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ABSTRACT

Objective: This study aimed to identify genetic variants and their functional consequences underlying Unexplained Recurrent
Pregnancy Loss (uRPL) through comprehensive genomic and transcriptomic analyses.

Methods: We recruited 13 Chinese uRPL patients and performed Whole Exome Sequencing (WES) on chorionic villi samples
from miscarriage tissues. Additionally, we conducted an integrative analysis using single-cell RNA sequencing data from decid-
ual immune cells to examine expression patterns.

Results: WES analysis pinpointed variants in the four MUC genes (MUC4, MUC6, MUC16, and MUC17), six lipid metabolism
genes in immune cells (ABCA4, ABCA7, ABCB5, ABCC8, ADGRV1, and ANK3), and two structural genes (PIEZOI and PKDI),
whose variants impair mucosal barriers and lipid homeostasis, thereby leading to immune dysregulation and contributing to
uRPL. To delve deeper into the effects of these genetic variants on cellular expression patterns, we undertook an integrative
analysis using a single-cell dataset from decidual immune cells in uRPL cases. We observed significant dysregulation of lipid
metabolism within immune cells, reduced heat shock protein expression, and enhanced chemokine signaling in uRPL samples,
indicating a pro-inflammatory state.

Conclusions: In summary, our study reveals a complex interplay between genetic variants and immune cell dysfunctions in
uRPL, emphasizing the role of identified genetic variants in driving pro-inflammatory states. These findings provide a compre-
hensive view of the molecular mechanisms underlying uRPL, opening paths for novel therapeutic interventions and improved
clinical management.
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1 | Introduction

Recurrent pregnancy loss (RPL), affecting 1%-5% of couples
globally, is defined by two or more consecutive pregnancy losses
[1]. RPL can result from multiple causes, including embryo an-
euploidy, uterine abnormalities, autoimmune disorders, endo-
crine disorders, and infections [2]. However, about 50% of these
cases remain unexplained recurrent pregnancy loss (uURPL).
Currently, clinicians utilize preimplantation genetic testing for
aneuploidy (PGT-A) as a therapeutic intervention [3, 4], which
screens for chromosomal abnormalities in embryos. However,
some patients continue to experience miscarriages [4], indicat-
ing unidentified lethal genetic factors. Thus, further investiga-
tion of additional molecular factors is urgently needed.

Whole-exome sequencing (WES) offers a promising avenue for un-
covering pathogenic variants. A series of recent studies spotlight
the genetic underpinnings of uRPL. Tsurusaki et al. [5] highlight
the pathogenic role of mutated IFT122, a crucial cilia gene integral
to embryogenesis [6]. Filges et al. [7] pinpoint rare mutations in
PLCD4 and OSBPL5, two genes pivotal for oocyte maturation and
fertilization. Qiao et al. [8] discover mutations within DYNC2H1,
related to cilia formation, and ALOX1S5, vital for placental growth.
Xiang et al. [9] map out four significant genes—FOXA2, FGA,
F13A1, and KHDC3L. Besides, genes critical for embryo suste-
nance are identified as novel causative factors [10, 11], including
KIF14,CEP55, STIL, FOXP3, GLE, RYR1, and POMT1. Another re-
cent study [12] reports 18 parental mutations spanning a spectrum
from genes linked with cell adhesion and structure (ANXAS5, FN1,
THBS1,KDR,ITGB1,COL4A2, LAMA2,and LAMA4) to those cen-
tral to DNA replication and repair (APP, DNMT1, MSH2, POLR2B,
PLK1, BUBIB, BPTF, and MECP2), and two genes associated with
cell development and differentiation (MMP2 and SOX2I). Wang
et al. [4] unveil six noteworthy genes: ATP2A2 and RYR2, which
modulate ion homeostasis, alongside NAPILI, NRK, PLXNB2, and
SSPO, which regulate cell growth and differentiation.

While most variants identified by genetic screens enrich in em-
bryo development and cell differentiation, transcriptomic stud-
ies spotlight immune dysregulations as critical in uRPL [13-15].
A recent single-cell study further revealed marked immune het-
erogeneity in the decidua during uRPL pathogenesis [16]. This
disparity between genetic and transcriptomic discoveries calls
for an integrative study. Drawing from the successes in complex
diseases like idiopathic pulmonary fibrosis [17] and inflamma-
tory bowel disease [18], co-analyzing WES and single-cell RNA
(ScRNA)-seq data allows us to link genetic variants directly to
cellular functions and interactions. This detailed insight, cap-
turing aspects like cell type-specific expression, leads us to
posit that a multi-omics approach can unravel the multifaceted
mechanisms of uRPL.

Building on this premise, we hypothesize that genetic variants
identified through WES may contribute to immune dysregula-
tion in uRPL. To test this, we first investigated WES results of
13 uRPL patients to identify potential risk genes. We then map
our findings at the single-cell level to reveal the alterations at the
expression level. Our study aimed to provide a comprehensive
view of the molecular mechanisms underlying uRPL, opening
paths for novel therapeutic interventions and improved clinical
management.

2 | Materials and Methods
2.1 | Patient Selection Criteria
2.1.1 | Inclusion Criteria

Eligible patients were those with regular menstrual cycles and
a pregnancy duration of no more than 14 weeks. Additionally,
patients should have experienced at least two previous in-
stances of fetal arrest. The diagnosis of uRPL was primarily
based on ultrasound examinations. Detailed criteria for em-
bryonic arrest are outlined in the Diagnostic Examinations
section.

2.1.2 | Exclusion Criteria

We excluded patients under several circumstances. Multiple
pregnancies during the study period were excluded. Patients
with a history of exposure to harmful drugs, radiation, or other
adverse environments during the current pregnancy were also
not considered. Anatomical issues such as reproductive tract
malformations, diseases of the uterus or cervix, endocrine dis-
eases like hyperthyroidism and diabetes, and occurrences of
acute or chronic infections during the current pregnancy were
grounds for exclusion. Furthermore, patients with a history of
autoimmune diseases; familial genetic diseases; or a history of
smoking, excessive alcohol consumption, and drug abuse were
not included in the study.

2.2 | Diagnostic Examinations

A diagnosis of embryonic arrest was confirmed if one of the fol-
lowing ultrasound criteria was met: (1) a crown-rump length of
>7mm without observable fetal cardiac activity; (2) a mean ges-
tational sac diameter of >25mm without a detectable embryo;
(3) absence of a yolk sac, and, even after 2weeks, there remains
no visible embryo or fetal cardiac activity; and (4) presence of a
yolk sac, but even after 11days, there is no detectable fetal car-
diac activity.

2.3 | Subjects

This study, including 13 uRPL patients, was conducted at Hebei
General Hospital (Tables 1 and S1). All diagnoses were made ac-
cording to the guidelines from the European Society of Human
Reproduction and Embryology (ESHRE) and the American
Society for Reproductive Medicine (ASRM), and through mul-
tidisciplinary discussion among respiratory specialists, radiol-
ogists, and rheumatologists. All the subjects were Han Chinese
and were enrolled consecutively. Our study targeted Chinese
population to obtain a more precise genetic profile.

2.4 | DNA Extraction and WES

Genomic DNA was extracted by DNeasy Blood & Tissue Kit
(Qiagen, Valencia, CA, USA). The main part of WES was per-
formed in the Beijing Genomics Institute (Beijing, China). The
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TABLE1 | Clinical features of 13 RPL patients.
Characteristics RPL cases (n=13)
Age (years) 33.00+5.20
Height (cm) 160.01+4.48
Weight (kg) 59.00+£8.80
BMI 22.96+3.38
Gravidity 3.62+1.39
Parity 4 (30.76%)
History of previous miscarriages 3.23+1.01
Gestational age (days) 65.54+£14.19

exomes were captured by Agilent Sure Select Human All Exon
V6 kits and high-throughput sequencing was performed in an
Illumina HiSeq2000 platform.

2.5 | Filtration Workflow of WES Data

A total of 1,078,586 variants were identified (Figure S1A), con-
sisting of 936,754 single nucleotide polymorphisms (SNPs) and
141,832 insertions and deletions (Indels). The variants were fil-
tered through a multistep preprocessing workflow to prioritize
potentially pathogenic variants for further analysis. (1) Variants
impacting exonic regions were selected, resulting in 274,674
variants (Figure S1B). (2) As our focus is on the protein struc-
ture, we only kept the nonsynonymous SNVs and frameshift
indels, resulting in 126,885 variants. (3) Variants with a popu-
lation frequency of less than 1% were selected to filter out poly-
morphisms among the population. This step resulted in 8,343
rare exonic variants. (4) These variants were then filtered based
on their predicted functional impact, retaining only those clas-
sified as pathogenic (P), likely pathogenic (LP), or variants of
uncertain significance (VUS).

This filtration workflow yielded 6,260 high-confidence rare del-
eterious exonic variants for downstream analysis (Figure S1C).
The median count of identified variants per sample is 417
(Figure S1D), with most samples demonstrating a consistent
variant count. The only outlier is sample MA-12, featuring 1180
variants.

2.6 | Collection and Preprocessing of
scRNA-Seq Data

The scRNA-seq data were obtained from the GEO database,
GSE164449 [16]. The dataset consists of CD45+ immune
cells from six decidua samples—three from normal preg-
nancies and three from uRPL cases. For the scRNA-seq data
analysis, the R package Seurat (Version 4.0.2) was employed.
We performed quality control procedures as previously de-
scribed [19]. Briefly, we retained only cells with several de-
tected genes (nFeature_ RNA) between 200 and 2500, a total
number of RNA counts (nCount_RNA) less than 10,000, and
a percentage of mitochondrial gene expression (percent.mt)
below 15%.

We obtained 13,350 single cells, comprising 5,455 cells
from normal pregnancies and 7,895 from uRPL pregnancies
(Figures S3A). Using the graphical-based clustering method
within the Seurat package, we identified 16 distinct cell clusters.
‘We then annotated these clusters based on known marker genes:
dNK cells, T cells, B cells, myeloid cells (including macrophages
and monocytes), dendritic cells, and mast cells (Figure S3B;
Table S5). Cluster 9 was labeled “undefined” due to the ab-
sence of strong expression for any known marker genes. All six
cell types included cells from both normal and uRPL samples
(Figure S3C). We next subset the cells annotated as dNK cells,
T cells, and myeloid cells (monocytes + macrophages) for down-
stream functional analysis.

2.7 | Detecting Metabolomic Changes in
scRNA-Seq Data

We used scMetabolism (v 1.0.0) [20] to analyze differences in
metabolic pathway activity in the scRNA-seq dataset. scMetab-
olism is an R package that quantifies metabolic activity at the
single-cell level based on different databases. In our analysis,
we employed the KEGG_metabolism and REACTOME_me-
tabolism datasets to score each cell. We applied this method to
the scRNA-seq data from decidual immune cells to compare the
metabolic activity between normal and uRPL samples.

2.8 | Differential Expression Genes and Pathway
Enrichment Analysis

We used the FindAllMarkers function in the Seurat package to
perform DE analysis on the sScRNA-seq data. The statistical sig-
nificance of the p-value was set at 0.05. Log2FC cutoff values
were established at 0.75, 0.5, and 0.5 for myeloid, dNK, and T
cells, respectively. This analysis led to the discovery of differ-
ential expression (DE) in 28 genes in myeloid cells (15 normal,
13 uRPL), 38 genes in dNK cells (23 normal, 15 uRPL), and 32
genes in T cells (25 normal, 7 uRPL). The R package clusterPro-
filer (Version 3.18.1) was used for both GO and KEGG pathway
enrichment analyses to explore and visualize the biological
functions and pathways.

3 | Results
3.1 | Patient Characteristics and WES Data

In this study, we enrolled 13 unrelated Chinese subjects with
a clinical history of RPL in nonconsanguineous marriages
(Table 1). Routine examinations, including peripheral blood
chromosome karyotypes, revealed no abnormal findings across
all subjects, and common causes of RPL were excluded (see the
Materials and Methods section 2) [21]. All the 13 subjects in-
cluded were characterized as uRPL patients. This uRPL cohort
consisted of female participants aged between 25 and 41years,
with an average age of 33years. They had experienced gravidity
ranging from two to seven instances and a history of miscar-
riages spanning two to five instances. Four participants were
able to sustain a pregnancy to full term. A detailed summary of
the clinical information is delineated in Table S1.
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To further unravel the potential molecular etiology of uRPL,
we employed WES on chorionic villi sampled from miscar-
riage products. We achieved a median sequencing depth of
110x for targeted exonic regions and a minimum coverage of
20x for 99% of the targeted sequences. This dataset provides a
high level of confidence for the identification of variants with
potential functional significance, setting the stage for a com-
prehensive analysis of the potential genetic architecture un-
derlying uRPL in this cohort.

3.2 | The Landscaped Deleterious Alterations in
uRPL Cohort

Our WES data revealed a unique mutational landscape within
the uRPL cohort, including 6,260 rare deleterious SNVs and
in-frame Indels within our uRPL cohort (see the Materials
and Methods section 2). Among these deleterious variants, the
majority were missense variants (nonsynonymous variants,
n=5,828; 93.1%), followed by a smaller proportion of nonsense
variants (stop gain variants, n=125; 2.0%), frameshift deletions
(n=124;2.0%), splicing region variants (n =93; 1.5%), frameshift
insertions (n=66; 1.1%), start loss (n=17; 0.3%), and stop loss
(n=6; 0.1%) (Figure 1A). We explored the chromosomal distri-
bution of these variants and found an above average number of
mutational hits on Chromosomes 16, 17, and 19, implying an in-
creased susceptibility to mutation in these genomic regions [22]

(Figure 1B). After adjusting for chromosome length, the average
variant counts per chromosome are 67. We observed no associ-
ation between total mutation count, age, or the number of mis-
carriages (Table 1).

3.3 | Recurrent Deleterious Genetic Variants
Impair Embryonic Microenvironment Homeostasis

To elucidate any recurrent genetic etiologies associated with
uRPL, we thus confined our analysis to SNPs and Indels fre-
quently presented (n >4) across our cohort (Figure 2A). This
strategy yielded 74 candidate genes for further investigation
(Table S2). We then performed gene ontology (GO) pathway
analysis on these recurrent mutations to explore their func-
tional implications [23] (Figure 2B). Our analysis revealed
a significant enrichment of mutations within two pivotal
functional domains: regulation of tissue homeostasis (impli-
cating genes such as ABCA4, ABCC8, ADGRV1, FLG, MUC4,
MUCe6, MUCI16, MUC17, PLEC, RPIL1, USH2A, VPS13B, and
ZNF516) and transmembrane transport activity (involving
genes like HNAK, AKAP9, ANK3, NOS1, RELN, and WNKI).
A group of mutations was found in genes associated with
cell adhesion and response to mechanical stimuli (ADGRV1,
PIEZOI, and PKDI) across the cohort. A detailed result of the
GO analysis for these recurrently mutated genes can be found
in Table S3.
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FIGURE 2 |

Recurrent deleterious variants in 13 RPL samples. (A) Mutation print plot showed the landscape of 74 recurrent variants. (B) GO

enrichment analysis of 74 recurrently mutated genes. (C) The distribution of SNPs along the amino acid sequence for four MUC genes. The X-axis is
the position on the amino acid sequence, and the Y-axis is the counts of SNPs hitting the same site.

Among the 74 recurrently mutated candidate genes, four
genes (MUC4, MUC6, MUCI16, and MUCI17) belong to the
mucin (MUC) family (Figure 2C). MUCs, a protein family
of high-molecular-weight glycoproteins, play critical roles
in lubricating reproductive tract epithelial surfaces [24, 25].
Produced by epithelial cells in reproductive tissues, MUCs
contribute to the formation of cervical and endometrial
mucus, thereby playing instrumental roles in reproductive
physiology [25]. Beyond acting as mediators of inflammatory
and immune responses, MUCs also serve as regulatory agents
at transcriptional and posttranscriptional levels [26]. Within
the scope of uRPL, altered mucus secretion, a sign of MUC
dysregulation, is recognized as a critical pathogenic factor
[27-29]. The identified recurrently mutated MUCs are catego-
rized into secreted MUCs (MUC6) and transmembrane MUCs
(MUC4, MUC16, and MUC17) based on their function and lo-
cation [24].

Our analysis started with MUC4, the most frequently mutated
gene in our dataset (Table S4). MUC4 protein, a primary MUC
expressed in the endometrial epithelium, has been found to
interact with MUC16 [30]. Additionally, MUC4 influences cell
growth signaling through interacting with the human epi-
dermal growth factor receptor 2 (HER2) [27, 28]. All MUC4
variants identified in our study are in the central domain (tan-
dem repeat region, encoded by Exon2). This domain governs
MUCH4 protein function via glycosylation, modulating the im-
mune response and mediating protein-protein interactions
[28, 30]. Therefore, mutations within this crucial region could
potentially impair MUC4's immunoregulatory functions and
protein interactions, thereby contributing to uRPL [26, 30].
Variants in MUC6 [31] (Exon31) and MUC17 [32] (Exon3) are
within the glycosylated tandem repeats domain (Table S4).
While MUCG stabilizes the mucus barrier via interacting with
lectins [33], MUC17 acts as an immune suppressor, limiting
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inflammatory responses in gastric cancer. Consequently,
mutations in these genes could disrupt mucus integrity and
immune balance, leading to uRPL. The mutational profile
of MUCI6 is inconclusive; we speculated that its structural
changes might affect its interaction with MUCA4.

Next, we explored six protein-coding genes renowned for their
significant roles in lipid metabolism within immune cells
and the regulation of immune homeostasis [34, 35], includ-
ing ABCA4, ABCA7, ABCB5, ABCC8, ADGRV1, and ANK3
(Figure S2). Particularly noteworthy is the ABC gene family,
which plays a critical role in cholesterol and lipid transport
and is crucial for immune regulation. Among these, both
ABCA4 and ABCB5 have been associated with uRPL [36, 37].
ABCA7, expressed across various immune organs, regulates
cell cholesterol metabolism via the SREBP2 pathway and is
implicated in phagocytosis. ABCCS participates in the inflam-
matory processes of autoimmune encephalomyelitis. ADGRV1
interacts with VLGRI1 to form mitochondria-associated ER
membranes, an inter-organelle structure that is vital for in-
tracellular processes, including lipid homeostasis, immune
response, and autophagy. ANK3 regulates lipid metabolism
through PPAR signaling pathways and modulates immune in-
filtration processes by linking membrane proteins to the spec-
trin-actin cytoskeleton.

Additionally, we identified structural genes PIEZOI and PKDI
(Figure S2). PIEZO1, a mechanosensitive channel, responds to
mechanical cues and alters its conformation in the presence of
specific lipids, thereby modulating signal transduction. PKD1 is
important for MyD88-dependent pro-inflammatory responses,
affecting signaling pathways and pro-inflammatory gene ex-
pression in response to toll-like receptor (TLR) ligands. This
connection between structural protein variants and uRPL aligns
with prior findings [4, 12]. Detailed mutational information is
provided in Table S4.

3.4 | Analysis of scRNA-Seq Data Revealed
Overlapping Molecular Pathways

More than membrane formation and energy storage [38], lipid
metabolism shapes the plasticity of immune cells, especially
myeloid and T cells. Variants in the aforementioned genes
can impair lipid balance and disrupt the function of immune
cells, potentially contributing to uRPL. To further corrob-
orate our findings, we incorporated publicly available data
from GSE164449 [16] (see the Materials and Methods section2,
Figures 3A, and S3).

Based on our WES analysis, which hinted at immune cell met-
abolic dysregulation in uRPL immune cells, we applied the sc-
Metabolism package [20] to estimate KEGG and REACTOME
metabolism scores. This revealed significant metabolic al-
terations within three main cell types—natural killer (ANK)
cells, T cells, and myeloid cells, further supporting our WES
investigations (Figure 3B,C). Our results highlighted an ele-
vated inflammatory score and downregulated fatty acid met-
abolic activity within uRPL immune cells, especially within
myeloid cells (Figure 3D). Detailed examination of myeloid
cells (Figure 3E,F) has shown an increased immune response

activity in uRPL cases, with pronounced activation of TNFq,
INFa/y, IL6/JAK/STAT3, and ROS pathways. In contrast, met-
abolic and development pathways, such as fatty acid metab-
olism, NOTCH, and MTORC]1, were inhibited. Interestingly,
an upregulation of the cholesterol homeostasis pathway was
observed, aligning with recent discoveries linking increased
cholesterol metabolism to myeloid cell hyperactivation and
subsequent inflammatory response initiation [39]. Similarly,
KEGG hallmark pathway analysis within uRPL dNK and T
cells echoed patterns observed in myeloid cells, with acti-
vated inflammatory pathways and suppressed metabolic ones
(Figure 3G,H).

3.5 | Recurrent Genetic Variations Cause
Transcriptional Change Leading to uRPL

To elucidate how genetic variations manifested in immune
cell signaling pathways in uRPL patients, we performed a
DE analysis among three major cell populations: myeloid
cells, T cells, and dNK cells (see the Materials and Methods
section 2). In uRPL myeloid cells, we observed elevated ex-
pression of cell surface proteins like HLA-DQA2, SPP1, and
IGKC (Figure S4B). Concurrently, these cells exhibited an up-
regulation of pro-inflammatory chemokines [40, 41], includ-
ing four CCL genes and CXCLS. T cells from uRPL patients
displayed enhanced expression of chemokines [42], including
IGKC and CXCR4, with a notable presence of the cytolytic T
lymphocyte marker GZMB (Figure S4C). Lastly, dNK cells in
uRPL demonstrated increased expression of genes [43] such as
IGKC and IGFBP2 (Figure S4D). Across these cells, a marked
downregulation of HSP family proteins (e.g., HSPA6) was ev-
ident in uRPL patients compared to the normal controls [44]
(Figure S4).

Several key proteins stood out in our findings. SPPI exhibited a
broad spectrum of roles within the immune landscape [40, 41],
including influencing inflammation, immune reactions, and
certain immune-related pathologies. Furthermore, it engages
in lipid metabolism as a sphingosine 1-phosphate (S1P) phos-
phatase. CXCR4 [42], a prominent chemokine receptor, modu-
lates immune and inflammatory responses, whose actions are
shaped by lipid signals. IGFBP2 [43] acts as an immunomodu-
lator by promoting PD-L1 expression in M2-like macrophages
via STAT3 activation, leading to immune suppression, and im-
pacting regulators of fatty acid synthesis and triglyceride pro-
duction. The HSP family [44], essential for cellular resilience
under stress, not only directs immune functions but also steers
lipid metabolism processes, underpinning immune-metabolic
crosstalk. Specifically, HSPAG6 is a key immune regulator in re-
sponding to oxidized LDL (oxLDL), activating macrophages and
mediating anti-inflammatory signals (e.g., IL10).

Our GO analysis for these DE gene sets revealed similar patterns
(Figure 4). Specifically, uRPL immune cells showed increased
susceptibility to UPS, evidenced by diminished activity in un-
folded protein response (UPR) mechanisms [45], and signifi-
cantly heightened chemokine-mediated signaling pathways,
suggesting an activated pro-inflammatory state [40, 44, 45]. In
culmination, our co-analysis of the uRPL WES and scRNA-seq
datasets identified genes intricately linked to lipid metabolism
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Metabolism reprogramming between normal and RPL groups

A GSE164449 - CD45+ Immune cells

g
- [
¢ @ .
- vy
© 5 I e x 1l
5 z € X v _ _
£ 2 |_ _| I zov-uns VOIdY [ zovaunsTIvoldY
s I {11 Q ° 3 B '/ SL30uVIOAW 8 - -
» 8 2 l ZAS1IOUVL OAN
© ) w13a=
B % 2 I 51130 vi39 SY3IHONVd <] _ _
...................................... g * z ° [ ] ZA SLIONVL OAW = [ | ONITYNOIS V138 491
. |E| N IE| 9. T et o [ ] 3ISNOJSIY NIFLO¥d A3AT104NN N . SISOLdOdY
X r i e ® \L v‘ < [ ] ONITYNOIS™ LOHOLW _ _
ol * v) o a - a
|‘ _l |‘ T < 2 * |DH_| No g [ ] ONITYNOIS HOLON g . dn 3SNOJSI AN
...................................... s o ] AVMHLYd€5d S [ | ANIWI1dINOD
N & 2 [ ] ONINYNOIS V138 491 2 ] S130uvI 423
o 3 x F%. o = [ ] WSIMOgVLIN IOV ALLYH =
¥ * 0 % E v ] S139uvL 423 ] SISINIDOAN
% * — —
...................................... oxe% g * m ] LNIOd®O3HO WZD [ | LNIOd®O3HO ZD
.................... 2 o SISK100X19 17} — -
2 P2 %, 7 W b4 (] .m\e 2 -- 3LvT ISNOJSIH NIDO0¥LS3 m 1 na mlwzon_mmm >|3
2 'S
e §F —J 1 1+— z S [ NSITOSVLIN JNaH S | 31vT ISNOSIY NIDO0YULST
...................................... 0@ m R < W | | ONITYNOIS GLVLS 21l m - WSITO8VLIW INIH
E @« Z 4 ISNOdSI NIOOHANY 1 1 NOILISNVYL TYWAHONISIW TVITIHLIdS
@ L s, & S 0 || AYMH1Yd~SOY o
c % = 4 W3 74 - SISaN3D0dIaY
- T T T T T u— . — = — —
...................................... .v\v o 1w 9o 1’ 9o o [ | NG ONITYNOIS SV o | dN ONIMYNOIS SV
© e ~ =m a o 3 dN ONIMYNOIS SV 3 -
LHT L”_HT a~ s ©o o o 2 v, g ] SISVISOINOH 1043 LSTIOHO
£
* r * B ] . o - —
* |E| IE' 2%, @ [ | SISVLSOTIWOH TO¥3LSTIOHD @ [ | NGO ONITYNOIS SV
...................................... %, E | | ISNOJST YAWVO NOWIRIAINI [ ] NOLLYINOVOO
s
%, . £ | INIWITdWOD £ -
|‘ _| n_ _I 2 o £ ° £ OHd ™ 3AILYAIXO
" |« | > y = I ISNOJSTY AYOLYWWY TN = [ | NOLVTAMOHASOH -
c _”_”_ c E ,v\e T — NOILYINOVOD T . 3SNOJSTY VINNYO NONISHILNI
5 i ony | ISNOJSIY VHATY NOwI4uaINT O [ SISINIOOIONY
T T T [ EE— SISINTDOIONY g 3SNOJSTH VYHATY NOYIFMILNI
g © g2 v 82 8 © g 9 g 4 .]u I AN VIA ONITYNDIS VANL ¢ .
-~ O o o o v o o o o £ [T unlnu E] T
S -
— x 5] [ 3ovaunsTvoIdY
8109 99HIY 8100s Jv3IY 3 3
- 5 B o si3ouvi oAn
a = [ ] dNTISNOJSTN AN
..w. oo 9 SISOLdOdY
2 @ o NR]ES 2 [ ] ONIMYNOIS V138 491
» RN g -
» [ o o 8 ° Wu "y [ ] BIAN VIA ONITYNOIS VANL
3 | 823 g 2 ” ° i g [ ] LNIOdYO3HO WZO
S |l T 8 0 5 0| = ° [ ] SISANIDOAN
s 59 8 x B T O o 3 ) < 2 v
g m o g T 8 2 o6 B - 2 3 Y [ J =] 2 [ ] WSITOYLIW IOV ALLYA
T cm Q053 = =2+ 2| 3 3 S T ' B ONITYNDIS LO¥OLIN
& < (K (3 ..m 3 [ ] A14V3 3SNOJSIY NIOOHLS3
3 = ° < o [ ] AVMHLY €5d
c -
5 s 5 © [ S139¥VL 423
7 3 3 [ | SISaN300dIaY
) ¥ 3 3 — | ] SISAI00AT®
2 o >
8 5 o 3 = UIVd3H YN
a ‘ 4 o s
5 2 2 . . . 4 | ] NOILOArIY 14vHO0TV
2 o 9 ) z 5 3SNOJSTH AHOLYWAY TN
© s Zz o @ . T
» c 5 3 w g 3 [ ] ONITYNDIS HOLN ™ LMV Meld
g < A_ M o ) S [ ] INIWI1dWOD
o ) ¥ u N 9] @ 3 2 || SISINIOOIONY
3 um - 3 0] o 9 o m 5 ] 4N ONITYNOIS SVad
2 Z o z 5 & 15) E [ | NOLLYINOVOO
5 ‘ < @ 2 i o ] [ ] NOILVTAYOHJSOHd ™ IALLYAIXO
c = Q < o e T il \
o} =) = 3 z 4 2 ISNOSIY VINWYD NOYIFHILNI
[a} o o — ® [V} S
° T o o 2 b = = o Il ST130 V139 SYIUONVd
R €3 o 54 | 2 Y 3ISNOJSTY VHJ TV NOYILHIALNI
8 o S aoQ < < <
s o = £Z K _.Nr ™ 5, o W
© [ s
Z-dvN O 8 c00 w = 2 (L= S
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FIGURE 3




FIGURE 3

| Immune cells from RPL samples present metabolism alterations. (A) UMAP presents the annotated sScRNA-seq data of immune cells

from the dataset GSE164449. (B) Boxplot shows the metabolism score across six annotated immune cell types. The upper panel depicts the KEGG

metabolism score; the bottom panel depicts the REACTOM metabolism score. (C) UMAP presents the subset of three major immune cell types, in-
cluding dNK cells (left), myeloid cells (middle), and T cells (right). (D) The inflammatory score (left) and fatty acid metabolism score (right) in three
major immune cell types. (E) Dot plot shows the GESA pathway score of myeloid cells. The bar plot shows KEGG hallmark pathway scores in (F)

myeloid cells, (G) T cells, and (H) dNK cells. All the comparisons were performed between normal (blue) and RPL (red) immune cells. Statistical

analyses were conducted using Student's t-test, with significance determined as *p <0.05, **p <0.01, and ***p <0.001. Instances where the statistical

difference is not significant are marked as n.s.
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and immune processes. This underscores the hypothesis of lipid
metabolic anomalies interplaying with immune dysregulation
in uRPL.

4 | Discussion

To our knowledge, this study is the first approach to bridging
the gap between upstream genetic factors and downstream
transcriptomic alterations among uRPL patients. The study
identifies specific genetic variations that contribute to the com-
plexity of uRPL. First, we identify variants within the MUC
family, which may disrupt mucosal barriers and immune ho-
meostasis. Next, our exploration reveals rare deleterious vari-
ants in genes regulating lipid metabolism within immune
cells, illuminating the pivotal role of lipid-immune crosstalk
in uRPL pathogenesis. These findings are resonated in our
scRNA-seq analysis, where altered expression profiles in uRPL
immune cells mirrored the importance of lipid metabolism and
its consequential effects on immune cell activities. Therefore,
our research suggests that uRPL may be affected by a combi-
nation of rare SNVs and Indels, especially those that impact
lipid-immune interactions.

Our study offers two main advantages in understanding uRPL
etiology. First, our multi-omics approach provides a founda-
tion for future comprehensive investigations into the genetic
and transcriptomic landscapes of uRPL. Second, we take a step
toward bridging the gap between genetic variations and their
functional consequences. We identified variations in genes re-
lated to lipid metabolism and immune regulation and observed
corresponding transcriptional changes in immune cells. These
insights highlight the potential interplay between genetic and
functional factors in uRPL, guiding future research efforts
to elucidate the complex mechanisms underlying the pro-
inflammatory environment in uRPL pathology.

There are limitations to be noted in our study. Matched WES
and scRNA-seq data would greatly improve our integrative anal-
ysis, providing detailed information on the relationship between
genetic aberrations and transcriptomic changes [46]. Such pre-
cision could reveal more intricate molecular mechanisms and
improve the therapeutic approach for uRPL. Additionally, while
our findings are compelling, functional studies are needed to
validate the roles of the genes and pathways we have identified
in uRPL pathogenesis, as well as their potential as therapeutic
targets. These areas will be the focus of our future research.
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In conclusion, our research provides a comprehensive mutational
landscape of uRPL, offering new insights into the possible genetic
factors. Our analysis also provides meaningful genetic—functional
linkages, revealing a correlation between genetic alterations and
immune cell dysregulation in uRPL. This new understanding of
uRPL etiology creates opportunities for exploring new therapies
and improving the clinical management of this condition.
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