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Downregulation of MALATT1 is a hallmark of tissue and
peripheral proliferative T cells in COVID-19
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Abstract

T cells play key protective but also pathogenic roles in COVID-19. We studied the expression of long non-coding RNAs (IncRNAs) in COVID-19
T-cell transcriptomes by integrating previously published single-cell RNA sequencing datasets. The long intergenic non-coding RNA MALAT1 was
the most highly transcribed IncRNA in T cells, with Th1 cells demonstrating the lowest and CD8+ resident memory cells the highest MALAT1
expression, amongst CD4+ and CD8+ T-cells populations, respectively. We then identified gene signatures that covaried with MALATT in single T
cells. A significantly higher number of transcripts correlated negatively with MALATT than those that correlated. Enriched functional annotations
of the MALAT1- anti-correlating gene signature included processes associated with T-cell activation such as cell division, oxidative phosphoryl-
ation, and response to cytokine. The MALATT anti-correlating gene signature shared by both CD4+ and CD8+ T-cells marked dividing T cells in
both the lung and blood of COVID-19 patients. Focussing on the tissue, we used an independent patient cohort of post-mortem COVID-19 lung
samples and demonstrated that MALAT1 suppression was indeed a marker of MKI67+ proliferating CD8+ T cells. Our results reveal MALAT1
suppression and its associated gene signature are a hallmark of human proliferating T cells.
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Abbreviations: AUC: area under recovery curve; BAL: broncheoalveolar lavage; CD: cluster of differentiation; CD4/CD8_EM: CD4/CD8 memory cells; CD8_EMRA:
CD8 recently activated memory cells; CD8_EX: CD8 exhausted; CD8_RM: CD8 resident memory cells; COVID-19: coronavirus disease; GSEA: gene set enrichment
analysis; LincRNA; long intergenic RNA; IncRNA: long non-coding RNA; MALAT1: metastasis-associated lung adenocarcinoma transcript 1, PBMCs: peripheral
blood mononuclear cells; Regulatory T cells: Treg; SARS-CoV-2: severe acute respiratory syndrome coronavirus 2; scRNA: single-cell RNA sequencing; TCRs;
T-cell receptors; Th1: T helper type 1; UK-CIC: UK coronavirus immunology consortium; UMAP: uniform manifold approximation and projection.

Introduction

T-cell plasticity and balance are crucial for protection and
pathology [1, 2]. Such opposing roles have been appreciated
in various provocations of the immune system and more re-
cently in the progression of COVID-19 [3, 4]. While antigen-
specific T cells may confer protection against SARS-CoV-2
virus [5-7], lymphopenia is associated with severe COVID-19
[8-10] and exhausted, senescent T cells and those expressing
MKI67 [11, 12], a key proliferation marker, contribute to
pathology [3, 13-15]. In CD8+ T cells, a strongly prolifera-
tive phenotype correlates with contraction and disappearance
of clones in acute COVID-19 pathology [16].

Long non-coding RNAs (IncRNAs) are regulatory
non-coding RNAs, longer than 200nt. In most cases, IncRNAs
show low-medium expression with poor conservation across

species often acting as scaffolds for recruitment, sequesters
for chromatin-modifiers, or RNA binding proteins to specific
genomic sites [17, 18]. LncRNAs may be cis- or trans-acting
wherein the former influences transcription by affecting the
loci near their transcription site (enhancer-like) while the latter
transcripts leave the transcription site to affect gene expres-
sion (mRNA-like) via transcriptional or post-transcriptional
mechanisms [19].

LncRNAs play essential roles in adaptive immunity, par-
ticularly in lymphocyte activation, signaling and effector
functions [20]. For example, IncRNAs such as [ncHSC-2
commit HSCs to lymphoid specification as B or T cells [21].
T-cell development is regulated by Notchl signaling [22]
whose expression is in turn regulated by the IncRNA NALT1
[23]. As T cells mature, their activation is triggered by T-cell
receptors (TCRs) upon MHC-mediated antigen presentation
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that is further modulated by co-stimulatory or co-inhibitory
ligands. This activation leads to a switch to glycolysis [24]
which is in turn is influenced by the IncRNA PVT1 [25, 26].
Indeed, sets of IncRNAs specifically regulate lineage-specific
gene expression in activated T cells [27] such as Th1 [28], Th2
[29], Th17,[30] and Treg [31] programs.

Profiling IncRNA expression in immune cells during the
response to infection can provide insights into key transcrip-
tional and post-transcriptional mechanisms operating in
health and disease. Of note, even though the transcriptomes
of tissue and peripheral T cells during responses to infection,
and more specifically SARS-CoV-2 have been extensively
studied [32], the study of T-cell IncRNA profiles has been
limited [33, 34].

We explored T-cell IncRNA profiles from three pub-
licly available datasets from individuals with COVID-19
identifying several IncRNAs that are detectable in lung T
cells during infection. We particularly focused on MALATT,
a long intergenic non-coding RNA (lincRNA, a sub-class
of IncRNAs) remarkably conserved in vertebrates [35].
LincRNAs such as MALAT1 do not overlap with protein-
coding genes and can have various regulatory effects on gene
expression [36]. Localized in nuclear speckles [37, MALATT is
known to work in a variety of ways, such as through binding
splicing factors [37], controlling the function of proteins in-
volved in transcription [38], miRNA sequestration [39], and
associating with proteins [40]. MALAT1 has been associated
with positively regulating cell cycle progression in cancer tis-
sues [41] a loss of which impairs cell proliferation [23]

MALATT has been shown to regulate T-cell function, pre-
dominantly in animal models of infection or immunopathology
[42-45].In a previous study, in CD4+ T cells, we reported that
MALAT1 downregulation is a hallmark of naive CD4+ T-cell
activation and that MALAT1-/- CD4+ T cells express lower
levels of IL-10, an anti-inflammatory cytokine resulting in en-
hanced inflammation or immunity in experimental models of
leishmaniasis and malaria [46].

Here, we examined COVID-19 single-cell RNA sequencing
(scRNA seq) datasets from bronchoalveolar lavage (BAL)
[47, 48], explant/post-mortem lung cells [49], and peripheral
blood [50] and discovered that MALAT1 was negatively cor-
related with cell cycle progression and proliferation in CD4+
and CD8+ T cells of severe COVID-19 patients. Performing
RNAscope on COVID-19 post-mortem lung tissue from indi-
viduals who died of COVID-19, we confirmed that MKI67-
expressing CD8+ T cells had lower levels of MALATT mRNA
in situ. Overall, our findings reveal that MALAT1 expression
in T cells from COVID-19 patients is linked to a specific gene
signature and that low MALAT1 expression is a hallmark of
proliferative T cells.

Results

MALAT1 is differentially expressed in CD4+ and
CD8+ subpopulations

We integrated T-cell BAL scRNAseq datasets [47, 48] to look
at highly expressed IncRNAs in T cells from healthy volun-
teers and individuals with COVID-19 (Methods; Fig. 1A).
We found MALAT1 to be the highest expressed IncRNA
with similar distribution in both datasets which is ubiqui-
tously found across all T cells (Fig. 1A). We then normalized
and integrated the two datasets (see Methods) and clustered
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them at a low resolution to infer coarse-grained T-cell hetero-
geneity (Fig. 1B; Supplementary Fig. S1). Cells visualized on
UMAP showed both the datasets to be similarly spread across
UMAP space indicating similar composition (Fig. 1C left). We
then used cell type metadata [47,48] to obtain a finer-grained
T-cell phenotyping (Fig. 1C middle). We found that there were
marked differences between T cells based on disease severity
(Fig. 1C right).

Importantly, we found that MALATT1 is differentially ex-
pressed within unbiased clusters, especially cluster 2 (Fig. 1D
left) and within imputed T-cell subpopulations. We found that
Th1 cells (CD4_TH1, inflammation-associated TNF/IFNy
expressing effector cells) demonstrate lower MALATT levels
with respect to naive CD4+ T cells (CD4_N, immature cells
with no exposure to cognate antigen), confirming previous
findings in mouse Th cells [46]. CD4_Treg (regulatory T cells)
showed the highest MALATT levels. We also observed dif-
ferences in MALAT1 expression within CD8+ T cells, with
CD8_RM subset showing the highest MALAT1 expression
compared to all other subsets. The difference in MALAT1
expression between CD8_RM (tissue-resident memory CD8)
and CD8_EM/CD8_EMRA (memory cells/recently activated
memory cells in periphery) may mark how a memory T cell is
poised toward tissue homing [51]. While exhausted CD8+ T
cells (CD8_EX, activated cells with exhausted effector func-
tion) had a lower median value of MALAT1 than naive CD8+
cells (CD8_N), this was not significant. However, compared
to CD8_EM, CD8_EX had lower MALATT1 levels. It is not-
able that the lower quartile of CD8_EX cells was the lowest
among all CD8 subsets (Fig. 1D right). In our data integration
(see Methods), we retained cell cycle genes, as MALAT1 has
been previously linked to the cell cycle [23, 41]. In doing so,
and as suggested [47, 48], we found cluster 2 (Fig. 1B) to be
a mix of CD4_TH1 and CD8_EX T cells (Fig. 1C, middle
panel). Interestingly, MALAT1 expression was reduced in
T cells from BAL from severe patients in both the datasets
(Fig. 1E), although we note that this may be biased due to
the low proportion of cells from non-severe patients (Fig. 1F).
Interestingly, among the top 10 highly expressed IncRNAs
(Fig. 1A; Supplementary Fig. S2) only MALAT1 seemed to be
down-regulated in severe cases with respect to both healthy,
mild/moderate cells (Fig. 1E versus Supplementary Fig. S2).

MALAT1(anti-)correlated gene lists identify CD8 +
T, CD4+T,, Cells

To understand the effect of variability in MALAT1 expression
(Fig. 1D) across coarse- and fine-grained T-cell heterogen-
eity we looked at how MALAT1 gene expression correlated
against all other genes across all T cells, or only CD4+ T cells
or CD8+ T cells, respectively. Keeping a significance score of
P =0.05 and the positive correlation value > 0.1 or negative
correlation value < -0.1 as a cut-off, we found that ~80% of
the genes that significantly co-vary with MALAT1 are those
anti-correlated to its expression (all T cells, Fig. 2A). This per-
centage is ~88% for CD4+ T cells and ~65% for CD8+ cells
when correlations were calculated separately for CD4+ and
CD8+ cells (Fig. 2A).

Upon analyzing the intersection of these gene lists we found
that out of the genes that correlated positively with MALAT1
for CD4+ and CD8+ cells, there were 79 genes that were
common between the two T-cell types while there were over
four times as many uniquely MALAT1 correlated genes in
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Figure 1. MALATT is differentially expressed in T cell subsets: (A) Stacked violin plots showing the top 10 highly expressed LncRNA inT cells in
bronchoalveolar lavage fluid studies. (B) UMAP plots depicting single cells colored by their cluster identity as indicated by colored boxed labels. (C)
UMAP plots depicting single cells colored and labeled by their respective study (Liao et al. (2020) and Wauters Mol et al. (2021)). Same as left but
colored by imputed cell sub-population type and disease severity (healthy = 1225 (Liao et al. only), mild = 111, moderate = 2135, severe = 8275T cells),
respectively. (D) Violin plots showing normalized counts of MALATT expression across cluster identities of T cells and imputed cell sub-populations.
Kruskal-Wallis multiple comparison P-values are indicated by asterisks (****P < 0.0001, ***P = 0.0001-0.005,**P = 0.005-0.001,*P = 0.01-0.05). For cell
sub-populations, only a subset of comparisons is shown. (E) Violin plots showing normalized counts of MALAT1 expression across study and disease
severity. Kruskal-Wallis multiple comparisons with p-value asterisks as defined in (D). (F) Barplot showing proportion of total CD4+/CD8 +T cells
represented by each severity group pooled for both datasets.
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Figure 2. BAL T-cell sub-populations differentially express MALAT 1-correlated genes. (A) Bar plots showing the number of genes that correlate or

anti-correlate with MALAT1 for all T cells, CD4+ and CD8+ T cells. (B) Venn diagrams depicting the intersection of gene lists that correlated [Corr(CD8),
Corr(CD4)] and that for those that anti-correlated [Acorr(CD8), Acorr(CD4)] with MALAT1 expression in CD4+ cells and CD8+ cells. (C) Heatmap of top
25 MALAT1 correlating genes (highlighted in the rectangle) and top 25 anti-correlating genes in CD4 +T cells grouped by their cluster identities and by
sub-population. Heatmap legend indicates expression values scaled to a mean of zero. (D) Same as C but for CD8+ T cells.
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CD8+ over CD4+ cells (210 versus 47; Fig. 2B). While CD4+
and CD8+ cells shared a high number of genes that were anti-
correlated to MALAT1, the number of genes that were unique
in anti-correlation lists were four times as many in CD4+ T
cells than CD8+ T cells (Fig. 2B).

We next identified whether the top 25 MALAT1-correlated
and top 25 MALATI1-anti-correlated genes (based on cor-
relation value) in both CD4+ T cells (Fig. 2C) and CD8+
T cells (Fig. 2D) were differentially expressed in clusters
identified previously (Fig. 1D left) or within imputed cell
sub-populations (Fig. 1D center). When grouped by cluster
identities, in CD4+ T cells, MALAT1 anti-correlated genes are
upregulated in cluster 2 (bottom 25 genes, Fig. 2C) while a
strong MALATT1 correlated signature is observed in clusters
0, 1, and 5 (top 25 genes, Fig. 2C left). Cells in cluster 2 (Fig.
2C left) may predominantly be CD4_TH1 cells (Fig. 2C right)
while clusters 0, 1, and 5 (Fig. 2C left) may largely comprise
either CD4_N (naive) or effector memory (CD4_EM) CD4+
T cells (Fig. 2C right).

In a similar manner in CD8+ T cells, cluster 2 is charac-
terized by genes that are MALAT1 anti-correlated (bottom
25 genes, Fig. 2D). When grouped by T-cell subpopulations,
CD8+ T, -cells appeared to be enriched in the MALATI
anti-correlated signature (Fig. 2D). When grouped by cluster
identities, MALATT anti-correlated genes were expressed in
cluster 2 of CD84+ T cells (Fig. 2D) as with CD4+ T cells (Fig.
2C). Interestingly, CD8+ T -population appears heteroge-
neous in terms of expression of MALAT1 anti-correlating
and correlating genes (Fig. 2D) which may explain why
MALAT1 expression is not significantly different between
CD8 T, and CD8 T, cells (Fig. 1D right). In addition,
MALAT1 correlated signature is enriched in the resident
memory subset (CD8+ T,,,) and effector memory (CD8+
T,,,) sub-populations (Fig. 2D).

Importantly, MALAT1 is anti-correlated with MKI67, a
commonly used marker of T-cell proliferation which is really
a graded marker of the same and also marks T cells that may
have recently divided [52], in both CD8+ and CD4+ and its
expression is increased in cluster 2 (Fig. 2C and D) poten-
tially indicating the proliferative nature of cells in this cluster.
Overall, these findings identified a core gene signature that
anti-correlates with MALAT1 expression in T cells and indi-
cated that these genes were highly expressed in proliferative
CD4_TH1 and CD8_EX cells.

MALAT1 anti-correlated genes include a core
proliferation and cell-specific signature inT cells

Next, we used STRING-DB to perform network analysis for
the top 100 genes (corresponding to approximately the top
25th percentile of all correlation values) that anti-correlate
with MALATT in both CD4+ and CD8+ T cells as networks
(Fig. 3A). Upon clustering these using k-means (k = 3), the re-
sulting clusters showed FDR corrected enrichment for “Cell
Division”, “Oxidative phosphorylation,” and “Response to
Cytokine” (Fig. 3A).

Next, we investigated the gene lists using gene set enrich-
ment analysis [53] using the hallmark gene sets to look at
signatures within our gene lists. MALAT1 anti-correlated
genes were significantly enriched for cell-cycle targets of E2F
transcription factors, genes regulated by MYC, progression
through cell division (G2M) for CD4+ and CD8+ T-cells sug-
gesting the MALAT1 anti-correlated signature might play
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a role in proliferation and cell cycle progression (CD4 and
CDS8, Fig. 3B). Further, these gene sets showed enrichment for
hypoxia, oxidative phosphorylation, and glycolysis for both
CD4+ and CD8+ T cell whereas genes for DNA repair were
only enriched in MALATT anti-correlated gene list for CD4+
T cells (CD4, Fig. 3B).

Genes upregulated in response to IFN-y and IFN-a
signaling were hallmarks uniquely associated with CD4+ T
cells (unique to CD4, Fig. 3B). Genes involved in complement
were associated with both CD4+ and CD8+ T cells while genes
associated with xenobiotic metabolism were associated with
CD4+ T cells (unique to CD4, Fig. 3B). Further, MALAT1
anti-correlating genes uniquely in CD8+ T cells were enriched
for genes involved in the p53 pathway and those regulated in
response to TNF via NF-kB (unique to CD8, Fig. 3B).

We looked at the top 20 genes uniquely anti-correlated
to MALAT1 in CD4+ T cells for STRINGDB interactions
and found that genes related to response to TNF/IL-1 such
as PSMAS, NFKBIA, and Ubiquitin cross-reactive protein
(ISG15) (Fig. 3C). On the other hand, in CD8+ T cells,
MALATT1 uniquely anti-correlates with genes associated with
membrane targeting of proteins along with genes involved in
CD8+ T-cell exhaustion like GNLY, GZMB, and HAVCR2
(Fig.3D).

MALAT1 and MKI67 anti-correlate in COVID-19
post-mortem lung tissue

The above cell-type gene signature and pathway analyses in-
dicated a potential link between MALAT1 expression and
T-cell proliferation. To further test this, we checked if the
MALAT1 anti-correlated gene list signature common to
CD4+ and CD8+ T cells (Fig. 3A) identified in BAL samples
was sufficient to mark proliferating T cells in lung tissue. For
this purpose, we analyzed a COVID-19 explant/post-mortem
lung scRNA seq dataset [49]. We pre-filtered barcodes labeled
as “T cells” from the dataset and used the top 100 common
genes that are anti-correlated with MALAT1 (Fig. 3A), of
which 88 genes were found in Bharat et al., to calculate the
‘area under recovery curve’ or AUC [54] for each cell to calcu-
late enriched gene set activity per cell (histogram, Fig. 4A) to
identify gene list enrichment. Thresholding the AUC score (at
AUC >= 0.39) based on the bimodality in AUC distribution
(histogram, Fig. 4A), the cells were highlighted on a UMAP
plot (Fig. 4A). The high AUC score highlights proliferating T
cells as indicated by their corresponding MKI67 expression
in UMAP space and lower MALATT levels is associated with
cells with high MKI67 levels (Fig. 4B).

Interestingly, the proliferative T cells in post-mortem lung
tissue appeared diverse in terms of their position in UMAP
space. To investigate this further, we examined a subset of
these cells (AUC scores >= 0.39) and visualized canonical
T-cell markers in two-dimensional UMAP space (Fig. 4C).
We further re-clustered these cells (Fig. 4C, bottom right) to
understand whether the heterogeneity in proliferative T cells
with a high AUC score (Fig. 4A) translates in terms of differ-
ential gene expression (Fig. 4D).

We found that that cluster 0 (Fig. 4C) comprised of CCL4,
CXCR4 expressing CD8 +T,, (CD8A, GZMK, GZM,
MKG7, and GZMH) cells (Fig. 4D, Supplementary Table S1).
Cluster 1 was comprised of IFNG+ ydT cells (Fig. 4D) ex-
pressing TRDC and GNLY (Supplement Table S1). Cluster
2 markers appeared to have a strong macrophage-like gene
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terms of co-expression or interaction. (B) Barplots showing negative log FDR values for HALLMARK GSEA enrichment for genes that anti-correlate with
MALAT1 and those that are uniquely so in CD4+ and CD8+ T cells. The 'x’ axis contains HALLMARK gene set names that were found to enriched. (C)
Same as A but for top 20 unique genes for CD4+ T cells. (D) Network representation of STRING interactions for top 20 unique CD8+ T cells.
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Figure 4. MALATT expression is reduced in proliferating T cells from lung digests. (A) Histogram showing ‘area under recovery curve’ score for MALAT1

anti-correlated gene list (number of genes = 88) for single cells. UMAP plot highlighting cells with AUC score from B that are greater than 0.39. (B)
UMAP plot depicting MKI67 and a violin plot showing MALATT expression in groups created based on MKI67 levels of greater or less than 1.0. (C)

UMAP plot depicting TRBC2, CD8A, and CD4 gene expression along with cluster identities of proliferative T cells (subset based on AUC score greater
than 0.39 from A). (D)Heatmap showing top 10 genes expressed in each imputed cluster in (C). (E) UMAP plot depicting imputed cell cycle phase for
each T cell. (F) Scatter plots and linear regression between imputed S-phase score (left) and G2/M score (right) per cell and MALAT1. P-values indicates
the significance of the slope of the regression. (G) Histogram showing ‘area under recovery curve' score for MALATT anti-correlated gene list (number

of genes = 99) for PBMCs. (H) UMAP plot highlighting cells with AUC score in PBMCs from healthy volunteers and asymptomatic, mild, and severe

COVID-19 patients and individuals with flu. The last UMAP shows MKI67 levels per cell.
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signature with complement genes, FCER1G, and LYZ being
upregulated in this cluster (Fig. 4D). As this cluster also ex-
pressed T-cell markers (Fig. 4C), we postulated that these were
doublets and were not further analyzed. Cluster 3 was en-
riched in markers for CD4 T, . such as IL12RA and CTLA4
(Fig. 4C) whereas cluster 4 comprised of CD8+ (CDS8B,
Fig. 4C) cells with targets of E2F transcription factors such
as MCMS.

We then tested whether MALAT1 expression levels were
consistently lower in proliferative cells and whether this
was dependent on their cell cycle state. We calculated a
score based on genes involved in cell cycle progression[55]
including those involved in the S, G2/M, and G1 phases.
In Fig. 4E, we show how these proliferative T-cell clusters
(Fig. 4C, bottom right) comprise cells in S, G2/M, and Gl1
phases. We then calculated Spearman’s correlation between
the imputed cell phase score and MALAT1 and found that
MALATT1 levels are anti-correlated with the imputed S phase
score and strongly positively correlated with the G2M score
(Fig. 4F).

To test if our findings were limited to tissue T cells, we
examined a COVID-19 PBMC dataset [50], using the above-
defined top 100 genes that anti-correlate with MALAT1 we
identified a small proportion of cells within this dataset that
expressed these genes differentially (99/100 genes were found
in the dataset, Fig. 4G). In fact, this signature also picks out
PBMC:s from influenza patients, suggesting that this is a hall-
mark feature of T-cells responding to infection. As in the case
of lung T-cells, these AUC > 0.42 cells (Fig. 4G and H) are
found to be neighborly in UMAP space and express MKI67
(Fig. 4H).

To test the above findings i7 situ, we examined post-mortem
lung sections from the UK Coronavirus Immunology
Consortium (UK-CIC) (patient_meta_data, Supplementary
Table S1 and Milross et al., in prep). We analyzed lung aut-
opsy sections (7 =6) and representative sections stained
with DAPI are shown in Fig. SA. We concentrated on CD8+
T cells due to their roles in COVID-19 pathology [16] and
the fact that MALAT1 expression co-varied with both pro-
liferation and exhaustion markers in these cells (Fig. 3D).
We determined CD8 expression and MKI67 (as a marker
for non-senescent cells that may be in any of G1, S, G2, and
M phases) by immunofluorescence along with MALATI
by RNAScope. We found, qualitatively, that MALAT1 was
seldom co-expressed with MKI67 unless MKI67 levels were
high (Fig. 5B-D). Interestingly, this suggested some correl-
ation between MALAT1 and MKI67 when the latter was
more highly expressed. This may be related to the MALAT1
expression correlation we observed with the G2M phase
T-cell score (Fig. 4F). We next performed quantitative ana-
lysis using QuPath (Fig. SE). For all tested samples we ob-
served distinct MKI67-hi/MALAT1-lo populations, with the
majority of highest MKI67 expressing CD8+ T cells (mean
nuclear intensity > 2000) showing low MALATI levels.
We also found double-positive CD8+ cells that co-express
MALAT1 and MKI67 (Fig. 5F). These double-positive cells
may be explained by the particular phase of the cell, as it has
been shown that MKI67 is not a binary marker for prolifer-
ation but a graded marker for proliferation/senescence [56].
In general, however, we found that when MALAT1 expres-
sion is high then MKI67 expression is low and vice versa (Fig.
SF) across all tested samples.
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Discussion

MALAT1 is one of the most abundant non-ribosomal
RNA transcripts in mammalian transcriptomes. Despite an
increasing understanding of how MALAT1 upregulation con-
tributes to cancer development and progression [57], less is
known about its physiological functions in non-transformed
cells. Recent work from our and other laboratories has indi-
cated that MALAT1 plays a role in T-cell function and that,
in preclinical models, antigenic activation of naive T-cells re-
sults in suppression of MALAT1 expression [42-46]. Here,
we used published annotated transcriptomic datasets in
COVID-19 to specifically look at T-cell phenotypes ranging
from naive to effector memory and exhausted and found that
MALATT is negatively correlated with a core gene signature
in T cells, which in turn is linked to cellular proliferation.
Using post-mortem lung autopsy samples, we experimentally
validated this association and showed that MKI67+ prolif-
erative CD8+ cells are characterized by low MALAT1 expres-
sion.

T-cell proliferation can be spontaneous or homeostatic[58]
and the conditions that regulate the same vary between CD4+
and CD8+ T cells [59]. CD8+ T-cell proliferation is essential
with rapid proliferation in response to interaction with a for-
eign peptide but also during homeostasis if T-cell numbers
fall below a threshold [60]. The former, however, progresses
through to a CD8 effector memory phenotype [61]. In fact,
it has been demonstrated in CD8+ T cells, that a T-central
memory phenotype is marked by a higher number of prior
divisions than the effector memory T-cell pool [62-64]. The
replicative history of T cells is closely connected to its func-
tional repertoire[64]. Interestingly, CD8+ T exhausted cells in
COVID-19 are connected via the CD8 T, CD8+ T, lineage
(using pseudo time analysis) and have higher levels of prolif-
eration markers [48]. Indeed, using Wauters Mol, et al., 2021
dataset, we note that CD8 + T, have a corresponding lower
MALATT level with increased expression of MALATT anti-
correlating genes (Fig. 2C).

MALATT has been long associated with enhanced prolif-
eration in cancer [35, 65] and the lack of the gene is shown
in human diploid lung fibroblasts to have a reduction in their
proliferation with an arrest at the G1/S phase with an increase
in genes involved in the p53 pathway [41]. Interestingly, in T
cells we observe a physiological downregulation of MALAT1
that anticorrelates with the S-phase score of cells (Fig. 4F),
suggesting MALAT1 suppression may be a consequence of
T-cell proliferation. Interestingly, overall MALAT1 levels
anti-correlate to HALLMARK_P53_PATHWAY (Fig. 3B) and
is unique to CD8 + T cells. While MALAT1 in this work has
been shown to anti-correlate with a cell’s S-phase score (Fig.
4F), it has been shown that many lincRNAs peak during the
S phase in human epithelial cells leading to transcriptional
regulation during cell cycle progression [66]. In that study,
it was found that MALAT1 peaks close to the beginning of
G2/M [66]. In this respect, we found MALATT levels to cor-
relate with G2M score in T cells (Fig. 4F), which indicates the
similarity of T cells to epithelial cells in terms of MALAT1
expression during the cell cycle.

We find that more genes anti-correlate with MALAT1
than those that correlate (Fig. 2A). Whether this is due to
the direct effects of MALAT1 through its roles in gene regu-
lation [67] will need to be further tested. However, it sug-
gests that physiological regulation of MALATT levels may
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Figure 5. MALATT expression is reduced in proliferating CD8+ T cells post-mortem tissue. (A) DAPI stained (grey) whole lung autopsy section. (B-D),
Immunofluorescence and RNAScope images showing nucleus in grey (DAPI), MKI67 protein in green, CD8 surface protein in purple and MALATT RNA
in yellow. Images show representative cells negative for MKI67 and positive for MALATT (B), weakly positive for MIK67 and with undetectable MALAT1

(C) and highly expressing MKI67 along with MALATT1 (D). Dotted arrows in (D) highlight MALAT1 positive signal for clarity. (E) Strategy employed to

detect cells wherein first nucleus was identified and then cell boundaries using QuPath (see Methods) and a positive cell was detected (shown here in
red) based on CD8 fluorescence intensity of the cell. (F) Scatter/histogram plots per autopsy along with horizontal and vertical lines drawn at the mean
nuclear MALAT1 (793, 671, 629, 516, and 703) and MKI67 (685, 530, 457, 534, and 476) intensities, respectively. The two straight lines divide the plot

into four quadrants, into regions that include cells that highly express MKI67 only (IV), MALAT1 only (I1), both (1), or neither (lll).
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alter gene expression of T cells that are known for their
plasticity [68]. Further still, as cell proliferation is central
to T-cell activation [69, 70], it will be interesting to inves-
tigate how a lack of MALAT1 during proliferation may
shape T-cell function upon subsequent activation and dif-
ferentiation. We have previously reported that a lack of
MALATT results in lower levels of MAF and IL10 in mice
and as a consequence, greater host resistance to infection
or increased immunopathology [46]. Others have reported
impaired CD8+ T-cell function upon MALATT1 loss [45].
Interestingly, MALAT1 mediates its function through inter-
actions with proteins and potentially RNA, interactions
which based on the results presented here would be ex-
pected to be altered in MALAT1-lo proliferating T cells.
Genes that may be associated with shaping T-cell func-
tion post proliferation may indeed lie amid the MALAT1
anti-correlated signature that we find in CD4+ and CD8+
T cells, especially those involved in cytokine response and
oxidative phosphorylation (Fig. 3A). As an example we
find HAVCR2 (TIM-3) which is a marker for T-cell exhaus-
tion[71] anti-correlates with MALAT1 (unique to CD8+ T
cells, Fig. 3D). How these genes may vary between T-cell
subsets such as CD8+ T-central memory where lowly div-
ided cells are capable of mounting a better effector response
upon re-infection[64] and exhausted CD8+ T-cell popula-
tion with increased cell cycle markers like MKI67[3, 48]
requires further investigation.

Taken together our results reveal that suppression of
MALATT expression is a feature of proliferating activated
T cells. This means that MALAT1-associated functions are
likely to be suppressed in proliferating T cells, but not ne-
cessarily that MALAT1 suppression drives the proliferation.
There is a long list of reports supporting that MALAT1 pro-
motes cell proliferation at least within the context of cancer
cells[72]. Based on this, we speculate that one possibility is
that MALAT1 downregulation following T-cell activation can
be a potential mechanism to limit uncontrolled T-cell prolifer-
ation. This however will need to be experimentally confirmed
in future studies. Mechanistically, MALAT1 might affect T-cell
activation, proliferation, or differentiation through its role in
post-transcriptional regulation, for example through direct
interaction with several RNA-binding proteins[73], many
of which are involved in T-cell proliferation and differenti-
ation[74, 75]. The MALAT1-linked gene signatures identified
here provide an initial insight into the potential functional
consequences of MALAT1 suppression in human T cells,
forming the foundation for further mechanistic studies on the
function of this highly expressed lincRNA in T cells within
and beyond viral infection.

Methods

Datasets

Single-cell RNA seq data from healthy and COVID-19 pa-
tients from gene expression omnibus accession number
GSE145926 which is referred to throughout the paper as
Liao et al. [47] and T-cell barcodes (using metadata from the
original publication) were subset and used further for ana-
lysis. Dataset Wauters et al. [48] was obtained from https://
lambrechtslab.sites.vib.be/en/data-access. Specifically, the file
T_NKT_cells.counts.rds was downloaded to use as counts
matrix. Single-cell data for barcodes with ‘COVID19’ as
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metadata were included in the downstream analysis from the
Wauters et al. dataset.

Finally, accession number GSE158127 [49] was used to
analyze post-mortem T cells from the lungs and for valid-
ation. Further, GSE149689 [50] was used to look at MALAT1
signatures in PBMCs and in flu.

Cell cycle genes were not regressed prior to dimensionality
reduction and downstream analysis in any of the datasets to
show proliferating T cells as a separate cluster owing to their
distinct cell cycle-related gene expression.

In silicoT-cell quality check and phenotype
identification

Single T-cell transcriptomes from Liao et al. and Wauters et
al. were loaded as Seurat (v4.0.5) objects and the latter Seurat
object’s metadata describing T-cell phenotypes were used to
impute T-cell phenotypes in Liao ef al. using the functions
FindTransferAnchors() and Transferdata(). Next, single tran-
scriptomes with greater than 5% mitochondrial genes were
discarded from downstream analysis. Next, counts from both
Seurat objects were regressed using percentage of mitochon-
drial genes, ribosomal genes, total RNA count, and number
of unique features using method “glmGamPoi” which is
available as an R package with the same name (https://
bioconductor.org/packages/release/bioc/html/glmGamPoi.
html). Finally, the anchors between the two Seurat Objects
were found (functions SelectIntegrationFeatures() and
FindIntegrationAnchors()) to then integrate (IntegrateData())
them into a single integrated Seurat object.

Dimensionality reduction

Principal components analysis was performed on the inte-
grated Seurat object (3000 variable features). Top 30 PCA
components were used to cluster the data by a K-nearest
neighbor clustering using FindClusters() with a resolution
parameter of 0.8. UMAP was performed on the PCA space
and single cells were represented on UMAP axes and colored
by their cluster membership.

Correlation analysis

The correlation of all genes with MALAT1 was calculated
using cor.test() from the stats package in R (4.1.1) imple-
mented with Spearman’s ranked correlation method. The
level of significance associated with a correlation was set
at 0.05. Correlation values between -0.1 and 0.1 (both in-
cluded) were excluded.

Network and gene set enrichment analysis

Network analysis of gene lists was performed on String-
DBGene set enrichment analysis was performed on STRING
(https://string-db.org/). Gene set enrichment analysis (GSEA,
http://www.gsea-msigdb.org/gsea/msigdb/annotate.jsp) using
the option to ‘Investigate Gene Sets’ to search for signifi-
cant (P-value corrected) overlaps with Hallmark gene sets,
GO biological process, cellular component, and molecular
function.

Area under curve

Gene list enrichment in cells was calculated using the R
package AUCell, originally published as a part of SCENIC
[54]. Expression matrices as obtained from the Seurat ob-
ject were provided to the function AUCell_buildRankings()
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to build cell rankings which were then used to calculate an
‘area-under-recovery-curve’ for the provided gene list. AUC
score thresholds were selected based on visual inspection and
are indicated in the relevant figure.

RNAScope and immunofluorescence

Post-mortem autopsy sections from UK-CIC first wave co-
hort (CIC003-9) were obtained on glass slides and stained for
CDS8, MKI67, and DAPI. MALAT1 was probed on the same
section using RNAScope (Bio-techne) FISH assay as per the
manufacturer’s instructions.

QuPath

All images were acquired on a Zeiss AxioScan.Z1 slide
scanner. Exposure times and threshold settings for all three
channels were used for each of the images. Images in the
CZ1 format were loaded on QuPath-0.3.2 [76]. Whole im-
ages were analyzed for co-expression of MKI67, CD8, and
MALATT at single-cell resolution, and count data were ana-
lyzed. CD8 + cells were detected using the module ‘positive
cell detection’ using DAPI as a counterstain to draw nuclei
and cell boundaries. Cellular CD8 intensity was then used to
detect positive cell types. Data was exported and then further
investigated in R. Cells with a circularity score of less than
0.75 were excluded and expression positivity for MKI67 and
MALAT1 was determined by selecting only those cells that
had a maximum pixel intensity greater than the minimum de-
tected intensity.

Supplementary data

Supplementary data is available at Clinical and Experimental
Immunology online.

Acknowledgements

We are truly grateful to the families of the individuals who died
of COVID-19 for consenting to the provision of post-mortem
samples. We thank the staff at the Imaging and Cytometry
Lab in the University of York Bioscience Technology Facility
for technical support and advice. The graphical summary was
created by www.biorender.com

Study/ethical approval

Human lung tissue samples from individuals who died of
COVID-19 during the first wave of the pandemic in the UK
were obtained from the Newcastle Hospitals CEPA Biobank
and their use in research was covered by Newcastle Hospitals
CEPA Biobank ethics—REC 17/NE/0070. Ethics approval
was granted by the NHS Research Ethics Service.

Conflict of interests

The authors declare no conflicts of interest.

Funding

This work was funded by UK Research and Innovations/
NIHR UK Coronavirus Immunology Consortium (UK-CIC;
MR/V028448). PMK is also supported by a Wellcome Trust
Senior Investigator Award (WT104726).

273

Data availability

All single-cell RNA seq data used in this study are publicly
available and their source is described in methods under the
sub-section “Datasets”. The code used to analyze data is
available here—https://github.com/jipsi/malat_proliferation/
and all processed/unprocessed Rds files used in this study
are available at—https://doi.org/10.5281/zenodo.7506637.
Images and analyses generated by this study can be made
available upon request.

Author contributions

S.D. performed formal investigation and analyses. H.A. per-
formed RNAscope experiments. D.L., S.D., and PM.K.,
conceived the study. AJFilby, AJFisher, L.M., B.H., ].M. per-
formed post-mortem sample collection, tissue handling, and
diagnoses. S.D. and D.L. wrote the manuscript. All authors
edited the manuscript.

References

1. Noack M, Miossec P. Th17 and regulatory T cell balance in au-
toimmune and inflammatory diseases. Autoimmun Rev 2014, 13,
668-77.

2. Pennock ND, White JT, Cross EW, Cheney EE, Tamburini BA, Kedl
RM. T cell responses: naive to memory and everything in between.
Adv Physiol Educ 2013, 37,273.

3. Chen Z, John Wherry E. T cell responses in patients with COVID-
19. Nat Rev Immunol 2020, 20, 529-36.

4. Moss P. The T cell immune response against SARS-CoV-2. Nat
Immunol 2022, 23, 186-93.

5. Sekine T, Perez-Potti A, Rivera-Ballesteros O, Strilin K, Gorin JB,
Olsson A, et al. Robust T cell immunity in convalescent individuals
with asymptomatic or mild COVID-19. Cell 2020, 183, 158-68.

6. Wang Z, Yang X, Zhong ], Zhou Y, Tang Z, Zhou H, et al. Expo-
sure to SARS-CoV-2 generates T-cell memory in the absence of a
detectable viral infection. Nat Commun 2021, 12, 1724.

7. Tan AT, Linster M, Tan CW, Le Bert N, Chia WN, Kunasegaran
K, et al. Early induction of functional SARS-CoV-2-specific T cells
associates with rapid viral clearance and mild disease in COVID-19
patients. Cell Rep 2021, 34, 108728.

8. Chen G, Wu D, Guo W, Cao Y, Huang D, Wang H, et al. Clinical
and immunological features of severe and moderate coronavirus
disease 2019. | Clin Invest 2020, 130, 2620-9.

9. Diao B, Wang C, Tan Y, Chen X, Liu Y, Ning L, et al. Reduction
and functional exhaustion of T cells in patients with coronavirus
disease 2019 (COVID-19). Front Immunol 2020, 11, 00827.

10. Tan L, Wang Q, Zhang D, Ding ], Huang Q, Tang YQ, et al.
Lymphopenia predicts disease severity of COVID-19: a descriptive
and predictive study. Signal Transduct Target Ther 2020, 5, 33.

11. Schub D, Klemis V, Schneitler S, Mihm J, Lepper PM, Wilkens H,
et al. High levels of SARS-CoV-2-specific T cells with restricted
functionality in severe courses of COVID-19. JCI Insight 2020, 5,
el42167.

12. Rupp J, Dreo B, Giitl K, Fessler J, Moser A, Haditsch B, et al. T
cell phenotyping in individuals hospitalized with COVID-19. |
Immunol 2021, 206, 1478-82.

13. Mazzoni A, Salvati L, Maggi L, Annunziato F, Cosmi L. Hallmarks
of immune response in COVID-19: exploring dysregulation and ex-
haustion. Semin Immunol 2021, 55,101508

14. Shrotri, M. et al. T cell response to SARS-CoV-2 infection in
humans: a systematic review. PLoS ONE 2021, 16, e0245532.
doi:10.1371/journal.pone.0245532.

15. Adamo S, Chevrier S, Cervia C, Zurbuchen Y, Raeber ME, Yang L,
et al. Profound dysregulation of T cell homeostasis and function in
patients with severe COVID-19. Allergy 2021, 76, 2866-81.

202 1990}00 GZ U0 189NB Aq GZ1690./292/€/2 | Z/9191UE/190/W0d"dN0"d1Wapeo.//:sdjly WOy papeojumod


http://www.biorender.com
https://github.com/jipsi/malat_proliferation/
https://doi.org/10.5281/zenodo.7506637
https://doi.org/10.1371/journal.pone.0245532

274

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Adamo S, Michler J, Zurbuchen Y, Cervia C, Taeschler P, Raeber
ME, et al. Signature of long-lived memory CD8+ T cells in acute
SARS-CoV-2 infection. Nature 2021, 602, 148-55.

Engreitz JM, Haines JE, Perez EM, Munson G, Chen J, Kane M,
et al. Local regulation of gene expression by IncRNA promoters,
transcription and splicing. Nature 2016, 539, 452-5.

Guo JK, Guttman M. Regulatory non-coding RNAs: everything is
possible, but what is important? Nat Methods 2022, 19, 1156-9.
Gil N, Ulitsky I. Regulation of gene expression by cis-acting long
non-coding RNAs. Nat Rev Genet 2019, 21, 102-17.

Zeni PE, Mraz M. LncRNAs in adaptive immunity: role in physio-
logical and pathological conditions. RNA Biol 2021, 18, 619-32.
Luo M, Jeong M, Sun D, Park H]J, Rodriguez BAT, Xia Z, et al.
Long non-coding RNAs control hematopoietic stem cell function.
Cell Stem Cell 2015, 16, 426-38.

Wilson A, MacDonald HR, Radtke F. Notch 1-deficient common
lymphoid precursors adopt a B cell fate in the thymus. | Exp Med
2001, 194, 1003-12.

Wang Y, Wu P, Lin R, Rong L, Xue Y, Fang Y. LncRNA NALT in-
teraction with NOTCH1 promoted cell proliferation in pediatric T
cell acute lymphoblastic leukemia. Sci Rep 2015, 5, 13749.

van der Windt GJ, Pearce EL. Metabolic switching and fuel choice
during T-cell differentiation and memory development. Immunol
Rev 2012, 249, 27-42.

Fu J, Shi H, Wang B, Zhan T, Shao Y, Ye L, et al. LncRNA PVT1
links Myc to glycolytic metabolism upon CD4 + T cell activation
and Sjogren’s syndrome-like autoimmune response. | Autoimmun
2020, 107, 102358.

Johnsson P, Morris KV. Expanding the functional role of long non-
coding RNAs. Cell Res 2014, 24, 1284-5.

Plasek LM, Valadkhan S. IncRNAs in T lymphocytes: RNA regula-
tion at the heart of the immune response. Am | Physiol Cell Physiol
2021, 320, C415-27.

Petermann F, P¢kowska A, Johnson CA, Jankovic D, Shih HY, Jiang
K, et al. The magnitude of IFN-y responses is fine-tuned by DNA
architecture and the non-coding transcript of Ifng-as1. Mol Cell
2019, 75, 1229-42.¢5.

Gibbons HR, Shaginurova G, Kim LC, Chapman N, Spurlock CF,
Aune TM. Divergent IncRNA GATA3-AS1 regulates GATA3 tran-
scription in T-helper 2 cells. Front [mmunol 2018, 9, 02512.
Braga-Neto MB, Gaballa JM, Bamidele AO, Sarmento OF, Svingen
P, Gonzalez M, et al. Deregulation of long intergenic non-coding
RNAs in CD4+ T cells of lamina propria in Crohn’s disease through
transcriptome profiling. J. Crobns. Colitis 2020, 14, 96-109.

Jiang R, Tang J, Chen Y, Deng L, Ji J, Xie Y, et al. The long non-
coding RNA Inc-EGFR stimulates T-regulatory cells differentiation
thus promoting hepatocellular carcinoma immune evasion. Nat
Commun 2017, 8, 15129.

Stephenson E, Reynolds G, Botting RA, Calero-Nieto FJ, Morgan
M, Tuong ZK, et al. The cellular immune response to COVID-
19 deciphered by single cell multi-omics across three UK centres.
medRxiv 2021, 21, 21249725.

Plowman T, Lagos D. Non-coding RNAs in COVID-19: emerging
insights and current questions. Non-Coding RNA 20212021, 7,
54.

Yang Q, Lin F, Wang Y, Zeng M, Luo M. Long noncoding RNAs as
emerging regulators of COVID-19. Front Immunol 2021, 12, 3076.
Gutschner T, Himmerle M, Eiffmann M, Hsu J, Kim Y, Hung G,
et al. The noncoding RNA MALATT1 is a critical regulator of the
metastasis phenotype of lung cancer cells. Cancer Res 2013, 73,
1180-9.

Ransohoff JD, Wei Y, Khavari PA. The functions and unique
features of long intergenic non-coding RNA. Nat Rev Mol Cell Biol
2018, 19, 143-57.

Tripathi V, Ellis JD, Shen Z, Song DY, Pan Q, Watt AT, et al. The
nuclear-retained noncoding RNA MALAT1 regulates alternative
splicing by modulating SR splicing factor phosphorylation. Mol
Cell 2010, 39, 925-38.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

S1.

52.

53.

54.

55.

S6.

57.

Dey et al.

West JA, Davis CP, Sunwoo H, Simon MD, Sadreyev RI, Wang PI,
et al. The long noncoding RNAs NEAT1 and MALAT1 bind active
chromatin sites. Mol Cell 2014, 55, 791-802.

YiRen H, YingCong Y, Sunwu Y, Keqin L, Xiaochun T, Senrui C, et
al. Long noncoding RNA MALATT1 regulates autophagy associated
chemoresistance via miR-23b-3p sequestration in gastric cancer.
Mol Cancer 2017, 16, 1-12.

Sun Y, Ma L. New insights into long non-coding RNA MALAT1 in
cancer and metastasis. Cancers (Basel) 2019, 11, 216.

Tripathi V, Shen Z, Chakraborty A, Giri S, Freier SM, Wu X, et al.
Long noncoding RNA MALAT1 controls cell cycle progression by
regulating the expression of oncogenic transcription factor B-MYB.
PLoS Genet 2013, 9,e1003368.

Masoumi F, Ghorbani S, Talebi E Branton WG, Rajaei S, Power
C, et al. Malat1 long noncoding RNA regulates inflammation and
leukocyte differentiation in experimental autoimmune encephalo-
myelitis. | Neuroimmunol 2019, 328, 50-9.

Xue Y, Ke J, Zhou X, Chen Q, Chen M, Huang T, et al. Knockdown
of LncRNA MALATT1 alleviates coxsackievirus B3-induced acute
viral myocarditis in mice via inhibiting Th17 cells differentiation.
Inflammation 2022, 45, 1186-98.

Liang Z, Tang F. The potency of IncRNA MALAT1/miR-155/
CTLA4 axis in altering Th1/Th2 balance of asthma. Biosci Rep
2020, 40, BSR20190397.

Kanbar JN, Ma S, Kim ES, Kurd NS, Tsai MS, Tysl T, et al. The
long noncoding RNA Malat1 regulates CD8+ T cell differentia-
tion by mediating epigenetic repression. | Exp Med 2022, 219,
e20211756.

Hewitson JP, West KA, James KR, Rani GF, Dey N, Romano A,
et al. Malat1 suppresses immunity to infection through promoting
expression of Maf and IL-10 in Th Cells. | Immunol 2020, 204,
2949-60.

Liao M, Liu Y, Yuan J, Wen Y, Xu G, Zhao J, et al. Single-cell land-
scape of bronchoalveolar immune cells in patients with COVID-19.
Nat Med 2020, 26, 842—4.

Wauters E, Mol P Van, Garg AD, Jansen S, Herck Y Van, Vanderbeke
L, et al. Discriminating mild from critical COVID-19 by innate and
adaptive immune single-cell profiling of bronchoalveolar lavages.
Cell Res 2021, 31, 272-90.

Bharat A, Querrey M, Markov NS, Kim S, Kurihara C, Garza-
Castillon R, et al. Lung transplantation for patients with severe
COVID-19. Sci Transl Med 2020, 12, 4282.

Lee JS, Park S, Jeong HW, Ahn JY, Choi SJ, Lee H, et al.
Immunophenotyping of COVID-19 and influenza highlights the
role of type I interferons in development of severe COVID-19. Sci
Immunol 2020, 5, eabd1554.

Kok L, Masopust D, Schumacher TN. The precursors of CD8+
tissue resident memory T cells: from lymphoid organs to infected
tissues. Nat Rev Immunol 20212021, 22, 283-93

Di Rosa E Cossarizza A, Hayday AC. To Ki or not to Ki:
re-evaluating the use and potentials of Ki-67 for T cell analysis.
Front Immunol 2021, 12, 653974.

Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL,
Gillette MA, et al. Gene set enrichment analysis: a knowledge-
based approach for interpreting genome-wide expression profiles.
Proc Natl Acad Sci USA 2005, 102, 15545-50.

Aibar S, Gonzdlez-Blas CB, Moerman T, Huynh-Thu VA, Imrichova
H, Hulselmans G, et al. SCENIC: single-cell regulatory network in-
ference and clustering. Nat Methods 2017, 14, 1083-6.
Nestorowa S, Hamey FK, Pijuan Sala B, Diamanti E, Shepherd M,
Laurenti E, et al. A single-cell resolution map of mouse hemato-
poietic stem and progenitor cell differentiation. Blood 2016, 128,
e20-31.

Miller I, Min M, Yang C, Tian C, Gookin S, Carter D, et al. Ki67 is
a graded rather than a binary marker of proliferation versus quies-
cence. Cell Rep 2018, 24, 1105.

Goyal B, Yadav SRM, Awasthee N, Gupta S, Kunnumakkara AB,
Gupta SC. Diagnostic, prognostic, and therapeutic significance of

202 1990}00 GZ U0 189NB Aq GZ1690./292/€/2 | Z/9191UE/190/W0d"dN0"d1Wapeo.//:sdjly WOy papeojumod



Clinical and Experimental Imnmunology, 2023, Vol. 212, No. 3

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

long non-coding RNA MALATT in cancer. Biochim Biophys Acta
Rev Cancer 2021, 1875, 188502.

Min B, Yamane H, Hu-Li ], Paul WE. Spontaneous and homeostatic
proliferation of CD4 T cells are regulated by different mechanisms.
J Immunol 2005, 174, 6039-44.

Do JS, Min B. Differential requirements of MHC and of DCs for
endogenous proliferation of different T-cell subsets in vivo. Proc.
Natl. Acad. Sci 2009, 106, 20394-8.

Min B. Spontaneous T cell proliferation: a physiologic process to
create and maintain homeostatic balance and diversity of the im-
mune system. Front Immunol 2018, 9, 00547.

Surh CD, Sprent J. Homeostatic T cell proliferation how far can T
cells be activated to self-ligands? | Exp Med 2000, 192, F9-F14.
Sarkar S, Kalia V, Haining WN, Konieczny BT, Subramaniam S,
Ahmed R. Functional and genomic profiling of effector CD8 T cell
subsets with distinct memory fates. | Exp Med 2008, 205, 625-40.
Obar JJ, Lefrangois L. Early signals during CD8 T cell priming reg-
ulate the generation of central memory cells. | Immunol 2010, 185,
263-72.

Bresser K, Kok L, Swain AC, King LA, Jacobs L, Weber TS, et al.
Replicative history marks transcriptional and functional disparity
in the CD8+ T cell memory pool. Nat Immunol 2022,23,791-801.
Li L, Feng T, Lian Y, Zhang G, Garen A, Song X. Role of human
noncoding RNAs in the control of tumorigenesis. Proc Natl Acad
Sci USA 2009, 106, 12956-61.

Yildirim O, Izgu EC, Damle M, Chalei V, Ji F, Sadreyev RI, et al.
S-phase enriched non-coding RNAs regulate gene expression and
cell cycle progression. Cell Rep 2020, 31, 107629.

Arun G, Aggarwal D, Spector DL. MALAT1 long non-coding
RNA: functional implications. Non-Coding RNA 2020, 6, 22.

68.

69.

70.

71.

72.

73.

74.

75.

76.

275

Dupage M, Bluestone JA. Harnessing the plasticity of CD4+ T cells
to treat immune-mediated disease. Nat Rev Immunol 2016, 16,
149-63.

Hwang LN, Yu Z, Palmer DC, Restifo NP. The in vivo expansion
rate of properly stimulated transferred CD8+ T cells exceeds that
of an aggressively growing mouse tumor. Cancer Res 2006, 66,
1132.

Yoon H, Kim TS, Braciale TJ. The cell cycle time of CD8+ T cells
responding in vivo is controlled by the type of antigenic stimulus.
PLoS One 2010, 5, e15423.

Tang R, Rangachari M, Kuchroo VK. Tim-3: A co-receptor with
diverse roles in T cell exhaustion and tolerance. Semin Immunol
2019, 42,101302.

Malakoti F, Targhazeh N, Karimzadeh H, Mohammadi E, Asadi M,
Asemi Z, et al. Multiple function of IncRNA MALAT1 in cancer
occurrence and progression. Chem Biol Drug Des 2021, Dec 17,
cbdd.14006. 10.1111/CBDD.14006

Chen R, Liu Y, Zhuang H, Yang B, Hei K, Xiao M, et al. Quan-
titative proteomics reveals that long non-coding RNA MALAT1
interacts with DBC1 to regulate p53 acetylation. Nucleic Acids Res
2017, 45, 9947-59.

Zandhuis ND, Nicolet BP, Wolkers MC. RNA-binding protein ex-
pression alters upon differentiation of human B cells and T cells.
Front Immunol 2021, 12, 4789.

Newman R, McHugh J, Turner M. RNA binding proteins as
regulators of immune cell biology. Clin Exp Immunol 2016, 183.
37-49.

Bankhead P, Loughrey MB, Fernandez JA, Dombrowski Y, McArt
DG, Dunne PD, et al. QuPath: Open source software for digital pa-
thology image analysis. Sci. Reports 2017, 71, 1-7.

202 1890300 Gz uo 1senb Aq GZ1690./292/€/Z12/31911e/190/wod dno"dlwaepeoe)/:sdyy wody papeojumod


https://doi.org/10.1111/CBDD.14006

