genes and 
their age estimation using three different approaches, and taken from protein Historian). Age estimation distributions of bottom and top gene sets are 
compared using a one-sided Mann–Whitney test (***P < 0.001). High values denote old age. h) Schematic summary of evolutionary analysis of 
enterocyte differentiation along the villus: top landmark genes tend to be evolutionarily younger and transcriptionally divergent across species.
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patterns between species, e.g. genes expected to be expressed 
mostly in the top villus region, are expressed in other regions 
of the bat villus.

In summary, the significant correspondence of zonation 
marker gene expression along the villus of the three studied 
mammals suggests an overall conservation of the bottom-to- 
top enterocyte expression programs. However, certain genes 
diverge in expression patterns between species and their char
acterization is the focus of the following section.

Top Villus Genes are Transcriptionally Divergent 
and Evolutionarily Younger Than Bottom Villus 
Genes
Following this, we quantified the transcriptional conservation 
of top versus bottom genes across species. For this, we per
formed a DE analysis between top and bottom enterocytes 
in each of the three species. We then compared the transcrip
tional divergence in top and bottom gene classes (after control
ling for biases in DE values between the two sets of genes and 
focusing only on genes significantly expressed in all species). 
We observed that bottom genes are more transcriptionally 
conserved across species whereas top genes tend to be diver
gent. Thus, a gene highly expressed in the bottom villus region 
in one species is likely to be expressed in this region in other 
species, while top-expressed genes in one species tend to di
verge in their transcriptional patterns across species (see the 
sets of top and bottom genes and their DE results overlayed 
across species in Fig. 3f and supplementary fig. S18g, 
Supplementary Material online). This greater divergence in 
later stages was also observed in other cell developmental 
pathways (Cardoso-Moreira et al. 2019; Murat et al. 2023).

Next, we compared the evolutionary age of the top and bot
tom villus genes, using several gene age estimations from 
ProteinHistorian (Capra et al. 2012). We observed that top 
villus genes are evolutionarily younger than bottom villus 
genes (Fig. 3g and supplementary fig. S18h, Supplementary 
Material online).

Finally, we asked which genes highly expressed in the top 
villus significantly diverge between R. aegyptiacus and the oth
er two species. Interestingly, the most divergent genes in the 
top villus region are not involved in innate immunity. 
Instead, pathways enriched in these genes are associated 
with nutrient absorption, including in lipid transport and in 
anion binding (supplementary fig. S19, Supplementary 
Material online).

In summary, the dynamics of gene expression in enterocytes 
as they migrate along the villus is largely conserved across the 
studied mammals. As they migrate from the bottom to the top 
villus region, enterocytes become more transcriptionally di
vergent and express evolutionarily young genes, but this in
creased divergence does not involve innate immunity 
pathways (Fig. 3h).

Complement System Genes are Uniquely Expressed 
in Rousettus aegyptiacus Intestinal Epithelial Cells in 
the Crypt
In the above analysis, in contrast to our initial expectations, the 
transcriptional divergence observed in the top villus between 
species mostly involved genes unrelated to the innate immune 
pathways. We next asked whether transcriptional divergence 
is observed in the crypt—the region below the villus. Cells in 
the human crypt are known to secrete defensins, important 

antibacterial peptides (Lehrer and Lu 2012), but many defensin 
genes were lost through pseudogenization in bat genomes 
(Moreno Santillán et al. 2021), pointing to potential differences 
in innate immunity pathways in the bat’s crypt. Using the DE 
analysis, where homologous gut cells were compared between 
species, we searched for genes more highly expressed in 
R. aegyptiacus in comparison with both human and mouse cells. 
We observed that both in stem cells and transit-amplifying (TA) 
cells, epithelial cells found in the crypt, central complement sys
tem genes are amongst the top DE genes in R. aegyptiacus in 
comparison to both human and mouse cells (supplementary 
tables S2 and S3, Supplementary Material online). These com
plement genes are strongly and uniquely expressed in these cells 
in bats but not in human and mouse cells. These patterns are ob
served in several other epithelial cell types (Fig. 4a–c; 
supplementary fig. S20, Supplementary Material online and 
supplementary tables S2 and S3, Supplementary Material on
line). Importantly, this expression is persistent across bat indi
viduals and the fraction of cells expressing these genes within 
each cell type population is high (supplementary fig. S20, 
Supplementary Material online). This set includes genes encod
ing for both complement components (C3, C4, C5, C6, C7, and 
C9) and complement-associated proteases (C2, CFB, CFD, and 
CFI). Importantly, many genes of the membrane attack com
plex, a central immune effector and the final product of the com
plement cascade (Xie et al. 2020), including C5, C6, C7, and C9, 
are more highly expressed in R. aegyptiacus gut epithelia. CFI, 
an important protease that acts as a regulator of complement ac
tivation, is also more highly expressed in R. aegyptiacus cells 
than in both human and mouse. This pattern of higher expres
sion of complement system genes in R. aegyptiacus epithelial 
cells is not observed in most nonepithelial cell types 
(supplementary fig. S20, Supplementary Material online). In 
agreement with this, when looking for pathways enriched in 
the top DE genes, we found many terms related to the comple
ment system, including early and late stages of both the classical 
and the alternative pathways (see, for example, supplementary 
table S8, Supplementary Material online).

We then asked whether such transcriptional signatures of 
higher complement gene expression in bat cells also occur in 
other innate immune genes. However, comparison of the ex
pression of a large set of genes from diverse innate immune 
pathways (taken from innateDB (Breuer et al. 2013), see 
supplementary table S9, Supplementary Material online) be
tween R. aegyptiacus, mouse and human showed no such pat
tern in other pathways apart from the complement system 
(Fig. 4b). Next, we analyzed the spatial expression patterns 
of complement system genes across R. aegyptiacus gut. 
Using our single-cell data, where we can partition enterocytes 
to specific regions, based on our previous analysis, we ob
served that many of these genes tend to be expressed most 
highly in the crypt and then gradually decrease in expression 
along the villus (Fig. 4d). These observations were strength
ened using the spatial transcriptomics data, where we clus
tered the spots into spatial regions (crypt, villus, and 
intestinal wall) (Fig. 4e), and estimated the expression of com
plement system genes in these regions (Fig. 4f–h and 
supplementary fig. S21a, Supplementary Material online, 
and supplementary fig. S21b, Supplementary Material online 
for comparison in mouse).

In summary, many genes from the complement system are 
uniquely expressed in R. aegyptiacus epithelial cells in com
parison with human and mouse cells, and this expression is 
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Fig. 4. Cross-species comparative analysis of complement system gene expression in epithelial cells in the intestine. a) Matrix plots showing DE results 
(−log[Q-value] between two species) of complement gene expression, between R. aegyptiacus and human (left) and R. aegyptiacus and mouse (right) 
homologous epithelial cells. Maximum values are trimmed at 3 (Q-value < 10−3). In all cases of significant differences between species, the expression is 
higher in R. aegyptiacus, except for C2 in mouse Tuft cells, and for C8G in human enterocytes. b) Volcano plots showing DE analysis of gene expression 
between R. aegyptiacus and human (top) or mouse (bottom) epithelial stem cells. c) Violin plots of complement component and protease gene expression 
across different epithelial intestinal cell types in R. aegyptiacus, human, and mouse. d) Scaled expression levels of complement genes in the crypt (SC, TA, 
and Paneth cells) and along the five regions of the villus (v1 to v5 enterocytes) in R. aegyptiacus gut, using scRNA-Seq and localization based on Fig. 3c. 
e)–h) Analysis of complement gene expression using 10× Visium data: (e) Top: UMAP of grid spots from the R. aegyptiacus spatial transcriptomics data. 
Bottom: Localization of spots, colored by clusters from upper UMAP, in cross-sections of R. aegyptiacus gut, showing that the orange, blue, and green 
clusters refer to the intestinal wall, crypt and villus regions. f) and g) Dot plots showing relative expression in the three clusters that refer to different gut 
regions (as shown in e): f) known marker genes of these regions, and g) selected complement genes. h) Expression levels of selected complement genes 
across gut sections using spatial transcriptomics data (see all complement genes in supplementary fig. S22, Supplementary Material online).
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strongest in the crypt for the majority of these genes. Other cell 
types and other innate immune genes do not show such strong 
and consistent transcriptional patterns.

Complement System Genes are Highly Expressed in 
Rousettus aegyptiacus Epithelial Lung Cells
Following our gut analysis, we asked whether similar signatures 
of complement system gene expression can be observed in 
epithelial cells in other barrier tissues in R. aegyptiacus. We 
chose to focus on lung, since it is a main site of infection and 
an important barrier to various pathogens, including 
SARS-Coronavirus-2. To investigate complement system gene 
expression in lung cells, we performed a DE analysis between 
lung homologous cell types (shown in Fig. 1c and 
supplementary fig. S5b, Supplementary Material online), con
trasting orthologous gene expression between bat, human, 
and mouse. We again observed that a set of central complement 
system genes is more highly expressed in various R. aegyptiacus 
epithelial cells, including in basal, ciliated, club, goblet, from the 
airway epithelium, and, most prominently, in AT2 cells, from 
the alveoli (Fig. 5a and b and supplementary tables S4, S5 and 
S10, Supplementary Material online); (Raudvere et al. 2019). 
The expression of these complement genes was unique to 
R. aegyptiacus in most of these epithelial cell types in compari
son with mouse and human cells, and included genes expressed 
in early stages of the classical pathway (C1S, C1R, C2 and C4A) 
and in the alternative pathway (CFB and CFD) (Fig. 5c and 
supplementary fig. S22, Supplementary Material online). Most 
late-stage genes of these pathways do not differ between species, 
with the exception of C9, which is higher in bat AT2 cells. The 
results regarding complement expression in human and mouse 
cells were corroborated by previous analyses of unrelated single- 
cell lung data (Chaudhary et al. 2022). The set of complement 
system genes more highly expressed in R. aegyptiacus lung 
epithelium overlaps with genes expressed more highly in 
R. aegyptiacus gut epithelium, but is not identical.

As in the gut epithelium, innate immune genes in general are 
not more highly expressed in bat lung cells in comparison with 
human or mouse cells (Fig. 5c). In addition, these expression 
patterns of complement system genes were not observed in 
most nonepithelial cell types in the lung. Thus, R. aegyptiacus 
epithelia of both the lung and the gut exhibit unique expres
sion patterns of complement system genes.

Serum Levels and Coding Sequence Evolution of 
Complement System Genes in Rousettus  
aegyptiacus
The complement system is mostly known for its antimicrobial 
activities in the blood stream. Based on a previous genomic 
analysis, several other immune proteins secreted to the blood 
were suggested to have undergone significant evolutionary 
and functional changes in R. aegyptiacus, including short pen
traxins (C-reactive protein and serum amyloid P component 
[SAP]) that are pseudogenes and nonfunctional (Larson et al. 
2021). We thus sought to characterize the serum levels of vari
ous complement system proteins in R. aegyptiacus. We em
ployed mass spectrometry-based proteomics to characterize 
serum proteomes of four bat and four mouse individuals. 
We detected almost all secreted complement system proteins, 
many of which were amongst the most abundant proteins 
found in both bat and mouse sera (Fig. 5d). Interestingly, 
some of the protein rankings differed between the two 

species—e.g. C9 was highly abundant in bat but not in mouse 
serum, while the opposite was observed in CFD serum levels. 
Importantly, these trends were consistently observed across 
the individuals tested in both species (supplementary fig. 
S23, Supplementary Material online). In general, our findings 
suggest that complement system proteins are among the high
est in R. aegyptiacus serum, and that these relatively high lev
els are similar to those observed in mouse serum. We note that 
the differences observed in serum protein levels between the 
species may originate in environmental factors and differences 
in microbiome, despite the fact that these levels are similar be
tween the four individuals within each species.

We next characterized the coding sequence evolution of the 
complement system genes, to determine whether these genes 
evolve rapidly in sequence. We employed a site model imple
mented in Phylogenetic Analysis by Maximum Likelihood 
(PAML) (Yang 2007) to test for positive selection in coding se
quences of 14 complement system genes using orthologous 
genes from different bat species representative of the 
Chiroptera order. We observed that eight of the 14 genes 
tested show strong statistical evidence of positive selection 
(see supplementary table S11, Supplementary Material on
line). Taken together, we observed significant evolutionary 
changes in the R. aegyptiacus complement system genes, 
both in expression levels in lung and gut epithelia (Figs. 4
and 5a–c) as well as in coding sequences across bat species. 
Figure 5e summarizes these changes along the classical and al
ternative complement pathways. We elaborate on these find
ings in the wider context of evolution of secreted immune 
proteins in bats and mammals in “Discussion”. Following 
the evolutionary and comparative expression analyses, we 
probed the activities of the R. aegyptiacus complement system. 
To this end, we employed a hemolytic activity assay of the bat 
complement system against rabbit blood (Fig. 5f). We ob
served a significant hemolytic activity in comparison to con
trol, suggesting that bat complement system functions as 
expected, at least in terms of hemolysis.

Discussion
R. aegyptiacus is considered an important model for studying 
infection and immunity, due to its asymptomatic infection 
with Ebolavirus and Marburgvirus, two of the most lethal vi
ruses to humans (Pavlovich et al. 2018; Wang et al. 2021). 
Previous studies, including by us, have investigated different 
mechanisms by which R. aegyptiacus immune system differs 
from the well-characterized immune systems of mouse and hu
man (Kuzmin et al. 2017; Pavlovich et al. 2018; Guito et al. 
2021; Larson et al. 2021; Schneor et al. 2023). Many of these 
studies pointed to potential adaptation through increased tol
erance, where the immune response to infection is limited to 
avoid tissue damage. In contrast, molecular mechanisms that 
can give rise to increased resistance to disease, such as higher 
basal-level expression of innate immune genes, have not been 
previously described in R. aegyptiacus. These mechanisms 
can shorten the response time against invading pathogens, 
leading to a more effective and faster resolution of infection 
(Demian et al. 2024). To address this gap in studying immune 
resistance, we employed single-cell transcriptomics of 
R. aegyptiacus cells from two barrier tissues and of PBMCs, 
and studied them in a comparative manner to human and 
mouse cells. This allowed us to systematically compare im
mune gene expression between these species, and to find 
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Fig. 5. Comparative analysis of the complement system in lung and serum and functional analyses. a) Matrix plots showing DE results (−log[Q-value] 
between two species) of complement system gene expression, between R. aegyptiacus and human (left) and R. aegyptiacus and mouse (right) 
homologous epithelial cells. Maximum values are trimmed at 3 (Q-value < 10−3). In all cases of significant differences between species, the expression is 
higher in R. aegyptiacus, except for C6 expression that is higher in mouse AT2 and in human ciliated cells. b) Volcano plots showing DE analysis of gene 
expression between R. aegyptiacus and human (left) or mouse (right) AT2 cells. c) Violin plots of complement component and protease gene expression 
across different epithelial lung cell types in R. aegyptiacus, human and mouse. d) Serum protein abundance, based on Mass Spectrometry proteomics, in 
R. aegyptiacus and mouse. Complement system proteins are indicated. Proteins are ordered by relative rankings of their levels (x axis), computed as the 
mean of four individuals per species. e) Schematic representation of the complement pathway overlayed with several evolutionary analyses: Genes 
expressed uniquely in R. aegyptiacus gut and lung epithelial cells are marked in pink and green, respectively. Genes with signatures of positive selection 
across bat species are marked with an asterisk. C8A that is part of the C8 complex together with C8B and C8G, also displays signatures of positive 
selection. See supplementary Data table S11, Supplementary Material online for details. The figure was created in BioRender (2025) https://BioRender. 
com/h42d989. f) Hemolytic activity assay of R. aegyptiacus serum versus controls (0.1% SDS, Phosphate-Buffered Saline [PBS]) using rabbit blood. 
Hemolysis is shown as change in optical density (OD) at 541 nm (n = 4 individuals). Standard deviation is shown.
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transcriptionally conserved and divergent immune-related 
pathways.

Starting with the IFN pathway, we studied both basal ex
pression of IFN regulators, as well as the induction of type-I 
IFN genes in both mouse and R. aegyptiacus cells. We observe 
similar transcriptional patterns between these species in: (i) 
basal-level expression of genes related to IFN production, 
and in (ii) the induction of type-I IFN following 
dsRNA-stimulation. Our results show that after stimulation 
of PBMCs, type-I IFN production is almost exclusively ob
served in a subset of monocytes, and that these monocytes co- 
express many other cytokines and chemokines in both mouse 
and bat. These results are reminiscent of previous observations 
on human and mouse monocytes and macrophages infected by 
viruses and bacteria (O’Neill et al. 2021; Avital et al. 2022). 
This conserved pattern of cytokine upregulation in a small 
subset of cells suggests strong regulatory constraints imposed 
on cytokine expression, likely to avoid an excessive immune 
reaction and tissue damage (Hagai et al. 2018).

Interestingly, we find that rapid evolutionary expansion of 
type-I IFN genes in both the rodent and the bat lineages, 
does not result in transcriptional sub- or neo-functionalization 
of the lineage-specific IFN duplicates. Instead, these duplicates 
tend to be co-expressed with other IFNs in the same set of 
monocytes. Furthermore, these IFN duplicates are expressed 
in lower levels than IFNB1, a gene that exists as a single 
copy in both mouse and bat. Thus, the remarkable gene ex
pansion and contraction of IFNs in the course of mammalian 
evolution is likely associated with coding sequence divergence 
that contributes to functional differences in binding of these 
IFN paralogs and in their downstream signaling (Levin et al. 
2014). Indeed, a recent study showed that R. aegyptiacus cells 
stimulated by different IFNW subtypes display differences in 
inhibition efficiency of Marburgvirus replication (Pavlovich 
et al. 2020). Another possibility for these observations is 
that levels of different IFNs are fine-tuned with respect of their 
activity, such that IFNs with greater efficacy or with higher 
solubility, that can assist in eliciting the immune response in 
more remote locations, have lower expression levels. 
Interestingly, our findings differ from previous observations 
in a different fruit bat species, P. alecto, that found elevated 
levels of IFN genes and the IFN regulators IRF1, 3, and 7, in 
steady-state conditions (Zhou et al. 2014, 2016; Irving et al. 
2020). These differences suggest how even seemingly close 
species of bats may have evolved different adaptive mecha
nisms against pathogens.

We next searched for innate immune genes that differ in ex
pression between R. aegyptiacus, human and mouse in lung 
and gut, two important barrier tissues that act as main sites 
for pathogen infection. Steady-state expression of immune 
genes in barrier tissues can have important consequences for 
species ability to resist invading pathogens, since increased ex
pression of such genes at central sites of infection can provide 
rapid means to inhibit pathogen replication. It is thought to be 
an important mechanism in the adaptation of different mam
mals to viral infection (Irving et al. 2020; Schneor et al. 2023). 
We found that in contrast to the majority of innate immune 
genes that do not significantly differ in steady-state expression 
between these species in either lung or gut cells, many comple
ment system genes are strongly and uniquely expressed in bat 
epithelial cells in key regions from both tissues. Furthermore, 
we observed that complement system proteins are found in 
similar levels in serum of mouse and bat, highlighting the 

specificity of the transcriptional divergence observed in epithe
lial cells in barrier tissues. Interestingly, recent evolutionary 
analyses comparing bat genes with orthologs in other mam
mals found evidence for lineage-specific adaptation in coding 
sequences of bat complement system genes (Tian et al. 2023; 
Wu et al. 2023; Morales et al. 2025). In agreement with 
this, we found that a significant fraction of the complement 
system genes also show elevated evolutionary rates and signa
tures of positive selection in their coding sequences when com
pared across bat species. Taken together, our analyses point to 
concurrent evolutionary divergence in both sequence and ex
pression of complement system genes in R. aegyptiacus.

We next employed functional assays to study the 
R. aegyptiacus complement system and found a significant 
hemolytic activity. In all, the combined evolutionary and func
tional analyses suggest that R. aegyptiacus possesses a func
tional complement system that significantly diverged in both 
expression patterns in key tissue regions and in coding se
quence evolution. The expression of numerous components 
of the complement system in bat epithelia, together with the 
observed activity, may provide a mechanism to inhibit invad
ing pathogens infecting these barrier tissues.

The multitude of differences observed in R. aegyptiacus 
complement system genes in comparison with other mammals 
in both sequence and expression, and the fact that the comple
ment system functions as a cascade involving many proteins 
and protein complexes that act through different pathways 
and mechanisms, make it difficult to pinpoint how each of 
the observed evolutionary differences impacts the bat immune 
system to counteract various pathogens. Previous studies of 
several bat species found evidence for evolutionary and func
tional divergence in other immune pathways that, like the 
complement system, involve secretion of proteins. Some of 
the genes that belong to these pathways or their regulators, in
cluding defensins, pentraxins, ISG15 and several inflamma
tory cytokines, were either pseudogenized, inactivated or 
their expression levels were dampened in bat cells (Ahn et al. 
2016, 2019; Larson et al. 2021; Moreno Santillán et al. 
2021; Wu et al. 2023; Morales et al. 2025). Thus, the observed 
evolutionary divergence of the R. aegyptiacus complement 
system may be one of several adaptations of R. aegyptiacus 
to achieve a fine-tuned and effective immune response against 
pathogens.

Our analysis is limited by several factors: First, our compari
son is between three species, one of which is an inbred mouse 
model. The individuals tested from each of these species had 
different past exposures to pathogens that may have affected 
the transcriptional patterns we observe. The lack of existing 
analogous data from other related species, and especially 
bats, limits our comparison and does not allow us to deter
mine whether the unique transcriptional behavior of comple
ment system genes observed in R. aegyptiacus epithelial 
cells, is characteristic to other bat species as well. 
Furthermore, while we hypothesized that this basal expression 
of complement system genes may be important for fending off 
invading pathogens, the functional consequences of these ob
servations and whether this heightened basal expression is in
deed adaptive remains to be tested. In a similar fashion, our 
observation that rapid IFN gene duplication is not linked 
with rapid transcriptional divergence, still leaves the possibil
ity that different IFN paralogs are functionally divergent 
due to differential binding to, and activation of, the IFN recep
tor and its downstream signaling cascade. Finally, while 

12                                                                                                                                Levinger et al. · https://doi.org/10.1093/molbev/msaf017
D

ow
nloaded from

 https://academ
ic.oup.com

/m
be/article/42/2/m

saf017/7965755 by D
ipartim

ento di Inform
atica-U

niversità di Torino-Italy user on 23 April 2025



evolutionary changes in expression and in coding sequences 
can lead to increased resistance against certain pathogens, 
they may also entail costs in the form of increased sensitivity 
to other pathogens that infect bats (O’Shea et al. 2016; 
David et al. 2021; Weinberg et al. 2022), immune-related 
pathologies or metabolic costs.

In summary, our work provides a comprehensive analysis of 
gene expression in important tissues in R. aegyptiacus in com
parison to mouse and human cells, coupled with immune 
stimulation and spatial analysis. It points to conserved im
mune pathways and, in stark contrast, finds that R. aegyptia
cus complement system genes display significant 
transcriptional divergence in addition to rapid coding se
quence evolution and a significant hemolytic activity. 
Characterization of the complement system function and evo
lution is particularly important given its potential association 
with COVID-19 pathogenesis (Zelek and Harrison 2023). 
Thus, in addition to providing an important resource for the 
community, our data and findings can also advance under
standing of the mechanisms behind pathological immune con
ditions in humans.

Materials and Methods
Ethical Statement
Experimental protocols were approved by the Tel-Aviv 
University Animal Care and Use Committee (04-22-027, 
04-21-065, and 04-20-023) according to the Israel Welfare 
Law (1994) and the National Research Council (Guide for 
the Care and Use of Laboratory Animals, 2010), and by the 
Israeli National Park Authority (2021/42760). Healthy adult 
male Egyptian fruit bats (R. aegyptiacus) were housed in our 
facilities in the Zoological Garden at Tel-Aviv University in 
a controlled environment and their health status was moni
tored for any sign of disease throughout this period by a spe
cialized veterinarian. Healthy C57BL/6J adult male mice were 
obtained from the Tel-Aviv University animal facility (which is 
a conventional animal facility).

Experimental Procedures
All bats taken for these experiments were first examined for 
any clinical signs, then housed in our facility and monitored 
for a long period by a specialized veterinarian, ensuring that 
they are healthy, that they do not show any physiological or 
behavioral signs of disease, and that no bat with clinical symp
toms is in contact with them, following our established proto
cols of monitoring their health status (Moreno et al. 2021; 
Costantini et al. 2022; Weinberg et al. 2022). We note that 
while this bat species is known to be infected asymptomati
cally with certain viruses, particularly from the Filoviridae 
family, these viruses are not endemic to the region where the 
individuals used in this study originate from.

Tissue dissociation was performed using protocols that 
were as similar as possible to protocols used in previous 
work on human tissues (Vieira Braga et al. 2019; Elmentaite 
et al. 2021; Stephenson et al. 2021). Cells mapped from these 
human tissue dissociations were used as comparisons to 
R. aegyptiacus and mouse cells in some of the analyses below.

Isolation of Gut Cells for Single-cell Transcriptomics
Gut tissue sections, specifically the lower part of the upper third 
intestinal tract, from eight bats were collected following trans
cardial perfusion with cold D-PBS (02-023-1A, Biological 

Industries). Samples were cleaned and then sliced longitudinally, 
cleaned, and again washed with D-PBS. Next, samples were 
minced and 0.15 to 0.2 g of the minced tissue was transferred 
into the digestion mix (1.07 wU/mL Liberase DH [Roche, 
5401054001], [70 U/mL] Hyaluronidase [Sigma-Aldrich 
385931-25KU], [70 ug/mL] DNAse I [11284932001, Roche] 
in Hanks’ Balanced Salt Solution buffer [H6648, 
Sigma-Aldrich]). The samples were incubated for 25 min on a 
shaking platform at 150 rpm, and gently mixed every 10 min. 
Following incubation, the cells were passed through a 40 mM 
filter into a 50 mL falcon and added with 12 mL of 
Neutralization media (DMEM, Rhenium [41965039], 10% 
Heat inactivated Fetal Bovine Serum (FBS) [Rhenium, 
10270106]). The cells were pelleted using centrifugation 
(400 G, 4 °C for 5 min), resuspended in DMEM and counted. 
Depending on red blood cell (RBC) presence in the pellet, sam
ples were then treated with RBC cell lysis (Sigma, R7757) ac
cording to the manufacturer’s protocol, quenched with 10% 
FBS in D-PBS, and again pelleted and resuspended. Dead-cell re
moval protocol (Biotec Miltenyi, 130-090-101) was applied ac
cording to the manufacturer’s protocol in cases when cell 
viability was lower than 75%. The flowthrough was then pel
leted at 400 × g and resuspended in Phosphate-Buffered Saline 
(PBS) with 0.05% Bobine Serum Albumin (BSA). Cells were 
counted and loaded on the 10× Genomics Chromium instru
ment for single-cell library preparation, aiming to capture 
10,000 cells, using 3′ v2 chemistry according to the manufac
turer’s protocol. Libraries were sequenced on an Illumina 
NovaSeq 6000 using the NovaSeq 6000 SP Reagent Kit v1.5 
(100 cycles) to generate 84-bp paired end reads.

Mouse SI and colon samples (5 and 2, respectively) were 
processed in a similar manner. In the case of SI, we took sam
ples from the jejuno-ileal region. In the case of colon, we took 
the whole colon. Incubation time with digestion mix was 
25 min.

Preparation and Processing of Gut Sections for 
Spatial Transcriptomics
Gut sections were frozen in OCT according to 10× Genomics 
Visium protocol. Then 10× Genomics Visium protocol was 
applied on the (OCT)-embedded fresh frozen samples. All tis
sues were sectioned using a Leica CX3050S cryostat and were 
cut to obtain a 10 µm width. Samples were then tested for 
RNA integrity using a Tapestation 4200. Only blocks with 
RNA Integrity Number above 7 were used. Tissue optimiza
tion was performed, resulting in a permeabilization time of 
23 min. The Visium spatial gene expression protocol from 
10× Genomics was applied by loading a total of 11 gut sec
tions from two individual bats onto the Library Preparation 
Slide (4 grid sections) and following the manufacturer’s proto
col. All images for this process were scanned at 40× with an 
Aperio Versa 200 slide scanner. Libraries were sequenced on 
an Illumina NovaSeq 6000 using the NovaSeq 6000 SP 
Reagent Kit v1.5 (100 cycles) to generate 84-bp paired end 
reads.

Isolation of Lung Cells for Single-cell 
Transcriptomics
Lung tissues of eight bats were removed following transcardial 
perfusion and washed in cold D-PBS (Biological Industries, 
02-023-1A). Trachea was removed and the tissue was immedi
ately injected with an enzyme mix based on previous work 
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(Vieira Braga et al. 2019) (Dispase II 50 caseinolytic µ/mL 
[Sigma-Aldrich, D4693], Elastase 4.3 µ/mL [Worthington 
Biochem, Worthington, LS002292], Dnase I 30 μg/mL 
[Roche], Collagenase A 2 mg/mL [Roche, 10103578001], 
CaCl2 5 Mm [Sigma]) followed by mincing and a brief incuba
tion in a CO2 incubator at 37 °C. Samples were then trans
ferred to a shaker-incubator for 20 min at 37 °C, 150 rpm, 
followed by an immediate addition of 15 mL of neutralization 
buffer (DMEM [Biological industries 01-052-1], 10% FBS 
[Rhenium, 10270106]). Samples were then passed through a 
40 um strainer twice and pelleted at 400 × g, 5 min at 4 °C. 
Samples were then treated with RBC cell lysis (Sigma, 
R7757C, according to the manufacturer’s protocol) and 
quenched with (10% FBS, D-PBS). Cells were then pelleted 
at 400 × g, 5 min at 4 °C, resuspended in DMEM and counted. 
Dead-cell removal protocol (Miltney, 130-090-101) was ap
plied according to manufacturer protocol in cases when cell 
viability was lower than 75%, and the flowthrough was pel
leted at 400 × g, 5 min at 4 °C and resuspended in PBS with 
0.05% BSA. Cells were counted and loaded on the 10× 
Genomics Chromium instrument for single-cell sequencing, 
aiming to capture 10,000 cells, using 3′ V2 chemistry, accord
ing to the manufacturer’s protocol for CellPlex samples, or 
c_ChromiumNextGEMSingleCell 3′ v3.1_Rev D protocol 
for the standard protocol Libraries were sequenced on an 
Illumina NovaSeq 6000 using the NovaSeq 6000 SP Reagent 
Kit v1.5 (100 cycles) to generate 84-bp paired end reads.

In two cases, we tested an additional protocol: in one indi
vidual, we also tested the protocol without injection, and in 
another individual, we tested a cold dissociation protocol 
combining a similar digestion mix with an additional 
Bacillus Licheniformis protease—subtilisin A (Sigma, 
P5380). The procedure was performed as suggested in proto
cols.io (doi.org/10.17504/protocols.io.ymgfu3w).

For mouse lungs, we followed the same procedure we used 
for the majority of bat samples, with mouse lungs taken from 
three adult male individuals.

Isolation of PBMCs
R. aegyptiacus blood was collected from five individuals dur
ing transfusion and kept in heparinized tubes to prevent clot 
formation. PBMCs were isolated using 63% Percoll (Sigma, 
Cytiva; 17-0891-01) solution, according to standard density 
gradient centrifugation methods (30 min, 400 × g). Samples 
were then treated with RBC cell lysis (Sigma, R7757), 
quenched with 10% FBS in D-PBS, and again pelleted and 
resuspended.

In the case of mice, since the amount of blood from each in
dividual is limited, we combined blood from several individu
als (six and nine in two separate experiments) before 
continuing to PBMC isolation.

Cells were then counted and divided into 12-well plates with 
∼2 × 106 cells in each well. Cells were incubated overnight at 
37 °C in medium (IMDM [Biological Industries], supplemented 
with 10% of heat inactivated FBS [Rhenium, 10270106], 
Penicillin–Streptomycin–Amphotericin-B [Biological Industries, 
1 03-033-1C]).

Innate Immune Stimulation and Single-cell Profiling 
of PBMCs
With the collected PBMCs, we aimed to study the innate im
mune response, by stimulating them with two PAMPs—LPS 

and dsRNA that trigger antibacterial and antiviral response. 
These are conserved and well-characterized PAMPs that en
able studying the unmodulated host innate immune response 
in a comparative manner across cells and species while avoid
ing host–pathogen-specific biases (Hagai et al. 2018). 
Furthermore, we were aiming to characterize the immediate 
response, following a short stimulation time, and collected 
the cells after 4 h of stimulation. This was done following a 
time course calibration we conducted on immune and nonim
mune cells from various mammals, where we observed that 
4 h is the optimal time point to achieve a strong transcriptional 
response without high levels of cell death and before addition
al processes, such as secondary feedback loops are activated in 
these cells (Hagai et al. 2018; Kumasaka et al. 2023; Schneor 
et al. 2023).

A day following collection and overnight resting, cells were ei
ther stimulated with LPS 100 ng/mL (Invivogen, tlrl-3pelps), 
1 μg/mL high-molecular mass poly (I:C) (Invivogen, tlrl-pic), 
transfected with 2 μg/mL Lipofectamine 2000 (ThermoFisher, 
11668027), and either mock-transfected or kept untreated. 
Following 4 h of incubation, stimulation was terminated by col
lecting the floating cells and trypsinizing (Trypsin 0.05%, no 
Ethylenediaminetetraacetic acid, Sartorius, 03-046-1B) the at
tached cells on the bottom of the well. Cells were then washed 
in 0.05% PBS. Next, cells were counted and loaded on the 
10× Genomics Chromium instrument for single-cell sequencing, 
aiming to capture 10,000 cells. We used either 10× Genomics 
CG000390 Rev B protocol Chromium Single-Cell 3′ gene ex
pression V.3.1 (10× Genomics) for CellPlex samples, or 
CG000204_ChromiumNextGEMSingleCell 3′ v3.1_Rev D 
protocol for the standard protocol. Libraries were sequenced 
on an Illumina NovaSeq 6000 using the NovaSeq 6000 SP 
Reagent Kit v1.5 (100 cycles) to generate 84-bp paired end 
reads.

Computational Analysis

Mapping of Single-cell RNA-seq Data
R. aegyptiacus and mouse single-cell libraries from raw sequen
cing data were mapped to existing genomes and converted into 
UMI count matrices using 10× Genomics Cell Ranger v6.0 
(Zheng et al. 2017). Human data were downloaded from previ
ous works of the Human Cell (Elmentaite et al. 2021; 
Stephenson et al. 2021; Madissoon et al. 2023). For R. aegyptia
cus libraries, we used the bat1K genome assembly (Jebb et al. 
2020), deposited at the NCBI website as mRouAeg1.p (https:// 
www.ncbi.nlm.nih.gov/datasets/genome/GCF_014176215.1/). 
We tested it against a different genome annotation (Pavlovich 
et al. 2018), and chose the bat1K assembly since it gave a higher 
number of cells and allowed better identification and separation 
of cell types. Mouse libraries were mapped to ENSEMBL v92 
mouse transcriptome (GRCm38.p6), the same ENSEMBL ver
sion as the version used in the human mapping. Cell Ranger fil
tered count matrices were used for downstream analysis.

Manual Annotation of Rousettus aegyptiacus Genes
The current R. aegyptiacus genome assembly contains genes 
with missing annotations (appearing as “LOC”). To augment 
the current assembly, we used gene orthology relationship 
with human and mouse genes, as inferred by our orthology 
mapping using the EggNOG mapper and its vertebrate data
base (v2.1.2) (see orthology mapping procedure below). In 
addition, we used online annotations found in the online 
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NCBI website: https://www.ncbi.nlm.nih.gov/genome/gdv/ 
browser/genome/?id=GCF_014176215.1.

The above-mentioned genes were missing from the down
loaded version. Manually annotated genes by us appear in 
the dataset as “gene_LOCi” where “LOCi” is the original 
identifier and “gene” is the added manual annotation. In cases 
where there are more than one R. aegyptiacus gene matching 
to an EggNOG entry (i.e. paralogs likely originating from a re
cent duplication), we added a suffix of “_P”.

Comparative Analysis of Bat, Mouse, and Human 
Cells

Orthology Mapping Across Species
The basis for most comparative analyses in this work is a set of 
one-to-one orthologs between human, mouse and R. aegyptia
cus. Otherwise, in cases where we study gene duplicates, we 
specifically mention it. We used orthology relationships for 
the relevant species by running EggNOG 5.0 mapping 
(Huerta-Cepas et al. 2019) using the R. aegyptiacus, human, 
and mouse coding DNA sequence annotations, with the assem
blies mentioned above. Genes were considered one-to-one or
thologs across the three species if they matched the same 
EggNOG gene name.

Integrated UMAPs Across Species
Cross-species UMAPs were based on (i) expression of 
one-to-one orthologs across the three species, as defined above, 
and (ii) cells belonging to the same annotated cell type shared 
across at least two species (i.e. cell populations that were not 
found in two of the three species were excluded from these inte
grated maps). In each such shared cell type, we down-sampled 
the cells to achieve an equal number of cells per cell type across 
the species. For integration between mouse and R. aegyptiacus 
we also removed cells with over 10% mitochondrial reads 
from both the species. We integrated the data using Seurat 
v4.1.1 integration pipeline. Each dataset were normalized using 
LogNoramalize. FindVariableFeatures was used for finding 
highly variable genes (HVGs) for the following stages. 
Canonical-Correlation Analysis (CCA) and Mutual Nearest 
Neighbours algorithms (Hao et al. 2021) were then used for 
batch correction before integrating the datasets with 
IntegrateData. The integrated data were then scaled and PCA di
mensionality reduction was calculated based on HVGs (npcs = 
30). RunUMAP (dim = 1:30), FindNeighbors (dim = 1:30), 
and FindClusters (resolution = 0.5) were then used for clustering 
and visualizing the integrated data. The integrated datasets were 
then visualized using Uniform Manifold Approximation and 
Projection (UMAP) (using R’s DimPlot).

Correlation Between Cell Clusters Across Species
Cross-species comparisons were performed between 
R. aegyptiacus cells and human and mouse cells in each of 
the three tissues we studied. The cell types were compared 
in a pair-wise manner (R. aegyptiacus-human and 
R. aegyptiacus-mouse). In each case, gene expression in each 
cell cluster was aggregated to represent a “pseudo-bulk” gene 
expression of this cluster. Spearman’s rank correlation between 
the expression levels of orthologous genes between cell clusters 
in R. aegyptiacus and the other species were then computed us
ing differentially expressed (DE) genes, representing the marker 
genes that define each cell cluster and computed using Seurat 
v4.1.1 (Hao et al. 2021) FindMarkers. We compared either 

genes that are found to be DE genes between clusters in both spe
cies (the intersection of markers across the species), or the genes 
that are found to be DE genes between clusters in at least one of 
the species (the union of markers across the species). In each case 
we only used genes that are one-to-one orthologs between the 
two species. In each tissue, we showed the correlation values 
of both the intersection and union of marker genes between 
human—R. aegyptiacus and mouse—R. aegyptiacus.

Gut Analysis

Single-cell RNA-seq Quality Control and Processing
For QC and processing of the single-cell data, we used Pandas 
(v.1.2.3), NumPy (v.1.20.2), Annadata (v.0.7.8), ScanPy 
(Wolf et al. 2018) (1.8.1), and Python (v.3.9.2). Genes were fil
tered to include those expressed in more than three cells. Cells 
were filtered for more than 200 expressed genes and for <50% 
mitochondrial reads, to match with previous processing of hu
man gut single-cell data (Elmentaite et al. 2021). For doublet 
removal, we first used Scrublet (v.0.2.3) (Wolock et al. 2019) 
with a cut-off of 0.25. For further doublet exclusion during 
the downstream processing, we searched for unexpected co- 
expression of canonical markers from different cell types. For 
example, cells co-expressing CD3E/CD3D (markers of T cells) 
and EpCAM or other epithelial markers, were excluded from 
further analysis. Gene expression for each cell was normalized 
(sc.pp.normalize_total) and log-transformed (sc.pp.log1p). 
Cell cycle score was calculated using the expression of 97 cell 
cycle genes [Dissecting the multicellular ecosystem of metastat
ic melanoma by single-cell RNA-seq (Tirosh et al. 2016)]. The 
percentage of mitochondrial reads and unique molecular iden
tifiers (UMIs) were regressed (sc.pp.regress_out) before scaling 
the data. These procedures were performed for R. aegyptiacus 
gut and for mouse small and large intestine.

Clustering and Cell Type Identification
Integration and batch correction of datasets were performed us
ing bbknn (v.1.5.1, neighbors = 2, metric=“euclidean”, n_pcs = 
30, batch_key=“Sample”). Dimensionality reduction and 
Leiden clustering (resolution 0.4 to 2) were performed, followed 
by cell lineages annotations. We used computationally derived 
marker gene expression for each cluster—DE genes (using 
sc.tl.rank_genes_groups, method = “wilcoxon”). In addition, 
we searched for known markers to further annotate our cell clus
ters, using a set of genes taken from previous studies (Elmentaite 
et al. 2021; Niec et al. 2022; Madissoon et al. 2023). To identify 
subsets and cell populations in greater resolution, we subclus
tered the data by lineages, and again performed batch correction 
and Leiden clustering in an iterative fashion.

Rousettus aegyptiacus Cells. Epithelial cells were subdivided, 
based on markers (in brackets), into stem cells (LGR5, RGMB, 
and SLC12A2), TA (MKI67, TOP2A, and PCNA), entero
cytes (APOA1, ALPI, and ANPEP), goblet (MUC2 and 
REG4), Paneth (DEFA5, TFF3, and GUCA2A), tuft (AVIL, 
TRPM5, and POU2F3), and enteroendocrine cells (EEC; 
CHGA, and CHGB). We also identified two separate clusters 
of enterocytes and goblet cells that we term PLK2, based on 
the expression of this gene in these two populations.

Mesenchymal cells were subdivided into fibroblasts (DCN, 
LUM, and PDGFRA), pericytes (NOTCH3 and PDGFRB), 
and smooth muscle cells (SMC; DES, ACTA2, and 
TAGLN), while myofibroblasts were identified by the 
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expression of ACTA2, TAGLN, and PDGFRA, yet lacked the 
SMC marker desmin (DES). Fibroblasts were further divided 
into two populations by the expression of either PI16 or 
ADAMDEC1. In addition, we identified glial cells (MPZ, 
CDH19, and PLP1), and mesothelial cells on the basis of 
LRRN4 and PRG4.

Endothelial cells (PECAM1) were subdivided into vascular 
on the basis of VWF gene expression or lymphatic (LEC) on 
the basis of CCL21, PROX1, and LYVE1.

Myeloid cells were subdivided into monocytes (F13A1 and 
IL1B), macrophages (C1QA and CD163) and DCs. DCs 
were defined as either cDC1 (CLEC9A and XCR1) or cDC2 
(IL18 and SIRPA), both expressing BATF3 and HLA-DRA, 
or as pDCs, on the basis of IRF8 and TCF4. Neutrophils 
(CSF3R, CCRL2, and G0S2), Mast cells (GATA2, IL1RL1, 
and MS4A2), and Eosinophils (PRG3, RFLNB, and CD24) 
were identified as well, comprising the granulocytes group.

Lymphocyte cells were subdivided into T/natural killer (NK) 
cells and B cells. The T cell (CD3D) compartment is composed 
of CD4 T cells, expressing CD4 and not CD8A, and vice versa 
for CD8 T cells, as well as an additional T CD8 subset, express
ing GZMK. NK cells were identified based on the expression of 
NCR1 and KIR receptors (KLRB1 and KLRD1), yet lacking 
the expression of CD3D. Natural killer T (NKT) cells were 
identified by the expression of the KIR receptors together 
with CD3D and the lack of NCR1. Innate lymphoid cells 
(ILCs; TRDC) were defined as ILC3 (IL23R, KIT, RORC, 
FCER1G [An in vitro model of innate lymphoid cell function 
and differentiation]) or ILC2 based on the lack of ILC3 
markers combined with a stronger expression of GATA3 and 
RORA. Cycling T cells were also identified, expressing 
CD3D together with STMN1. B cells were identified by the ex
pression of CD79B together with MS4A1 while plasma B cells 
were expressing MZB1 as well. Cycling B and plasma cells 
were identified by the additional expression of STMN1.

Mouse Cells. We used the same markers as above, with the 
following differences:

In SI: SCs—we also used OLFM4, Enterocytes—ALDOB, 
RBP2, goblet cells—TFF3, SPINK4, Paneth—DEFA24, 
LYZ1, Tuft—DCLK1, Mesenchymal—CD34, COL6A2. In 
the immune compartment, additional markers were used for 
macrophages—LYZ2, H2-EB1, cDC2—CD209A, pDC— 
SIGLECH, BST2. In lymphocytes, CD28 was used for CD4 
T cells and JCHAIN for B plasma cells.

In colon: In addition to the mouse SI markers and the 
R. aegyptiacus gut markers: Colonocytes were defined by the 
expression of CAR1, CAR4, and AQP8 and vascular endothe
lial cells by the additional marker SOX17. In the immune 
compartment, we also used the marker CCR2 for 
Neutrophils, for activated DC—CCR7 and FSCN1, and for 
CD4 T cells—LEF1.

Spatial Transcriptomics Mapping, QC and Spatial 
Abundance of Cell Type Analysis
Binary Base Call files were converted to fastq format and de
multiplexed using 10× Genomics Space Ranger 2.0.0 
(https://support.10xgenomics.com). The converted fastq files 
were then mapped to the reference R. aegyptiacus transcrip
tome (the same as with the single-cell RNA-seq data) using 
Space Ranger. Next, we spatially mapped gut cell types using 
our R. aegyptiacus spatial transcriptomics data, integrating 
scRNA-seq using Cell2location (v0.1) (Kleshchevnikov et al. 

2022). Only Visium spots aligned on the tissue were used 
for analysis, exclusion of spots was performed with Loupe 
Browser v6.3.0. We employed the Cell2location model to esti
mate the abundance of each cell population in each spot. This 
model leverages the transcriptional signatures of reference cell 
types to decompose the mRNA counts in the 10× Genomics 
Visium data. The gene expression matrix was filtered to re
move lowly expressed genes using filter_genes with default 
values. Cell2location was employed to estimate reference 
gene expression signatures of cell types from using negative bi
nomial regression. For the processing of the 10× Visium data, 
we adjusted the hyperparameters in Cell2location as follows: 
The model was trained for 30,000 iterations; The RNA detec
tion sensitivity, detection alpha, was set to 20 and the number 
of cells per location to 18, based on comparison with histology 
images paired with 10× Genomics Visium. In this analysis we 
used libraries from Scanpy (v1.8.1) (Wolf et al. 2018), 
Anndata (v0.8.0), and Matplotlib (v3.6.2).

For mouse SI spatial transcriptomics data, we used data 
from a previous study (Niec et al. 2022). We processed the 
mouse data as described above.

Transcriptional Analysis of SI Versus Colon Analysis
To establish a set of SI enterocyte and colonocyte signature 
genes, a DE analysis was performed between the two cell types 
in human and, separately, on mouse, using 1:1 orthologs 
across human, mouse, and bat. Enterocytes and colonocytes 
from mouse and human single-cell data (healthy adult sam
ples) were down-sampled for equal cell numbers in each species 
(python random package with sample method, seed = 1), 4,271 
of each type in human and 4,456 in mouse. Human enterocytes 
of duodenal and rectal origins were excluded, as well as pediat
ric samples. sc.tl.rank_genes_groups (method = “wilcoxon”) 
was then used for DE analysis between enterocytes and colono
cytes in each species. Genes were filtered for 0.01 adjusted 
P-value; mitochondrial genes were excluded from the analysis. 
From the DE results, we obtained 100 signature genes that are 
highly expressed in enterocytes versus colonocytes and vice 
versa. This was done by taking the genes with the lowest 
“Max Q-value” (the higher adjusted P-value of a gene in the 
enterocytes–colonocytes DE analysis in human and mouse).

For heatmap representation of enterocyte and colonocyte 
genes in different gut sections and in different species, we 
down-sampled the cells (human and mouse SI enterocytes 
and colonocytes and R. aegyptiacus enterocytes) to reach an 
equal number of 4,280 cells. Data were then normalized 
(sc.pp.normalize_total) and log-transformed (sc.pp.log1p) 
following the regression of mitochondrial reads and UMIs 
(sc.pp.regress_out) before scaling the data (sc.pp.scale). The 
data were plotted using sc.pl.heatmap. To test for relative 
gene expression of enterocyte and colonocyte signature genes 
in R. aegyptiacus enterocytes, we used a one-sided Mann– 
Whitney U test (scipy.stats.mann–whitneyu).

Evolutionary Analysis of Enterocyte 
Trans-differentiation Along the Villus

Top and Bottom Villus Scores
To identify the likely zonation of enterocytes in our single-cell 
and spatial transcriptomics data, we used five sets of landmark 
genes, highly expressed in specific regions along the villus, 
from a previous work that identified them in mouse villi using 
laser capture microdissection of five sequential regions along 
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the villus and bulk-RNA-seq (Moor et al. 2018). We then used 
only those genes that were identified as one-to-one orthologs 
across human, mouse, and bat. The scoring was done using 
sc.tl.score_genes() function with default parameters to calcu
late the average expression of selected genes subtracted with 
the average expression of a reference set of genes. The score 
was then standardized between 0 and 1. To visualize these 
scores in the spatial data, we used sc.pl.spatial.

Inferences of Enterocyte Zonation Along the Villus
Following the scoring, enterocyte single-cell datasets 
from each of the three species were filtered for genes expressed 
in more than three enterocytes, and then normalized 
(sc.pp.normalize_total) and log-transformed (sc.pp.log1p), 
following by regressing out mitochondrial reads and UMIs 
(sc.pp.regress_out). Log-normalized counts of HVGs were 
scaled (sc.pp.scale) before performing PCA. We then plotted 
the five zonation scores in human, mouse, and bat enterocytes. 
Since the scores largely followed PC1, we used PC1 coordi
nates to define enterocyte zonation, by dividing the cells into 
five sequential sections along PC1. For top versus bottom com
parison, we further used 15% of the enterocytes found in the 
two extremes of the axis.

scVelo Trajectory Analysis
The cell trajectory analysis for the bat and mouse enterocytes 
was carried out with scVelo 0.2.4 (Bergen et al. 2020) pack
age, as implemented in scanpy. Preprocessing of the enterocyte 
data were performed with the function scv.pp.filter_and_ 
normalize (min_shared_counts = 20), followed by scv.pp.mo
ments function. Gene-specific velocities were determined using 
scv.tl.velocity (mode = “stochastic”) and scv.tl.velocity_ 
graph(), by quantifying the steady-state equilibrium deviation 
from a ratio between unspliced to spliced mRNA levels. 
Gene-specific velocities were visualized with scv.pl.veloci
ty_embedding_stream (basis = “pca”).

In order to plot heatmaps of expression along the villus, a 
dynamic model pipeline was used with the functions scv.tl.re
cover_dynamics() followed by scv.tl.velocity (mode = “dy
namic59al”) and scv.tl.velocity_graph(). Heatmaps were 
plotted using scv.pl.heatmap for the five sets of gene signatures 
along the sections of the villus used for the enterocyte scores. 
Enterocytes were sorted by the PC1 coordinates used to iden
tify the regions along the villus axis from which they likely 
originated.

DE analysis of top and bottom villi enterocytes
Top and bottom enterocytes were down-sampled (python ran
dom package with sample method, seed = 1) for equal cell 
numbers between regions and between species resulting in a to
tal number of 627 enterocytes in each group. Downstream pro
cessing was performed in a similar manner as above 
(“Inferences of enterocyte zonation along the villus”), with 
the addition of a batch correction performed with bbknn 
(v.1.5.1, neighbors = 2, metric = “euclidean”, n_pcs = 30, 
batch_key = “Sample” or “sample name”), and a UMAP di
mensional reduction. DE analysis was carried out using 
sc.tl.rank_genes_groups (method = “wilcoxon”) for each spe
cies individually between the top and bottom regions. Genes 
were annotated as top (positive logFC) or bottom (negative 
logFC) in each species separately. In addition, genes were la
beled based on expression levels as: not expressed, expressed 

in more or <5% of the population, or expressed in more 
than 20% of the population.

Gene age
For the gene age analysis, we used genes expressed in more than 
20% of the human enterocytes and based the analysis on the hu
man DE analysis. We used human, as gene age estimations are 
available and best characterized for the human genome (al
though these one-to-one orthologous genes should not vary be
tween species). For this, human enterocyte single-cell data were 
filtered for genes expressed in over 20% of the top or bottom en
terocyte population by sc.pp.filter_genes (human, min_ 
cells = int(0.2*human.shape[0])), then processed in a similar 
manner as for the DE analysis of the three species. 500 top (posi
tive logFC) and 500 bottom (negative logFC) most significant 
genes were selected for the analysis by lowest adjusted 
P-value. Gene age estimations according to three different meth
ods and family reconstruction (Wagner/Ensembl, Wagner/ 
OrthoMCL, and Dollo/OrthoMCL) were obtained from 
ProteinHistorian (Capra et al. 2012). For each gene, age was de
fined with respect to the species tree, where a gene’s age corre
sponds to the branch in which its family is estimated to have 
appeared (thus, larger numbers indicate evolutionarily older 
genes). Data were plotted using Seaborn package boxplot, for 
statistics we used a one-sided Mann–Whitney U test (scipy.s
tats.mann–whitneyu).

Transcriptional Conservation of Top and Bottom Genes
To study the transcriptional conservation of the sets of top 
and bottom genes, we compared DE results between top 
and bottom genes in human data with those in mouse and 
R. aegyptiacus. Human DE results were selected as the refer
ence for comparison since its DE genes were the most signifi
cant (top versus bottom genes) and since it was also used in 
the gene age estimates. For comparison across species, we 
used two unbiased sets of top and bottom genes, where we con
trolled for the adjusted P-values, such that both sets would 
have a similar distribution of these P-values. For this, we 
used a function we developed previously (Fraimovitch and 
Hagai 2023): row_matchers.one_to_one_matches (col = −log 
Qval_human, eps = 5). We used this script with initial sets of 
250 most significant genes from each of the bottom and top 
gene sets. This method yielded 70 human-paired DE genes (70 
top and 70 bottom genes). Top and bottom genes were then pro
jected on the bat and mouse DE data, to test the distributions of 
adjusted P-values of these two gene sets in each of these species. 
Data were visualized and statistical significance was determined 
as described above (“gene age”) and the statistics as well, except 
for the Mann–Whitney U test performed for the human DE 
paired genes that were done as a two-sided test in order to check 
for biases in both directions. For volcano plot visualization, we 
used seaborn scatterplot with the DE analysis data.

Species-specific Top Gene Analysis
In this analysis we first searched for genes that are transcrip
tionally divergent such that they are either expressed as top vil
lus genes only in the bat cells (in comparison with both human 
and mouse) or the opposite (i.e.—top genes in both human and 
mouse, but not in bat). We defined genes to be expressed as top 
in bat but not in human and mouse as follows: We first kept 
genes that are top in bat cells with an adjusted P-value < 0.01 
and that their logFC in the other two species is below 0.5. 
We also asked that the difference between the logFC values 
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of bat versus either human or mouse will be positive. We then 
took the top 100 genes that are most significant in terms of hav
ing the highest differences of logFC in bats in comparison with
either species.

For genes that are top in human and mouse but not in bat, 
we performed a similar procedure, where we used genes that 
(i) had an adjusted P-value < 0.01 in both human and mouse 
cells, (ii) their logFC in bat cells was below 0.5, and (iii) the dif
ferences between the logFC values of bat versus both human 
or mouse was negative. In each set, we searched for significant
ly enriched pathways and functions using g:Profiler (Raudvere 
et al. 2019) with the top 100 genes.

Expression Analysis Along the Villus of Specific Sets of Genes
In this analysis, we used one-to-one orthologous genes, found in 
gene sets with known functions. These sets were either the result 
of the previous analysis (see above—the two sets were those re
lated to the terms: (i) Lipid transport Gene Onthology (GO): 
0006869, and (ii) Anion binding GO:0043168) or involved in 
nutrient absorption and transport and taken from a previous 
study (doi.org/10.1084/jem.20191130). We only used genes ex
pressed in each of the species in more than 10% of the entero
cytes in at least one of the five regions along the villus. 
Expression was then visualized by sc.pl.matrixplot (standard_s
cale = “var”) across the villi axis with the groups V1 to V5.

DE Analysis of Gut Cells Across Species
DE analysis was performed between homologous cell types in 
R. aegyptiacus gut and human or mouse SI as integrated Seurat 
objects using FindMarkers() of Seurat v3 with default param
eters (min.pct = 10, logfc.threshold = 0.25, assay = “RNA”). 
This analysis included only those genes that were identified 
as one-to-one orthologs across human, mouse, and 
R. aegyptiacus and equivalent cell types were down-sampled 
(python random package with sample method, seed = 1) for 
equal cell numbers between the R. aegyptiacus and the other 
species. We later searched for significantly enriched pathways 
and functions using g:Profiler (Raudvere et al. 2019) with the 
top 50 significant genes (adjusted P-value < 0.01) with the 
highest logFC (see enriched pathways for R. aegyptiacus 
stem cells in supplementary table S8, Supplementary 
Material online).

The complement system gene set used in the analysis was 
taken from a previous work (Chaudhary et al. 2022) and is 
composed of pattern recognition, proteases, complement com
ponents, receptors, and regulators from all three major path
ways. In order to visualize the DE results regarding 
complement system proteases and components we used sea
born’s heatmap with −log (adjusted P-value) values, and set 
a maximum threshold of 3. Only significant DE genes (default 
FindMarkers() parameters) in at least one cell type in either 
R. aegyptiacus—mouse DE or R. aegyptiacus—human DE 
analysis were included. For visualization of the expression of 
the complement system genes in all three species, we used 
Seurat’s (VlnPlot()) and dotplot(DotPlot()), with normalized 
log-transformed single-cell data.

For volcano plot visualization, we used seaborn’s scatter
plot with DE analysis data of all orthologs shared between 
the three species using Seurat v3′ FindMarkers with no thresh
old. The set of innate immune genes was obtained from 
InnateDB (Breuer et al. 2013).

Spatial Analysis of Complement Gene Expression
Spatial complement gene expression analysis was carried out us
ing ScanPy in the following manner: Spatial transcriptomics data 
was normalized, log-transformed and scaled, similarly to the 
single-cell data analysis. Next, dimension reduction was per
formed followed by Leiden clustering (resolution = 1.4). The 
clusters were visualized by UMAP and on the spatial grid. 
Selected clusters were then annotated for either the intestinal 
wall, the crypt or the villus, based on markers of the cells residing 
in these areas as follows: Wall: SMC—DES, Crypt: Paneth cells
—DEFA5 and STMN1 (a marker expressed in cycling and differ
entiating cells), Villus: Enterocytes—APOA1. Following 
annotation, DE analyses were performed using rank_ge
nes_groups (method = “wilcoxon”, group_by = “area”) and se
lected complement components and proteases gene expression 
were visualized on the spatial grid or using ScanPy’s dotplot.

In order to visualize the expression of the complement compo
nents and proteases along the villus, crypt cells (TA, Stem, and 
Paneth cells) and enterocytes were plotted for expression using 
ScanPy’s matrix plot (sacpny.pl.matrixplot()) as was done in 
the top and bottom analysis section with single-cell data.

Lung Analysis

Single-cell RNA-seq Quality Control, Clustering and Cell 
Type Identification
For QC and clustering of R. aegyptiacus and mouse lung single- 
cell data, we employed a similar approach to the approach 
described above for gut cells, with the exception of using a 
threshold of cells with fewer than 30% mitochondrial reads.

Clustering and Cell Type Identification
R. aegyptiacus data were integrated and Leiden-clustered as 
described in the gut section. Clusters and subclustres were 
identified using computationally derived marker genes be
tween clusters. We also used known markers from previous 
studies, as follows.

Rousettus aegyptiacus Cells. Epithelial cells were subdivided 
into Alveolar type-I (AT1; AGER, CLIC5, and RTKN2), 
Alveolar type-I (AT2; SFTPC, SFTPB, and MUC1), basal 
(KRT5, TP63, and KRT17), ciliated (FOXJ1 and 
DYNLRB2), club (SCGB3A2), and goblet cells (TFF3, 
MUC5AC, SPDEFF, and FOXA3). Tuft cells, also known as 
brush cells, were identified on the basis of BIK, PLCG2, 
ALOX5AP, and SOX9 (Strine and Wilen 2022).

Endothelial cells (PECAM1) were subdivided into vascular 
(VWF) and LEC (CCL21, MMRN1, and PROX1) cells. The 
vascular endothelial cells were further divided into capillary 
(EDNRB, CA4, TBX2, and PRX), venous (ACKR1 and 
VWF) and arterial on the basis of EFNB2, SEMA3G, and 
VWF (Schupp et al. 2021).

Mesenchymal cells were subdivided into fibroblasts (DCN, 
LUM, and PDGFRA), pericytes (NOTCH3 and PDGFRB), 
and SMCs based on the expression of ACTA2, MYH11, and 
DES. Fibroblasts were further divided into alveolar 
(COL13A1 and NPNT), adventitial (PI16 and COL1A1) 
and peribronchial (HHIP, FGF18, and WIF1) (Tsukui et al. 
2020). Pericytes were divided into two populations based on 
the expression of ACTA2 in one of the subsets. In addition, 
we identified mesothelial cells on the basis of LRRN4, 
PRG4, and MSLN.
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Myeloid cells were subdivided into CD14 monocytes 
(CD14, F13A1, and VCAN), CD16 monocytes (FCGR3A 
and CX3CR1), macrophages (CD163), and DCs. 
Macrophages were divided into alveolar macrophages, on 
the basis of MARCO, and to macrophages interstitial, based 
on a stronger expression of C1QA combined with a lack of 
MARCO expression. DCs were defined as either cDC1 
(CLEC9A and XCR1), cDC2 (IL18), or activated DC 
(LAMP3, FSCN1, and CCR7), all expressing HLA-DRA as 
well as BATF3, and pDCs (IRF8 and TCF4). Neutrophils 
(CSF3R, CCRL2, G0S2, and S100A8), mast cells (GATA2, 
IL1RL1, and MS4A2), and eosinophils (PRG3, RFLNB, and 
CD24) were identified as well, comprising the granulocytes 
group. Neutrophils were further subdivided into subtypes 
based on the expression of OLFM4 (Clemmensen et al. 2012).

Lymphocytes were subdivided into T/NK cells and B cells. 
The T/NK population was subdivided into T (CD3) CD4 or 
CD8 expressing cells, ILCs and NK cells. The CD4-expressing 
T cells were further divided into naïve T cells on the basis of 
CCR7, TCF7, and LEF1, central memory CD4 (CM) T cells, a 
population with a weaker expression of these genes and effector 
memory (EM) CD4 T cells, on the basis of CXCR6 and CCL5. 
The CD8-expressing T cells were divided into CM and EM CD8 
T on the basis of additional expression of GZMB and TBX21 
(Bieberich et al. 2021), and NKT. NKT and NK cells were iden
tified based on the expression of the KIR receptors KLRB1, 
KLRD1, and NCR1 and distinguished based on the expression 
of CD3D and CD3G (NKT), or lack of such expression (NK 
cells). ILCs (TRDC) were defined as ILC2, based on GATA3, 
MAF, and IL1RL1 expression, or as ILC3, based on RORC, 
IL23R, KIT, and FCER1G expression (Allan et al. 2015). 
Cycling T cells were identified by the expression of CD3D to
gether with STMN1. B cells were identified by the expression 
of CD79B together with MS4A1, while B plasma cells were ex
pressing MZB1 and JCHAIN. Cycling B and cycling B Plasma 
cells were defined based on the additional expression of 
STMN1.

Erythrocytes were also identified, using HBB and ALAS2 
expression.

Mouse Cells. We used the same markers as above, with the 
following differences:

For goblet cells we used the marker MUC5B (Travaglini 
et al. 2020). For arterial endothelial cells, we used SOX17 
(Schupp et al. 2021), and for the peribronchial fibroblasts 
we used ASPN as well (Tsukui et al. 2020).

In the immune compartment we used additional markers as 
follows: Mast cells—CPA3, classical monocytes (LY6C+)— 
CCR2, nonclassical monocytes (LY6C−)—ENO3 (Casanova- 
Acebes et al. 2021), alveolar macrophages—LPL, cDC2— 
CD209A, activated DC—BIRC3, pDCs—BST2, SIGLECH, 
and regulatory T cells (Treg)—FOXP3 and CTLA4.

DE Analysis of Lung Cells Across Species
The same procedures as in DE analysis of gut cells across 
species were performed for the lung-resident cells. See Go 
term analysis and enriched pathways for R. aegyptiacus AT2 
cells in supplementary table S10, Supplementary Material
online.

Complement System Gene and Activity 
Analysis
Detection of Positive Selection in Complement 
System Genes in Bats
We employed a phylogenetic-based approach to analyze 14 
genes involved in the classical and alternative pathways of 
the complement (C1S, C1R, C2, CFB, CFD, CFI, C3, C5, 
C6, C7, C9, C8A, C8B, and C8G). We used orthologous genes 
from up to 10 bat species, representing different branches 
across Chiroptera (R. aegyptiacus, Pteropus vampirus, 
Rhinolophus ferrumequinum, Molossus molossus, 
Phylostomus discolor, Artibeus jamaicensis, Pteropus_ 
vampirus, Pipistrellus kuhlii, Myotis myotis, Myotis lucifu
gus). Orthologous sequences were aligned using MAFFT 
(Katoh and Standley 2013) with default parameters, and 
poorly aligned regions were removed (by columns) using 
GUIDANCE v2.0.2 (Sela et al. 2015) (default parameters). 
We employed PhyML v3.1 (Guindon et al. 2010) for phylogen
etic tree reconstruction for each of the MSAs. Finally, we used 
codeML from the PAML package v4.9h (Yang 2007) using a 
site model (NSsites = 8, model = 0). In order to evaluate the 
null hypothesis against the alternative model, we employed 
the likelihood-ratio test and calculated the corresponding 
P-value using a χ2 distribution with 1 degree of freedom, fol
lowed by False Discovery Rate (FDR) correction. Positively se
lected genes were considered those with a corrected P-value < 
0.05 (8 out 14).To identify sites under positive selection, we 
utilized the Bayes Empirical Bayes approach. Genes with resi
dues having over 95% probability for positive selection (Pr > 
0.95) were considered to exhibit strong evidence of positive 
selection.

Serum Proteomics Analysis
Blood was collected from four healthy adult male bat individ
uals and four healthy 10-week-old male C57BL/6 black mice. 
Freshly collected whole blood was left to clot at room tem
perature for 30 min. The clot was removed by centrifuging 
at 1,000 × g for 10 min in a refrigerated centrifuge. 100 µL 
of the serum was lyophilized before shipping for proteomics 
analysis.

A hundred microlitres of each serum sample was lyophilized 
and reconstituted in 100 µL of 50 mM ammonium bicarbon
ate (ABC). Two microlitres of each serum was diluted into 
20 µL of 50 mM ABC and disulfide bonds were reduced and al
kylated with 10 mM Tris(2-carboxyethyl)phosphine hydro
chloride and 40 mM chloroacetamide for 30 min at 37 °C. 
Proteins were further denatured by adding 2, 2, 2-trifluoroe
thanol to 20% (v/v) and heated at 95 °C for 5 min. TFE was di
luted and 0.4 µg of trypsin (NEB) was added for overnight 
37 °C incubation; additional 0.2 µg of trypsin was added for an
other 3 h incubation at 37 °C. Resulting peptides were cleaned 
up by C-18 STop And Go Extraction (STAGE) tips (Ishihama 
et al. 2002) and peptide concentration was estimated using 
NanoDrop One, 205 nm Scopes (Thermo Scientific). 
Approximately 80 ng of peptides were injected into timsTOF 
Pro2 (Bruker Daltonics) coupled to NanoElute UHPLC 
(Bruker Daltonics) using Aurora Series Gen2 analytical column 
(IonOpticks) using a DIA-PASEF method. Instrument parame
ters follows paper PMC10806398 with following method 
changes. The PASEF ramps contained 25 nonoverlapping 
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isolation windows from 299.5 to 1200.5 m/z with ion mobility 
range of 0.7 to 1.3 V s cm−2 and collision energy ramped from 
20.0 eV at 0.6 V s cm−2 to 65.0 eV at 1.6 V s cm−2.

Data was searched against either the Uniprot assembly of R. 
aegyptiacus (UP000593571) or mouse (UP000000589) pro
teomes with a custom list of contaminants with DIA-NN ver
sion 1.8.2 beta 27 (Demichev et al. 2020). Library-free search 
mode was enabled, using trypsin/P protease specificity and one 
missed cleavages. Other search parameters include one max
imum number of variable modification, N-terminal M exci
sion, carbamidomethylation of C, and oxidation of 
M. Peptide length ranged 7 to 30, precursor charge ranged 1 
to 4, precursor m/z ranged 300 to 1,800, and fragment ion 
m/z ranged 200 to 1,800. Precursor FDR was set to 1%, 
with 0 for settings “mass accuracy”, “MS1 accuracy”, and 
“scan window”. Settings “heuristic protein inference”, “use 
isotopologues”, “match between run”, and “no shared spec
tra” were all enabled. “Protein name from FASTA” was chos
en for protein inference parameter along with “double-pass 
mode” for neural network classifier. QuantUMS (high preci
sion) was used for quantification strategy, RT-dependent 
mode for cross-run normalization, and smart profiling mode 
for library generation.

We normalized the protein abundance values by dividing 
the abundance values by the summation of all abundance pro
tein values (and multiplied by 10E6).

Hemolytic Assay Using Rabbit Blood
The hemolytic activity assay was performed as described pre
viously for bacteria and adapted for serum (Glomski et al. 
2002). Bat serum was serially diluted in PBS, and incubated 
with 0.5% rabbit red blood cell suspension, obtained from 
TAU animal facility from an unrelated experiment. 
Hemolysis was measured by following the change in absorb
ance at 540 nm.

PBMC Analysis

Single-cell RNA-seq Quality Control, Clustering and Cell 
Type Identification
For QC and clustering of R. aegyptiacus PBMC single-cell 
data, we employed a similar approach to the one described 
above for gut cells, with the exception of using a threshold 
of cells with <20% mitochondrial reads. R. aegyptiacus data 
were integrated and Leiden-clustered as described in the gut 
section. Clusters and subclustres were identified using compu
tationally derived marker genes between clusters as well as us
ing known markers from previous studies (Aandahl et al. 
2003; Martin and Badovinac 2018; Zhang et al. 2019; 
Bieberich et al. 2021; Elmentaite et al. 2021; Madissoon 
et al. 2023).

Rousettus aegyptiacus Cells. Myeloid cells were subdivided 
into monocytes (MAFB), cDCs (IL18 and CD1A) (Coventry 
and Heinzel 2004), activated DC (LAMP3, FSCN1, BATF3, 
and CCR7) and pDCs on the basis of IRF8 and TCF4. 
Monocytes were further divided into CD14 monocytes 
(CD14, F13A1, and VCAN) (Casanova-Acebes et al. 2021), 
CD16 monocytes (FCGR3A and CX3CR1) and a population 
defined by the expression of IFNB1. Neutrophils were identi
fied as well, based on CSF3R, CCRL2, and G0S2.

The lymphocytes were subdivided into T/NK cells and B cells. 
The T/NK population was subdivided into T (CD3) CD4 or 

CD8 expressing cells and NK cells. The CD4-expressing T cells 
were further divided into naïve T cells on the basis of CCR7, 
TCF7 and LEF1, CM CD4 T cells, a population with a weaker 
expression of these genes and EM CD4 T cells, on the basis of 
CXCR6. Another CD4-expressing population is the regulatory 
T cells (Tregs), identified by the markers FOXP3 and CTLA4. 
The CD8-expressing T cells were divided into CM and EM 
CD8 T cells on the basis of additional expression of GZMB 
and a lack of the differentiation marker CD7 (Aandahl et al. 
2003). NKT and NK cells were identified based on the expres
sion of the KIR receptor KLRD1 together with NCR1, while 
NK cells lacked the expression of CD3D and CD3G. In a similar 
manner to CD8 T cells, NKT and NK cells were identified as ac
tivated when lacking the expression of CD7 while expressing 
GZMB.

B cells were identified by the expression of CD79B together 
with MS4A1 while plasma cells were expressing MZB1 and 
JCHAIN as well. Another B cell population was annotated 
based on the additional expression of the activation marker 
CD83.

Mouse Cells. Mouse datasets were integrated with Seurat 
CCA and annotations were done as described for R. aegyptia
cus with the following differences:

For the neutrophils, we used the S100A8 marker as well, for 
the LY6C2+ monocytes we used the canonical marker LY6C2, 
for the LY6C2− monocytes—APOE and FCGT4 (Mildner 
et al. 2017), for the pDCs—BST2 and for the NKT cells we 
used NKG7 as well.

Comparative Analysis of Expression of Specific Sets 
of Immune Genes Across Cell Types
To compare gene expression of specific gene sets of interest, we 
created scores using Scanpy’s tl.score_genes() with default pa
rameters. For each cell, a score is the average expression of se
lected genes subtracted from the average expression of all 
genes. The score is then standardized to be between 0 and 
1. We used three scores representing different stages and path
ways known to be upregulated during the innate immune re
sponse against pathogens: (i) Inflammatory score: A set of 
inflammatory response-related and inflammatory cytokine 
and chemokine genes (Liberzon et al. 2015); (ii) Primary anti
viral response score: Primary antiviral response genes were 
taken from a set of genes upregulated following 4 h of 
dsRNA-stimulation in dermal fibroblasts taken from previous 
studies (Hagai et al. 2018; Schneor et al. 2023). The set we 
used here includes 175 genes that were upregulated in all stud
ied species—R. aegyptiacus, mouse and human; and (iii) 
Interferon response score: 79 ISGs, representing the second 
wave of response, were taken from a list of ISGs known to 
be conserved across mammals (Shaw et al. 2017).

DE Analysis of LPS and dsRNA-Stimulation in 
Monocytes
DE analysis of monocyte stimulation was performed 
using FindMarkers() of Seurat v3 with default parameters 
(min.pct = 10, logfc.threshold = 0.25, assay = “RNA”). We 
compared LPS-stimulated cells to unstimulated cells, and 
dsRNA-transfected cells to unstimulated cells.

For gene enrichment analysis we used DE genes of stimu
lated (LPS and dsRNA) and unstimulated bat monocytes. 
The top 100 genes with the lowest adjusted P-values for 
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each condition were tested for functional enrichment using g: 
Profiler (Raudvere et al. 2019). We then filtered for terms 
unique to each condition and plotted these using Python’s sea
born barplot.

For producing the numbers of DE genes between different cell 
types in different conditions, as appears in supplementary table 
S7, Supplementary Material online, we performed downsam
pling of the data prior to DE calculations. All cell types in an 
Unstimulated–Stimulated DE calculation were down-sampled 
to having the same number of cells as the cell type with the small
est number of cells. Similar procedures of downsasmpling were 
performed in all DE analysis between species, and/or across cell 
types and/or conditions.

Analysis of dsRNA-response in 
Rousettus aegyptiacus and Mouse Monocytes

Characterization of three States in Monocytes During 
dsRNA-Stimulation
We divided CD16 monocytes cells into three groups as fol
lows: monocytes were found in two distinct clusters in the 
UMAP: a cluster with almost exclusively dsRNA-stimulated 
cells, enriched with IFNB1 expressing cells (termed “IFN 
monocytes”), and a separate cluster composed of unstimu
lated, mock-stimulated, and dsRNA-stimulated cells. In the 
latter cluster, we divided the cells based on those that are 
dsRNA-stimulated and all others, resulting in a total of three 
cell sets. In this analysis, we excluded cells from one particular 
individual that were outliers in the UMAP. We then used DE 
analysis (using the same functions and parameters as above) 
to obtain the top upregulated genes in each cell group, by com
paring each group of cells to the other two and taking the 100 
most significantly upregulated (logFC > 0 and Q-value < 
0.01).The expression of the expression of the resulting 300 
genes across all CD16 monocyte cells were then clustered 
and plotted using Python’s seaborn.clustermap(). Both genes 
and cells were clustered using the “ward” clustering method. 
We then performed GO term analysis on each of the gene 
groups using g:Profiler (Raudvere et al. 2019).

Conservation of the IFN Monocytes DE Genes 
Between bat and Mouse
We next defined the groups of R. aegyptiacus genes that are 
uniquely up- and down-regulated in IFN monocytes in com
parison with the other two groups (dsRNA monocytes and un
stimulated monocytes). This was based on the DE analysis 
between the three groups described in the previous section. 
We define 59 genes to be upregulated only in IFN monocytes 
as those (i) having logFC > 0 and Q-value <0.05 in the IFN 
monocytes in comparison with the two other groups as well 
as (ii) not upregulated in other dsRNA-stimulated monocytes. 
Similarly, we define 725 genes to be uniquely downregulated 
in IFN monocytes with respect to the other groups of 
monocytes.

Analysis of Recent IFN Gene Duplicates
Type-I IFN genes in R. aegyptiacus genome were detected 
through their orthology assignments in EggNOG. 
Log-normalized expression levels of type-I IFN genes that 
were expressed in R. aegyptiacus and mouse cells (IFNB1 
and various IFNA and IFNW genes) were plotted in different 
cell groups in mouse and R. aegyptiacus cells using Scanpy’s 
dotplot(). As the expression was almost entirely in the group 

of IFN monocytes, violin plots of Log-normalized expression 
of IFN genes were generated using Python’s seaborn.violin
plot() function using data from this group of cells.

Supplementary Material
Supplementary material is available at Molecular Biology and 
Evolution online.
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