
300  Lien HJT, et al. Ann Rheum Dis 2024;83:300–311. doi:10.1136/ard-2023-224644

Rheumatoid arthritis

TRANSLATIONAL SCIENCE

Single- cell resolution of longitudinal blood transcriptome 
profiles in rheumatoid arthritis, systemic lupus 
erythematosus and healthy control pregnancies
Hilde Julie T Lien    ,1 Tina T Pedersen,1,2 Bente Jakobsen,2 Arnar Flatberg,1,3 
Konika Chawla,1,4 Pål Sætrom,1,5 Mona H Fenstad1,6

To cite: Lien HJT, 
Pedersen TT, Jakobsen B, 
et al. Ann Rheum Dis 
2024;83:300–311.

Handling editor Josef S 
Smolen

 ► Additional supplemental 
material is published online 
only. To view, please visit 
the journal online (http:// dx. 
doi. org/ 10. 1136/ ard- 2023- 
224644).

For numbered affiliations see 
end of article.

Correspondence to
Ms Hilde Julie T Lien;  
 hilde. j. t. lien@ ntnu. no

Received 28 June 2023
Accepted 10 November 2023
Published Online First 
30 November 2023

© Author(s) (or their 
employer(s)) 2024. Re- use 
permitted under CC BY- NC. No 
commercial re- use. See rights 
and permissions. Published 
by BMJ.

ABSTRACT
Objectives Comparative longitudinal analyses 
of cellular composition and peripheral blood gene 
expression in Rheumatoid arthritis (RA), systemic 
lupus erythematosus (SLE) and healthy pregnancies.
Methods In total, 335 whole blood samples from 
84 RA, SLE and healthy controls before pregnancy, 
at each trimester, 6 weeks, 6 months and 12 months 
post partum were analysed. We combined bulk and 
single cell RNA analyses for cell- type estimation, 
validated by flow cytometry, before combining this 
in a cell- type adjusted analysis for an improved 
resolution of unrecognised gene expression changes 
associated with RA and SLE pregnancies.
Results Patients were well regulated throughout 
pregnancy, and few had pregnancy complications. 
In SLE, the interferon signature was augmented 
during pregnancy, and the pregnancy signature 
was continued post partum. An altered cell type 
composition strongly influences the profile. In 
the pregnancy signature, transcripts involved in 
galactosylation potentially altering the effector 
functions of autoantibodies became more evident. 
Several genes in the adjusted RA signature are 
expressed in mucosal associated invariant T cells.
Conclusion We found distinct RA, SLE and 
pregnancy signatures, and no expression patterns 
could be attributed to medication or disease activity. 
Our results support the need for close postpartum 
follow- up of patients with SLE. Gene expression 
patterns in RA were closer to healthy controls than 
to SLE, and primarily became evident after cell- type 
adjustment. Adjusting for cell abundance unravelled 
gene expression signatures less associated with 
variation in cell- composition and highlighted genes 
with expression profiles associated with changes in 
specialised cell populations.

INTRODUCTION
Rheumatoid arthritis (RA) and systemic lupus 
erythematosus (SLE) are autoimmune disor-
ders affecting women more often than men, 
commonly in reproductive years. Although their 
clinical presentation is different, RA and SLE are 
genetically the most closely related of the major 
rheumatic diseases1 as they share components 
of the type I IFN signalling pathway linked to 
treatment response2–4 and disease activity.5 One 
difference between the two is how they respond 
to pregnancy; while RA often improves, SLE is 

prone to flare. However, correct medication, 
and close follow- up, diminishes these patterns.6 7 

Multiple mechanisms contribute to immuno-
logical tolerance of the fetus during pregnancy. 
Many of the cellular changes take place locally 
at the implantation site, but there are also 
systemic adaptions, accounting for the immune- 
modulating effects of pregnancy on disease 
activity.8 More research involving compara-
tive analyses is needed, as understanding how 
pregnancy- related immune- modulation differs 
in RA and SLE can potentially lead to better 
treatment options.

Distinct blood transcriptional profiles have 
been identified separately for both susceptibility 
to and severity of disease in non- pregnant SLE 
and RA.9 10 These profiles are from bulk- samples, 
with poorly resolved cellular origin. Single cell 
RNA sequencing (scRNA- seq) provides an unsu-
pervised and unbiased method for classifying 
and clustering cell types by the genes from each 
individual cell in a sample.11–13

We provide data from a cohort of women with 
universal accessibility to healthcare that have 
been followed closely throughout their preg-
nancies, are well regulated and have low disease 
activity. We analysed samples both by bulk- and 
scRNA- seq, and ran a cell- type estimation, 
validated by flow cytometry, before combining 
this in a cell- type adjusted analysis. This novel 
comparative approach gives an improved reso-
lution of expression profiles in RA and SLE 
pregnancies.

WHAT IS ALREADY KNOWN ON THIS TOPIC 
 ⇒ There is a rebalancing of major proinflammatory 
and anti- inflammatory immune cells during 
pregnancy.

 ⇒ Rheumatoid arthritis (RA) and systemic lupus 
erythematosus (SLE) are affected differently by 
pregnancy, but the disparate disease- related 
and pregnancy- related responses are not well 
characterised.

 ⇒ Few studies have been conducted on these 
patients during pregnancy and cohorts are 
generally small.
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METHODS
The following sections summarise the main methods; full 
details are provided in online supplemental methods.

Cohort and study design
In total, 335 whole blood (WB) samples were collected from 84 
SLE, RA and healthy control (HEALTHY) pregnancies (figure 1A,B, 
tables 1 and 2). RA and SLE patient information and samples were 
from the Norwegian multicentre prospective quality (RevNatus) 
registry and biobank, respectively. Patients with RA were classified 
as seropositive (SPRA) or seronegative (SNRA). Information and 
samples from healthy controls were from Biobank1. Samples were 
collected before (T0), in each trimester (T1, T2, T3), and at three 
time points after pregnancy (T4, T5, T6) (figure 1); The majority 
of patients were recruited before pregnancy; the controls were 
recruited in their first trimester. Pregnancies with adverse pregnancy 
outcomes (table 1) were not excluded from further analyses. There 
were too few pregnancies with complications for us to analyse these 
data separately.

Gene expression profiles from WB
WB samples were collected in PAX- gene RNA tubes (Qiagen). 
RNA was isolated using PAX- gene blood RNA- kits (Qiagen). RNA- 
sequencing (RNA- seq) libraries were prepared using Illumina TruSeq 
Stranded Total RNA with Ribo- Zero Globin kit (Illumina, San Diego, 
California, USA), sequenced using Illumina HiSeq4000. Gene counts 
were quantified by the Salmon pseudoalignment method and anal-
ysed for differential expression using the voom/limma linear model-
ling framework.

scRNA-seq and flow cytometry of peripheral blood 
mononuclear cells
Peripheral blood mononuclear cells (PBMCs) were isolated using 
Lymphoprep density gradient on T3 and T4 samples from four 
patients with RA and four patients with SLE following the manu-
facturer’s protocol. Isolated PBMCs were resuspended in 10% 
DMSO, frozen at –80°C for 24 hours and cryopreserved until 
sequencing. Samples were thawed and split in two aliquots, one 
for scRNA- seq and one for flow cytometry. ScRNA aliquots from 
the same disease and time point were combined to create four 
mixed samples (T3 RA, T3 SLE, T4 RA and T4 SLE), scRNA- seq 
libraries were generated by ×10 microdroplet- based technology; 
flow cytometric analyses were done in parallel on the 16 indi-
vidual samples. Panels for deep immunophenotyping of B- and T 
cell subpopulations were adapted from EuroFlow, TRANSIM-
MUNOM and the Human Immunology Project (online supple-
mental table S1, online supplemental figure S1).14–16

Combined analysis of mRNA-seq and scRNA-seq
Results from scRNA- seq and WB RNA- seq were combined 
for cell- type abundance estimation using CIBERSORTx17 with 
default settings and permutations set to 100. The total estimated 
percentage of each cell fraction was calculated, and sample- 
specific estimates from thefive cell types estimated to contribute 
more than 10% of the total cellular burden were added to the 
linear model design matrix. Subsequent normalisation, statistical 
analyses, sample and gene clustering, and functional enrichment 
analyses were then done as described above.

Statistical analyses
Cell- type estimation- deconvolution was done in CIBERSORTx, 
scRNA- seq data analysed in UCSC Cellbrowser 0.7.9 using 
uniform manifold approximation and projection (UMAP) statis-
tics and Louvain clustering. All other analyses were done in R, 
using the ggPlot2 package, ClusterGenomics package18 and gPro-
filer2 package.19 Empirical Bayes moderated t- statistic adjusted 
with the Benjamini- Hochberg (BH) method were used to calcu-
late significance of the differentially expressed genes (DEGs). 
For statistical analyses on CIBERSORTx results, a Tukey HSD 
test was used and for correlation with scRNA- seq data a Pear-
son’s product- moment correlation was run.

Patient and public involvement
Continuous dialogue with the patients has been achieved 
through the Norwegian National Advisory Unit on Pregnancy 
and Rheumatic Diseases (NKSR). Their reference group has 
involved user representatives who give useful feedback to the 
researchers. NKSR contributes to relevant education and are 
also active in disseminating research in conferences and on social 
media, making it accessible for researchers, patients, clinicians 
and other users.

RESULTS
WB mRNA analysis reveals three distinct signatures
To identify genes with expression patterns related to pregnancy 
and disease state, we sequenced total RNA (RNA- seq) from 335 
WB samples collected from a total of 84 SLE, RA and healthy 
control pregnancies. The samples were collected before, in each 
trimester and up to three time points after pregnancy (figure 1).

Analysing gene expression differences between each of the 
groups, both overall and at each time point, revealed over 7800 
significantly DEGs (BH adjusted p<0.05) (online supplemental 
table 2 and 3, online supplemental figure S2). These grouped 

WHAT THIS STUDY ADDS
 ⇒ We provide comparative data from a cohort of healthy 
controls and well- regulated patients with RA and SLE 
followed before, during and after pregnancy.

 ⇒ We combine bulk and single cell RNA analyses in a novel 
approach for cellular resolution and a better understanding 
of the inherent differences between the groups.

 ⇒ RA is generally closer to healthy than SLE in gene expression 
profile; altered cell type composition strongly influence the 
SLE whole blood gene expression profile, whereas the RA 
whole blood gene expression profile appears to be more 
influenced by cellular dysregulation.

 ⇒ In contrast to healthy and RA, the expression levels for 
the largest pregnancy related gene clusters did not return 
to prepregnancy levels in patients with SLE post partum, 
indicating systemic long- term effects of pregnancy for 
patients with SLE.

 ⇒ Our results indicate possible roles of pregnancy- related 
decreases of smaller, more specialised immune cell 
populations in systemic disease modification.

HOW THIS STUDY MIGHT AFFECT RESEARCH, PRACTICE OR 
POLICY

 ⇒ A renewed focus on how cellular burden confuses results 
from genomic research, hiding changes in smaller cell 
populations and gene expression changes within cells.

 ⇒ A cellular resolution of observed gene expression differences 
can potentially lead to better monitoring, follow- up and 
treatment prepregnancy, during gestation and post partum.

 ⇒ Our results support the need for increased awareness of the 
postpartum period, also in patients with SLE.
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into 14 distinct clusters (G1–G14) with expression patterns 
related to time, pregnancy and diagnosis (figure 2A–C). The 
gene expression differences could not be attributed to an effect 
of difference in medication (disease- modifying antirheumatic 
drugs (DMARDs) with or without prednisolone) nor disease 
activity (BH- adjusted p>0.05 for all genes) (online supplemental 
figure S3).

Pregnancy signature
The largest clusters, G5 and G14, contained genes, respectively, 
downregulated and upregulated during pregnancy (T1–T3), on 
average bottoming and peaking at T2. Using the Human Protein 
Atlas20 to examine the DEGs with the highest absolute log fold 

change (‘strongest DEGs’) in these clusters, showed both clus-
ters representing biological processes important for placenta-
tion, including immunomodulation that increases tolerance and 
reduces inflammation, angiogenesis and vascular remodelling. 
Notable regulators of these processes were upregulated (G14: 
IDO, IL10, FLT1) and downregulated (G5: IL5RA, PTGDR2, 
NKX3- 1, SOCS5). The most upregulated G14 transcripts were 
long non- coding RNAs (lncRNAs) that are not functionally 
characterised yet but may be involved in immune cell prolif-
eration.21 Further investigating these clusters through gene 
ontology enrichment showed pathways significantly enriched 
(hypergeometric test, BH adjusted p<0.05) for G14 genes were 
the olfactory signalling pathway and G- protein coupled receptor 

Figure 1 Study design. (A) Overview of study design with cohorts, sample times, sample types and methods. (B) Overview of samples. (C) Analysis 
flow chart. PBMC, peripheral blood mononuclear cell; RA, rheumatoid arthritis; SLE, systemic lupus erythematosus; SNRA, seronegative RA; SPRA, 
seropositive RA.

Table 1 Clinical parameters

Disease group Healthy SLE SNRA SPRA

Participants, n 21 23 13 19

Clinical parameters

Disease duration,* years – 7 (1–18) 5 (1–11) 4 (1–17)

Age,† years 30 (23–36) 31 (22–43) 31 (25–36) 33 (26–39)

Body mass Index,† kg/m2 24 (18–37) 24 (19–28) 26 (19–30) 27 (22–40)

Pregnancy duration,* ‡ weeks 40 (36–42) 39 (29–42) 38 (29–41) 39 (35–42)

Primipara 8 9 5 9

Adverse pregnancy outcomes§ 3 3 4 3

Birth weight,* kg 3.6 (2.3–4.1) 3.3 (1.1–4.2) 3.1 (1.2–3.7) 3.7 (2.5–4.2)

*Median (range) as indicated.
†Mean (range).
‡Pregnancies with a duration minimum of 24 weeks.
§Preterm birth (<week 37), low birth weight (<2500 g), eclampsia or pre- eclampsia.
SLE, systemic lupus erythematosus; SNRA, seronegative RA; SPRA, seropositive rheumatoid arthritis.
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signalling (figure 2D, online supplemental table 4), suggested 
to play a role in chemotaxis and organ construction during 
embryogenesis, as well as involvement in vascular remodelling 
during pregnancy.22 Focusing on cell- type expression through 
The Genotype- Tissue Expression (GTEx) project23 and Database 
of Immune Cell Expression24 revealed the most downregulated 
G5 transcripts to stem from innate cytotoxic and immune regu-
latory cells. Among these are natural killer (NK)- cell receptors 
in the NKG2 group (KLRC2, KLRC3, GNLY, KLRF1, FGFBP2), 
which bind non- classical major histocompatibility- molecules and 
are important in conveying feto- maternal immune tolerance, 
cytotoxic markers (GNLY, KLRF1, FGFBP2), gamma- delta T 
(gdT)- cell receptors (TRDC, TRDV2), T- cell receptors enriched 
in regulatory T- cells (Treg) (TRAV8- 2, TRAV8- 6), and mucosal 
associated invariant T (MAIT) cells (TRAV1- 2).

Additional clusters with clear pregnancy- related profiles 
were G13 and G9. G13 was upregulated in all pregnancies and 
included the interferon regulated gene (IRG) IFI27, which had 
the highest fold change in the dataset overall. This profile was 
mirrored by downregulated genes in G9. The G13 and G9 clus-
ters included fewer, but more highly DEGs, including upreg-
ulated (G13) Toll- like receptors (TLR1,2,4,5,6,8) and B- cell 
activating factor (BAFF/TNFSF13B) and downregulated (G9) 
immunoglobulin heavy and light lambda and kappa chain genes 
(IGH, 6 genes; IGL, 14 genes; IGK, 8 genes; online supple-
mental table 2).

SLE signature
Expression levels in SLE predominantly followed similar 
temporal fluctuations as the other two groups, but with a higher 
(G9–G14) or lower (G1–G5) relative expression (figure 2A,B). 
This difference was not counteracted by pregnancy. Instead, for 
the two largest pregnancy related clusters (G5, G14) the expres-
sion levels in patients with SLE, in contrast to the healthy and 
RA groups, did not return to prepregnancy levels post partum 
(T4–T6) (figure 2C).

The genetic profile of SLE consists of both down and upreg-
ulated genes, primarily clustered in G4 and G11 respectively. 

Downregulated genes in G4 include several transcripts enhanced 
in MAIT cells (eg, SLC4A10, CFH, IL23R, RORC) in addition to 
metalloproteases (ADAM12, ADAM23). Also of interest are the 
neutrophil transcripts in G7. Those that differ the most between 
SLE and healthy in the first trimester (T1) include genes involved 
in lipid and steroid hormone metabolism (ABCA1, APOBR) and 
inflammation or endoplasmic reticulum stress (GRN, PRKCD).

The SLE IFN signature genes in G11 (eg, SIGLEC1, IFI44, 
IFI44L, USP18, RSAD2, ISG15) show the highest differential 
expression over all in our analysis (online supplemental table 
2). To investigate this signature further, we calculated interferon 
scores from our normalised count matrix using genes from two 
IFN signature models; a 28 gene IFN score (IFN 28) developed 
and validated through NanoString Technology25 and a module- 
based IFN score26 (online supplemental table 5a–d). The scores 
showed the same pattern as G11 (figure 3A–D). Most of the 
DEGs from the two models overlapped with G11, but a small 
subset of genes overlapped with G13 (figure 3E). Compared 
with G11, cluster G13 was more related to pregnancy than to 
SLE. Comparing the IFN scores for the three groups, RA and 
healthy had similar scores overall and at any given time point 
(p>0.05, Tukey’s range test), while SLE differed from the 
other two groups both overall and at every time point (p<0.05, 
Tukey’s range test).

RA signature
Gene expression patterns in patients with RA were closer to 
healthy controls than to patients with SLE. The eight genes 
differentially expressed between healthy, and RA are predom-
inantly grouped in G4 and G5. These are found in T- cells 
(SLC4A10, SNHG16, LRRC8B, NKX318, RPS26, HLA- H) and 
monocytes (NBPF26, NAAA) and are involved in proliferation 
and tolerance.

SNRA and SPRA diverged in several clusters at T0 and T6 with 
opposite trajectories during pregnancy (online supplemental 
figure S4). Thus, gene expression changes driven by pregnancy 
overrode disease- group related differences between SNRA and 
SPRA.

PBMC analysis reveals distinct SLE and RA cell populations
To determine the cellular composition in the patients’ blood, 
PBMCs were analysed by single cell RNA sequencing (scRNA- seq) 
and flow cytometry. Samples from four patients with RA and 
four patients with SLE were used, with two samples from each 
patient, one from the third trimester (T3) and one from 6 weeks 
post partum (T4). Both analyses revealed distinct SLE and RA 
cell populations.

Single cell RNA sequencing
Clustering analyses and UMAP visualisation generated 15 main 
clusters, which were further expanded and annotated to 20 cell 
types based on known marker genes (figure 4A, table 3, online 
supplemental figure S5). Quantifying the number of cells per 
cell type for the RA and SLE samples showed that RA samples 
had more T- cells, SLE more myeloid cells, and that the differ-
ences were enhanced in pregnancy. For both myeloid and T- cells, 
differences between RA and SLE were largely driven by IFN- 
induced clusters in the monocyte (SC- M2) and naïve T- cell (SC- 
T3) compartments of the SLE samples. In contrasts, RA had high 
levels of classical monocytes (SC- M1) and metabolically active 
naïve T- helper cell (SC- T1), and these cell types also showed 
opposite trends between RA and SLE during and after pregnancy 
(online supplemental figure S6, online supplemental table 6).

Table 2 Medication status and disease activity

Time point LAI(P)/DAS 28*
Creatinine, 
µmol/L* Prednisolone, %† DMARDs, %‡

RA

  Pre 2.7 (1.7–4.7) (0.9) 65 (50–80) (8) 29 65

  T1 2.6 (1.7–6.1) (1.1) 48 (41–62) (6) 17 65

  T2 2.1 (1.7–4.1) (0.8) 45 (36–59) (5) 17 57

  T3 2.1 (1.1–3.6) (0.6) 45 (35–60) (5) 19 67

  6 weeks 2.3 (1.7–3.9) (0.7) 66 (48–78) (7) 22 59

  6 months 2.4 (1.7–4.5) (0.8) 64 (45–69) (7) 27 82

  12 months 2.6 (1.7–3.5) (0.8) 60 (53–76) (9) 38 50

SLE

  Pre 0 (0–0.1) (0.0) 61 (53–88) (13) 0 60

  T1 0 (0–0.4) (0.1) 44 (37–69) (8) 44 100

  T2 0 (0–0.2) (0.1) 46 (31–56) (6) 44 94

  T3 0 (0–0.2) (0.1) 42 (29–61) (7) 50 100

  6 weeks 0 (0–0.2) (0.0) 60 (51–99) (12) 53 100

  6 months 0 (0–0.4) (0.1) 57 (42–73) (9) 47 94

  12 months 0 (0–0.1) (0.0) 64 (43–76) (10) 50 83

*Median (range) (SD).
†2.5–0 mg.
‡Methotrexate, sulfasalazine and TNFα-inhibitors for RA and hydroxychloroquine and azathioprine for 
SLE. One patient with RA used hydoxychloroquine 6 months post partum (T5).
DAS28, Disease Activity Score- 28; DMARDs, disease- modifying antirheumatic drugs; LAI(P), Lupus 
Activity Index (in Pregnancy); RA, rheumatoid arthritis; SLE, systemic lupus erythematosus.
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Figure 2 Whole blood mRNA sequencing results. (A) Heatmap of relative expression levels for differentially expressed genes from the whole 
blood mRNA- seq analysis. Samples and genes are along rows and columns, respectively. Samples are grouped and labelled by disease group and 
sample time (GroupTime); the left colour bar shows samples taken during (dark blue) and outside (light blue) pregnancy. Gene expression values are 
the gene’s mean expression among samples for the corresponding GroupTime; values higher and lower compared with the gene’s overall median 
expression are in red and blue, respectively. Samples and genes were clustered; robust gene clusters (G1–G14) are named, and colour coded on 
top, outliers (G0) are shown in black. Selected genes are shown on the bottom. IGH represents IGHA1, IGHA2, IGHG1 and IGHG3(B) Individual gene 
expression profiles for 12 highlighted genes in (A). The profiles show mean (dots) gene expression (log2 reads per million (RPM)) at each sample time 
for healthy (green), SLE (orange) and RA (purple) participants; vertical lines are SD. (C) Relative gene expression profiles for each individual gene 
cluster, labelled and colour coded as in (A). In each panel, lines show the median relative expression of the genes from the corresponding cluster at 
each sample time for healthy (green), SLE (orange) and RA (purple). (D) top five significant REACTOME pathways hypergeometric test, BH adjusted 
p<0.05) enriched for genes in clusters G1–G14. Pathways are represented by their second level term in the REACTOME pathway hierarchy (see 
online supplemental table 4 for complete results). Dots represent significant terms with colour showing statistical significance (minus log adjusted p 
value) and size showing the enrichment OR. The OR was calculated with our own normalised samples as background. BH, Benjamini- Hochberg; RA, 
rheumatoid arthritis; SLE, systemic lupus erythematosus.
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In both groups, the cell abundance of Cytotoxic T- and 
NK- cells (SC- T8, SC- T5, SC- NK1 and SC- NK2) was lower in T3 
than in T4 (online supplemental table 6). Separate IFN- induced 
clusters formed in the monocyte (SC- M2) and naïve T- cell (SC- 
T3) compartments, and in SLE the SC- B2 population decreases, 
while the SC- PC1 population increases post partum. Differences 
for B- cells were small, but plasma cell (SC- PC1) levels were 
markedly (>4 times) higher in SLE post partum compared with 
T3.

Flow cytometry analysis
Adding flow cytometry in parallel to scRNA- seq allowed anal-
ysis of more cells from each PBMC sample and the possibility 
of classifying the cells using conventional markers for T- helper 
and B- cell subpopulations (online supplemental figure S1, online 
supplemental tables 1 and 7). The flow cytometry results showed 
the same overall patterns as the scRNA- seq results (figure 4B). 
There was no observed difference in T- regulatory cells between 
groups and the expected shift to a lower Th1/Th2- ratio during 
pregnancy was seen in both disease- groups, but more marked in 
RA (figure 4C, online supplemental table 7). Consistent with the 

scRNA- seq data, plasma cells were significantly higher in SLE 
post partum (figure 4D).

Cell abundance analysis
Combining the scRNA- seq and WB mRNA- seq data allowed 
estimating cell- type abundances in all the WB samples (see the 
Methods section). The results showed the same overall patterns 
as both scRNA- seq and flow cytometry (figure 4B). And as these 
WB estimates correlated clearly with scRNA- seq results in corre-
sponding samples (figure 4E; Spearman rank correlation 0.46, 
p=2.2×10–5), we went on to identify cell types that differed 
in abundance throughout and after pregnancy and between 
groups (p<0.05, Tukey’s range test)(figure 4F, online supple-
mental table 8). Several T- cell types as well as SC- B1, SC- PC1 
and SC- DC1 had a significant decrease in estimated abundance 
during pregnancy, bottoming out at T2- T3. Cell types SC- M1, 
SC- M2 and SC- T2 had the opposite signature. For the cell types 
with time- related fluctuations in abundance, healthy and RA 
samples generally showed similar fluctuations and abundances. 
In contrast, while the SLE samples also showed similar fluctu-
ations, the abundance differed significantly to the healthy and 

Figure 3 Interferon score. (A) An enhanced plot of the relative gene expression profiles of G11 and G13 from figure 2C; see figure 2C for details. 
(B) Interferon score calculated from 27 genes in a NanoString Validated 28 gene set. One gene was not found significant in our data (Benjamini- 
Hochberg adjusted p>0.05). The profiles show mean (dots) gene expression (log2 reads per million (RPM)) at each sample time for Healthy (green), 
SLE (orange) and RA (purple) participants; vertical lines are SD. (C) Interferon scores calculated from the sum of Module M1.2, M3.4 and M5.12 
containing gene sets used in a module- based approach. (D) Interferon score shown individually for the three modules used in (C). (C, D) The profiles 
are labelled, and colour coded as in (B). (E) Comparison of genes in the gene sets used in (A–D). Horizontal bars show number of genes per set. 
Vertical bars show unique genes per set and the number of genes shared between different sets. Dots mark sets included in each of the vertical bars. 
RA, rheumatoid arthritis; SLE, systemic lupus erythematosus.
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Figure 4 PBMC scRNA- seq, flow cytometry and cell type estimation results. (A) UMAP clustering of PBMC scRNA- seq expression profiles; each dot 
is one cell. (left) Automatically identified and (right) manually annotated clusters with their assigned cell type labels (see table 3, online supplemental 
figure S5). For the manually annotated clusters, each black dot represents a manually reannotated cell. (B) Relative abundance of B- cells (red), T- 
and NK- cells (blue) and Myeloid cells (grey) for RA and SLE in the third trimester (T3) and 6 weeks post partum (T4), estimated by scRNA- seq, flow 
cytometry and whole blood mRNA- seq cell type deconvolution. (C) Boxplot for the Th1/Th2 ratio found by flow cytometry for RA and SLE in the 
third trimester (T3) and 6 weeks post partum (T4). (D) boxplot of the percentage of plasma cells in live cells found by flow cytometry. The difference 
between RA and SLE at T4 was found to be significant (Wilcoxon rank sum test, p=0.025). (E) Associations between mRNA- seq cell type estimates 
and scRNA- seq results. Dots are regression coefficients from linear models based the mRNA- seq estimate and scRNA- seq result for one cell type 
from the RA (purple) and SLE (orange) samples, and RA and SLE (yellow) samples combined. (F) Estimated percentages of scRNA- seq cell types in 
whole blood samples. Cell types are grouped by whether they are significant between disease groups (group), throughout time (time) or both. Only 
significant cell types are shown (p<0.05, Tukey’s range test). PBMC, peripheral blood mononuclear cell; RA, rheumatoid arthritis; SLE, systemic lupus 
erythematosus; UMAP, uniform manifold approximation and projection.
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RA samples in some cell types. Cell types with lower abun-
dance in SLE included SC- M1 and three SC- T groups (2, 4, 7), 
whereas the IFN- induced SC- M2, SC- M3, SC- PC1, and SC- T3 
had higher abundance in SLE. Consistent with the flow and 
scRNA- seq results, and in contrast to healthy and RA, SLE had a 
distinct surge in plasma cells (SC- PC1) post partum.

The only cell type where the estimated abundance in RA 
differed from healthy controls were SC- T1 post partum, where 
healthy had a sharp surge compared with RA and SLE. However, 
this difference is due to SNRA and as there are more SPRA 
samples this difference is not significant when the two subtypes 
are combined. Furthermore, SNRA and SPRA only differed 
significantly in the estimated proportion of SC- T7, where the 
proportions in SPRA and SNRA were more like healthy and SLE, 
respectively (online supplemental table 9).

Cell adjustment
The cell abundance analysis revealed large changes in cell- type 
composition throughout pregnancy and between groups (figure 4) 
suggesting that many genes could be identified as DEGs due to 
such changes alone. To identify genes whose expression patterns 
could be related to other factors than cell- type composition, we 
reanalysed the WB gene expression data while correcting for 
the estimated levels of the most abundant cell types. Correcting 
for the five cell types each estimated to contribute to more than 
10% of the total cell burden (SC- T2, SC- T4, SC- B1, SC- M1, 
SC- M2) resulted in less than 1000 cell- type adjusted DEGs (Adj- 
DEGs; online supplemental table 3a, b, online supplemental 
figure S2B). As in the original analysis, the majority of Adj- DEGs 

differed between SLE and healthy controls. In the original anal-
ysis, more than twice as many genes were found to be downreg-
ulated as upregulated in SLE compared with healthy controls, 
but after cell adjustment this evened out (online supplemental 
table 3a, online supplemental figure S2). Investigating the effects 
of individual cell- type adjustment on DEGs between SLE and 
healthy revealed that SC- M2 could explain the majority of the 
original DEGs over all time points, whereas SC- T2 could explain 
the original DEGs 6 weeks post partum (online supplemental 
table 3b). Finally, in contrast to DEGs between SLE and healthy, 
the number of DEGs between RA and healthy were similar in the 
original and adjusted analyses. These results are consistent with 
there being less differences in cell- type compositions between 
RA and healthy than between SLE and healthy.

The Adj- DEGs are grouped into six individual clusters 
(AdjG1–AdjG6) with expression patterns related to time, disease 
state and pregnancy (figure 5). They had a 40%–70% overlap 
with preadjustment clusters, except for AdjG3 with under 20% 
overlap with any preadjustment cluster (online supplemental 
table 10).

Pregnancy signature
As in the original analysis, Adj- DEGs consisted of both upregu-
lated (AdjG3, AdjG4) and downregulated (AdjG1, AdjG6) genes, 
which peaked or bottomed out at T2 on average. However, 
AdjG3 peaked at T3 and for AdjG1 and AdjG6, RA bottomed 
out at T3 (figure 5A,B). Whereas no pathways were enriched for 
the AdjG3 genes, the AdjG4 cluster was enriched for functions 
related to the innate immune system, neutrophil degranulation, 
platelet activation and G protein- coupled receptor signalling, 
AdjG1 for translation pathways, including responses to amino 
acid deficiency, nonsense- mediated decay and selenocysteine 
synthesis, and AdjG6 for complement activation and heme scav-
enging (figure 5C, online supplemental table 4, online supple-
mental figure S7).

To further interpret these results, we investigated both Adj- 
DEGs’ tissue and cell- type expression profiles in public resources 
(Human Protein Atlas20), The GTEx project,23 and Database of 
Immune Cell Expression24 and within our scRNA- seq data.

Focusing on the Adj- DEGs with the highest absolute log 
fold change (‘strongest Adj- DEGs’) showed that many of these 
come from smaller cell populations and may highlight biology 
that is less commonly described. For genes upregulated during 
pregnancy, the strongest Adj- DEGs were FOLR3, TMEM158, 
and ST6GALNAC4 (AdjG3) and AC073172.1, ANPEP, and 
ST6GALNAC2 (AdjG4) (figure 5D, online supplemental table 
2). Folate receptor gamma (FOLR3) is expressed in neutrophils 
and classical monocytes and its expression is closely correlated 
to that of TNFSF13B (also known as B- cell activating factor 
(BAFF)).20 In our analyses, FOLR3 was differentially expressed 
between SNRA and SPRA patients at all time points, but in the 
original analyses it was grouped among the outliers (G0) as 
its expression profile was not found similar enough to other 
genes to be placed in a cluster. Transmembrane protein 158 
(TMEM158, also known as Ras- induced senescence protein 1 
(RIS1)) is primarily expressed in brain and endometrium but 
is also distinctly expressed in classical monocytes.20 The gene 
takes part in the Ras signalling pathway involved in cell death 
and survival; a process closely linked to TLR- recognition of 
endogenous nuclear antigens.27 ST6 N- acetylgalactosaminide 
alpha- 2,6- sialyltransferase 4 (ST6GALNAC4) has broad tissue 
expression and is enriched in plasmacytoid dendritic cells (DCs) 
in PBMCs.20 We found both TMEM158 and ST6GALNAC4 to 

Table 3 UMAP clusters and associated cell types

Cluster Dominating cell type
Dominating 
group*

Dominating 
time point*

T- cells and NK- cells

  SC- T1 Naive T- helper cells, high metabolic 
activity

RA T3 RA, T4 SLE

  SC- T2 Naive T- helper cells SLE T3

  SC- T3 IFN- induced T, T- regulatory cells SLE T3

  SC- T4 Memory T- helper cells RA T4

  SC- T5 Memory T (helper and cytotoxic) cells SLE T4

  SC- T6 MAIT cells RA SLE T4

  SC- T7 Gamma/delta T- cells RA T4

  SC- T8 Memory T- cytotoxic RA T3, SLE T4 T4

  SC- NK1 CD16 positive NK- cells SLE RA T4

  SC- NK2 CD16neg/CD56bright NK- cells SLE T4

Myeloid cells

  SC- M1 Classical monocytes RA T3 RA, T4 SLE

  SC- M2 IFN induced monocytes SLE T3

  SC- M3 Non- classical monocytes SLE T3

  SC- DC1 Myeloid dendritic cells

  SC- DC2 Plasmacytoid dendritic cells

B- cells

  SC- B1 Memory B- cells

  SC- B2 Naive B- cells, CD69 positive SLE T3

  SC- PC1 Plasma cells SLE T4

Artefacts

  GRAN Granulocytes

  RBC Red blood cells

*Based on OR, see online supplemental table 6.
NK, natural killer; RA, rheumatoid arthritis; SLE, systemic lupus erythematosus; 
UMAP, uniform manifold approximation and projection.
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be upregulated in SLE compared with healthy and SPRA in the 
adjusted analyses. lncRNA AC073172.1 (also known as RP11- 
531H8.2) is expressed in WB and has been found to have a 
bioinformatic association to the LPS- response process and the 
TLR- signalling pathway and has been hypothesised to synergise 
with transcription factors binding to promoters regulating sex 
steroid functions.28 However, this has not been validated by 
laboratory experiments. We found AC073172.1 to be upreg-
ulated in SLE compared with SPRA, especially post partum. 
Membrane alanyl aminopeptidase (ANPEP) is expressed in 
intestine and pancreas and is enriched in neutrophils in WB.20 
Alpha- N- acetylgalactosaminide alpha- 2,6- sialyltransferase 2 
(ST6GALNAC2) has broad tissue expression and is enriched in 
neutrophils in WB.20 We found both ANPEP and ST6GALNAC2 
to be upregulated in SPRA compared with SNRA at T0. Consis-
tent with the pathway analyses, AdjG4 also contained other tran-
scripts enriched in neutrophils in WB, including genes involved 
in steroid and lipid metabolism (CYP27A1), ER- stress (MRVI1, 
UBE2J1) and galactosylation (GALNT14).

For genes downregulated during pregnancy, the strongest 
Adj- DEGs were RPL10P9, NSFP1, and NKX3- 1 (AdjG1) and 
HDC, CLC, and IGLV1- 44 (AdjG6) (online supplemental table 
2). Both ribosomal protein L10 pseudogene 9 (RPL10P9) and 
N- ethylmaleimide- sensitive factor pseudogene 1 (NSFP1) are 
pseudogenes without known functions; both have broad but 
low tissue expression. NK3 homeobox 1 (NKX3- 1) is primarily 
expressed in prostate and salivary glands, but also shows distinct 
expression in eosinophils and neutrophils.20 NKX3- 1 was down-
regulated in SLE and SPRA compared with healthy and is one 
of several AdjG1 genes regulating the FLT1- VEGF pathway.29 
Histidine decarboxylase (HDC) is highly specific to basophils 
whereas Charcot- Leyden crystal galectin (CLC) is highly specific 
to basophils and eosinophils and is a biomarker for eosinophilic 
and type two inflammation.30 Both HDC and CLC were upreg-
ulated in SPRA compared with SNRA at T0. Immunoglobulin 
lambda variable 1–44 (IGLV1- 44) is expressed in B- cells and 
plasma cells and was one of 31 differentially expressed IGL- 
chain and IGH- chain transcripts—all of which were grouped in 

Figure 5 Differentially expressed genes after cell- type adjustment. (A) Heatmap of relative expression levels for differentially expressed genes from 
the cell- type adjusted whole blood mRNA- seq analysis; see figure 2A for details. IFI44 represents both IFI44 and IFI44L. IGH represents IGHA1, IGHA2, 
IGHG1 and IGHG3 (B) Relative gene expression profiles shown for each individual gene cluster, labelled and colour coded as in (A); see figure 2C 
for details. (C) Top five significant REACTOME pathways (hypergeometric test, BH adjusted p<0.05) enriched for genes in clusters AdjG1- AdjG6; see 
figure 2D for details. (D) Individual gene expression profiles for nine highlighted genes in (A). BH, Benjamini- Hochberg.
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AdjG6, comparable to G9 in the original analysis. Other genes 
downregulated during pregnancy (in AdjG1) included genes 
expressed by innate cytotoxic cells (G4 and G5 in the original 
analysis).

SLE signature
There were 519 Adj- DEGs differing between SLE and healthy 
controls (online supplemental tables 2 and 3, online supple-
mental figures S8 and S9), the majority of which were either 
downregulated during pregnancy (AdjG1; 231 genes) or gener-
ally upregulated compared with healthy and RA (AdjG2; 154 
genes). As in the original analyses, genes up- regulated in SLE 
(AdjG2, comparable to G11) were highly enriched for IFN- 
signalling functions (online supplemental table 4). Focusing on 
the genes unique to the adjusted analysis indicated that these 
genes were mainly expressed in monocytes, plasma cells and 
DCs (online supplemental figure S10). As the analysis was 
adjusted for changes in monocyte levels, this indicates that these 
genes could be dysregulated in monocytes of patients with SLE, 
although we cannot exclude effects of differences in abundance 
of other cell types not included in the adjustment.

RA signature
After adjustment, 27 genes were dysregulated in RA compared 
with healthy controls (online supplemental figure S11, online 
supplemental tables 2 and 3), including the eight genes from the 
original analysis. The majority of the genes (20/27) were down-
regulated in RA overall or in the third trimester compared with 
healthy controls.

Several of the genes were also downregulated in SLE, showing 
a common disease profile (EIF3G, NKX3- 1, RPS26). For some 
genes, however, the expression profile for SLE mostly followed 
the healthy controls while expression levels for RA differed 
(NBPF26, LRRC8B, DEF6, CNR1). For one gene (NAAA, 
primarily expressed in monocytes) the expression level was 
upregulated in RA but downregulated in SLE.

Most of the genes had decreased expression during pregnancy 
and 15 of the 27 genes clustered in AdjG1 (online supplemental 
figure S11, online supplemental table 2). Based on our single 
cell data these were generally expressed in T- cells and NK- cells 
(online supplemental figure S12) and are involved in prolifera-
tion, adaptive T- cell response and homoeostasis. Three of these 
genes are specific to or associated with MAIT cells (GZMK, 
NCR3, SLC4A10).20 Several genes also have an important role in 
placental development (NKX3- 1, SNHG16, NRCAM).29 31 32 For 
the other clusters, the genes were either non- specific or found 
in the other immune cells involved in basic immunological 
processes (antigen binding/lysis) and tolerance. Dysregulation of 
DEF6 (AdjG6) has been linked to autoimmunity33 and TAFA2 
might also be an immune regulator.34 The divergence between 
SNRA and SPRA at T0 and T6, with opposite trajectories during 
pregnancy (online supplemental figure S13) was also seen after 
adjustment.

DISCUSSION
We provide data from women followed at a rheumatological 
outpatient clinic connected to a national competence centre and 
with universal accessibility to healthcare.35 The gene expression 
differences seen in our cohort first reflect patients with SLE 
differing from other participants and second reflect pregnancy 
samples differing from prepartum and postpartum samples. 
We also find clear differences between patients with RA and 
healthy. A summary of our main findings can be found in online 

supplemental table 13. No gene expression differences could be 
attributed to differences in medication or disease activity (online 
supplemental figure S2).

In healthy pregnancies systemic response to foreign antigens 
is reduced36 37 as part of a shift towards tolerance. This immune 
signature is evident in our primary clusters G13 and G9 and 
adjusted clusters AdjG3 and AdjG4. In the adjusted analyses, 
part of this immune signature is found as transcripts involved 
in galactosylation; a post- translational protein modification 
altering the binding capacity and effector functions of immu-
noglobulins. In our dataset, these transcripts are increased in 
pregnancy, with a higher overall expression in SLE. Others have 
shown an increase in galactosylation of IgG during pregnancy in 
healthy and RA. An attenuation of this increase has been asso-
ciated with recurrent pregnancy loss. In non- pregnant patients 
with RA, decreased IgG galactosylation is seen with increased 
disease activity and inflammation.8

As the humoral immune response is repressed, there is a tight 
balance in maintaining the pregnant immune system’s defence 
against bacterial agents and tolerance of the fetus.38 We find lower 
expression of transcripts enriched in specialised immune cells 
known to accumulate in the decidua and help keep this balance 
(Treg, MAIT, NKbright, gdT). Our findings are consistent with 
evidence suggesting recruitment from peripheral blood to the 
decidua by chemotactic factors produced by the placenta.39–41 
This mechanism may contribute to the disease- modifying effect 
of pregnancy and needs to be explored in further studies.

The differences found between patients with SLE and the other 
participants are mainly driven by the SLE IFN- signature, which 
was not counteracted by pregnancy. Expression of interferon 
related genes declined during pregnancy in healthy controls, but 
increased slightly in RA. In our material both the pDCs (SC- 
DC2) and ISG15- secreting plasma cells (SC- PC1) were more 
abundant in SLE than in RA in the PBMC samples, but these 
smaller subpopulations could not be described and verified in 
the larger mRNA cohort through our cell abundance estima-
tion. We show an expansion of IFN- regulated T- cells (SC- T3) 
and monocytes (SC- M2) and non- classical monocytes (SC- M3) 
in SLE compared with RA and healthy controls. These are the 
main cell populations contributing to the IFN- profile. In preg-
nancy, there is a partial reversal of the expansion of non- classical 
monocytes (SC- M3), while the IFN- regulated monocytes (SC- 
M2) become even more dominant in the cellular composition of 
patients with SLE. Others have shown a similar pattern, demon-
strating how an increase in monocytes, together with suppres-
sion of T- effector cells, are part of the systemic adaptation to 
gestation in general.10

The gene expression profile of SLE in pregnancy did not 
return to prepregnancy levels 6 weeks, 6 months or 12 months 
post partum (T4–T6). Although a direct association to disease 
activity was not detected, our finding is in line with research 
from the RevNatus registry, showing higher disease activity at 6 
and 12 months post partum6 and highlighting the need for tight 
follow- up and disease control in the first year after delivery. 
Among the most upregulated genes, particularly after pregnancy 
for patients with SLE (G14, T4), are lncRNAs. Although this 
might reflect general cellular turnover and nuclear activity, these 
lncRNAs may participate in the pathogenesis of SLE through 
endogenous TLR- responses and IFN I activation.42 Among the 
most downregulated genes were metalloproteinases, one of them 
being ADAM12, which is known to be produced in the syncy-
tiotrophoblast and is an important factor for angiogenesis and 
placental growth. Reduction of ADAM12 is associated with pre- 
eclampsia and thromboembolic complications.43 44
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Gene expression patterns in patients with RA were closer to 
healthy controls than to patients with SLE. This agrees with 
previous findings.45 46 Moreover, in contrast to SLE, the esti-
mated cell type compositions in RA were similar to those in 
healthy (p>0.05). However, we show that cell- type adjustment 
is important to elucidate the RA signature, which indicates that 
RA to a higher extent than SLE, appears to be driven by cellular 
dysregulation, rather than altered cell- type composition. The 
majority of RA- signature genes are expressed in T- cells and 
NK- cells, and several were associated with MAIT cells. This 
association was not visible until after adjustment. Dysregulation 
within blood and synovial fluid MAIT cells in patients with RA 
have also been found by others,47 but it has not been studied 
extensively. Furthermore, we found the RA- signature genes were 
mainly downregulated. We did identify differences between 
SNRA and SPRA, but there were too few samples to verify these 
thoroughly. In the future, larger cohorts of the RA subgroups 
are needed.

Single cell library preparation is still an expensive procedure 
where only a few samples can be prepared simultaneously. To 
mitigate effects of individual variation, samples were pooled, 
generating an average pattern rather than cell population distri-
butions per individual. In our protocol, 99% of the cells in the 
sequenced samples were living cells (online supplemental figure 
S14). However, we cannot control for possible differences in 
survival between cell types during sampling and preparation and 
this could potentially skew cell clustering. The cell populations 
not detected trough cell abundance estimation were small and 
therefore not relevant for the adjustment procedure. However, 
confirmation of the fluctuations in these smaller populations 
could not be confirmed in the larger cohort. It has been shown 
that T- cells and NK- cells demand a high number of cells in order 
to produce a high classification accuracy.48 49 The major NK 
clusters were visible in our UMAP, although only one was anno-
tated by the software. This is also true for the T- cell populations, 
where several visible clusters were not annotated. Combining 
the software’s annotation with a manual layer provided results 
similar to the reference studies and indicates that our clustering 
is sufficient. Currently, no consensus on reference materials for 
guided UMAP clustering for immunological cells exist, making 
it challenging to compare studies. Fortunately, data are rapidly 
accumulating, and our results from PBMCs will be a part of this.

Using scRNA- seq analysis to guide handling of bulk mRNA 
data provided a robust approach. Our cell- type adjusted dataset 
solidified patterns seen in the unadjusted dataset and removed 
some of the signal connected to cellular metabolism and turn-
over. It also highlighted the signal from new candidate genes 
and smaller immune cell populations, like MAIT cells’ role in 
the RA- signature. We, therefore, see the cell- adjusted dataset as 
a valuable added resource in expanding the knowledge both for 
cell type and gene expression changes in healthy and rheumatic 
pregnancy.
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