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Abstract

Background: Senescence associated secretory phenotype (SASP) contributes
to age-related pathology, however the role of SASP in Chronic Kidney Dis-
ease (CKD) is unclear. Here, we employ a variety of omic techniques to show
that senescence signatures can separate CKD patients into distinct senescence
endotypes (Sendotype).

Methods: Using specific numbers of senescent proteins, we clustered CKD
patients into two distinct sendotypes based on proteomic expression. These
clusters were evaluated with three independent criteria assessing inter and
intra cluster distances. Differential expression analysis was then performed to
investigate differing proteomic expression between sendotypes.

Results: These clusters accurately stratified CKD patients, with patients in each
sendotype having different clinical profiles. Higher expression of these proteins
correlated with worsened disease symptomologies. Biological signalling path-
ways such as TNF, Janus kinase-signal transducers and activators of transcription
(JAK-STAT) and NFKB were differentially enriched between patient sendotypes,
suggesting potential mechanisms driving the endotype of CKD.

Conclusion: Our work reveals that, combining clinical features with SASP
signatures from CKD patients may help predict whether a patient will have wors-
ening or stable renal trajectory. This has implications for the CKD clinical care
pathway and will help clinicians stratify CKD patients accurately.
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1 | INTRODUCTION

Chronic kidney disease (CKD) is a debilitating condition
that effects approximately 10% of the global population,
with incidence rates increasing by upwards of 33% from
1990 to 2017.1% Tt is defined clinically as having a glomeru-
lar filtration rate (GFR) less than 60 mL/min or an
increased creatinine:albumin ratio above 30-300 mg/g:3-
30 mg/mmol.>* CKD can be staged according to the
Kidney Disease Improving Global Outcomes (KDIGO)
classification based on estimated GFR (eGFR), with stage
1 (>90 mL/min/1.73 m?) and evidence of kidney damage,
stage 2 (60-89 mL/min/1.73 m?) with evidence of kidney
damage, stage 3a (45-59 mL/min/1.73 m?), stage 3b (30-
44 mL/min/1.73 m?), stage 4 (15-29 mL/min/1.73 m?) and
stage 5 (<15 mL/min/1.73 m? or end-stage renal disease
[ESRD)).

CKD can be caused by various external stressors such
as diabetes, hypertension, obesity, smoking, genetics fac-
tors and ageing.*® Additionally, renal ageing has been
shown to be a staple mechanism in CKD pathophysiology
as noted by a major reduction in GFR, creatinine clear-
ance, proliferation of renal epithelial cells and number of
functioning nephrons.®® There are many contributors of
renal ageing that include an increase in antioxidants, fibro-
sis, telomere shortening and increased Wnt signalling’;
however, an increase in cellular senescence is considered
the main driver of renal ageing in the context of CKD
pathophysiology.'?~?

Senescence is the state of a cell when it no longer
actively replicates. Senescence induction occurs through
various stresses such as DNA damage, telomere ero-
sion or when the Hayflick limit, the set number of
times a primary cell is capable of division, is reached.”
Cells entering senescence can exhibit the senescence-
associated secretory phenotype (SASP), which causes
senescent cells to secrete inflammatory markers. SASP
can influence many chronic diseases, including cardio-
vascular disease (CVD),'* asthma,'>!° coronavirus disease
20197 and CKD.'®!” Senescent cells also evade apoptosis
through differential regulation of apoptotic factors relating
to the senescent cell anti-apoptotic pathways.?” Senescent
cells can also chemo-attract specific immune cells which

» Senescent proteins are upregulated in severe patients compared to mild

* Senescent proteins can stratify patients based on disease severity
* High expression of senescent proteins correlates with worsening renal trajec-

direct their clearance; however, in dysfunctional tissue,
senescent cells can accumulate and evade both innate
and adaptive immune responses,’?> allowing them to
continue promoting inflammation via SASP.

Increased levels of reactive oxygen species (ROS) as
known signatures of senescence, contribute towards accel-
erated renal ageing,”>* and are known to be further
increased in CKD patients via indoxyl sulphate signalling
cascades. Patients with CKD are known to have higher lev-
els of indoxyl sulphate, a nephrotoxic metabolite that con-
tributes towards chronic renal failure.?>?’” CKD patients
cannot effectively filter out indoxyl sulphate, which binds
to OAT1 and OAT3 receptors in turn activating the NADPH
oxidase complex, resulting in increased levels of ROS.*~%
These high levels of ROS initiate an inflammatory cas-
cade which involves IkB kinase (IKK), Mitogen activated
protein kinases (MAPK) Extra and nuclear factor-kappa
B (NF-xB) signalling complexes, resulting in the release
of many inflammatory cytokines and tumour necrosis
factors, which is damaging for CKD patients.”®

This creates a growing cycle of inflammation within
CKD patients as ROS initiates inflammation and senes-
cence causing renal injury through SASP*!%112° which
reduces renal filtration. Indoxyl sulphate levels increase,
which causes further promotion of ROS. With senescence
contributing towards functional decline and increased
inflammation, it is possible that CKD has unique patho-
physiological interactions with senescence in the form of
disease subtypes. A disease subtype or endotype is a disease
state with a different mechanism to the standard disease.*
Endotypes were first theorised in 2008 when studying
asthma, as patient data suggested a lack of information
that correlated phenotypes and symptomologies.***! Since
then, numerous chronic disease studies have employed
the use of endotypes to better stratify patients and further
understand disease pathophysiology and differing clinical
symptomologies.’’*> However, there is a lack of infor-
mation regarding distinct endotypes of CKD and with
patients displaying differing severities, symptomologies
and trajectories.

We hypothesised that increased cellular senescence as
a key factor in CKD is driving patients towards a wors-
ened disease state, and since senescence plays such an
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important role in CKD, patients could be stratified into
senescent endotypes or sendotypes,*® according to disease
severity. The identification of potential sendotypes will
further enhance our knowledge of disease progression in
specific patients, discover potential drug targets to identify
potential treatments and better identify patients more at
risk of renal failure.

Here, we show that severe and mild CKD patients can be
accurately separated using a small subset of plasma pro-
teomics, with many proteins used being associated with
senescence, resulting in the identification of a senescence
signature that corresponds with worsening renal function,
which we denote as a sendotype. We also show this sendo-
type correlates with worsening renal trajectories at 1-year
follow-up recordings of creatinine and eGFR, suggesting
high expression of senescent proteins may be responsible
for differing biological events that contribute towards this
observable sendotype. Lastly, we verified that the same
enriched signalling pathways that these senescent signa-
tures participate in are also enriched in kidney-specific
tissue through the analysis of independent biopsy and
organoid transcriptomic datasets.

2 | METHODOLOGY

2.1 | Participant recruitment

One-hundred and fifty-five CKD patients (mean age = 59
years; 63% male) were recruited from Altnagelvin and
Letterkenny University hospitals (approved by Northwest
Research Ethics Committee; research protocol version 7.0
[01/08/2019]). CKD participants were recruited at outpa-
tient clinics with disease stage ranging from 2 to 5 as
per American Society of Nephrology. Of these 155 CKD
participants, 79 participants were selected based on data
availability, allowing the investigation to have the most
detailed records with 1-year follow-ups of clinical record-
ings. Baseline recordings were conducted between 2018
and 2019, with 1-year follow-ups occurring between 2019
and 2020 (IRAS Project ID: 243910).

2.2 | Proteomic quantification using
proximity extension assay (OLINK
proteomics)

Five-hundred and thirty-five proteins were measured
using 5 uL of plasma per participant using the Proseek Mul-
tiplex proximity extension assay (PEA) (Olink Bioscience)
on the Olink Multiplex Plates: cardiovascular panel IT and
cardiovascular panel ITI, immune response, inflammation,
neuro-exploratory and neurology (informed consent was
given by all patients for the donation of blood samples

3

for research purposes). Following quality control (where
over 80% of patients had an existing protein recording)
476 unique proteins remained and were used for analy-
sis. These proteins were then labelled whether they are
differentially expressed in at least one model of cellular
senescence according to external RNA-sequencing (RNA-
seq). These data are from replicative and oncogenic models
of senescence compared to non-senescent controls, all
within IMR-90 cells.***

2.3 | Base demographics

All statistical testing and analytical pipelines were car-
ried out in RStudio using the ‘finalfit’ and ‘stats’ packages.
Demographical testing using chi-squared was applied
across gender, diabetes, CVD, hypercholesteremia and
cause of CKD, with age, body mass index (BMI), crea-
tinine, GFR, weight, diastolic blood pressure (BP) and
systolic BP tested using ANOVA, all between mild CKD
patients (stages 2 and 3a), moderate CKD patients (stage
3b) and severe CKD patients (stages 4 and 5) according
to the KDIGO guidelines. This was done to ensure no
confounding factors with overlapping proteomic metrics
would cause bias in the extrapolation of our results.

2.4 | Clustering pipeline for sendotype
discovery

Clustering of CKD patients was carried out using the k-
means clustering algorithm from the ‘stats’ package. Prior
to clustering, optimal features were selected by using prin-
cipal component analysis (PCA) as a basic feature selection
tool, using the ‘prcomp’ package. We selected the princi-
pal component (PC) that spanned the most class variance
and ranked features according to the loading scores of
each protein regardless of direction, focusing solely on
magnitude. This was carried out with n = 500 bootstraps
with the median loading scores being used as the ranking
metric. Using a pre-existing list of differentially expressed
senescence transcripts from a previous study,’’ we labelled
each protein from the identified PC on whether its respec-
tive transcript was found to be significantly differentially
expressed in multiple models of senescence.

With an optimal list of features, we then wanted to see
the optimal number of features to use for clustering. We
conducted a stepwise iterative k-means clustering algo-
rithm where the number of features used to cluster started
with the single most significant protein and added pro-
teins with forward feature selection until we attained the
maximum number of proteins that met the significance
threshold of effective clustering, a silhouette coefficient of.
5. To ensure that the number of clusters selected did not
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interfere with feature selection, this was applied to a range
of clusters from 2 to 10.

The rationale for this methodology was to allow for the
largest amount of biological information to be retained
through protein numbers while still passing a statisti-
cal criterion. With our optimal proteins, we then carried
out k-means clustering and evaluated clustering using
Calinski-Harbarasz index, silhouette coefficients and the
elbow method, which allowed us to see the intra- and
inter-cluster distances between data points of cluster
assignments.

2.5 | Differential expression analysis
Proteomic differential expression was determined using
Welch’s two-tailed t-test using the ‘stats’ package. Due to
biological variation between a severe disease cluster cohort
and a milder disease cluster cohort, we employed Welch’s
two-tailed t-test to account for unequal variance of pro-
teomic recordings between these cohorts. Volcano plots
were employed to visualise the overall differences in pro-
tein expression between cohorts, heatmaps were employed
to visualise the individual patient proteomic differences
between cohorts and violin boxplots were used to visualise
both proteomic and clinical differences between cohorts
for a single feature.

2.6 | Proteomic and 1-year follow-up
correlations

Patient eGFRs were calculated using the modification of
diet in renal disease, which considers a patients age, sex,
serum creatinine and race. Correlations between signifi-
cantly identified proteins and 1-year follow-up recordings
of both eGFR and creatinine were tested to see if the pro-
teomic expression was directly proportional to worsening
renal trajectories. This was done by building individual lin-
ear regression models fitting the data and using ordinary
least squares test linearity between variables and denoted
whether each datapoint was a mild, moderate or severe
CKD patient. NPX protein expression was tested against
log2(eGFR) and log2(creatinine), as NPX is already on a
log2 base, adjusting follow-up metrics was necessary to
ensure the analysis was fair.

2.7 | Pathway analysis

Pathway analysis was conducted in RStudio using the
‘pathfindR’ package. It used input such as associated gene

symbol, adjusted p-value and log2 FC, then filters this list
of signatures down to significance by p-value and finally
returns all known enriched pathways containing these sig-
natures, with enriched pathways retrieved from the Kyoto
Encyclopedia of Genes and Genomes.

2.8 | Validation using publicly available
kidney organoid data

This study employed the use of publicly available data
on the gene expression omnibus (GEO) to validate the
proteins identified in our analysis. We retrieved tran-
scriptomic data for six control kidney organoid models
and six tumour necrosis factor-alpha (TNF-a) treated
organoid models using the GSE259376 ID (establish-
ment of epithelial inflammatory injury model using
adult kidney organoids [RNA-seq]). TNF-a was used
to induce tissue injury in said organoids, which we
used as a model of kidney injury from CKD.*® We then
performed differential expression analysis to investigate
the differences in transcript expression between injured
kidney organoids and healthy to see if the biological
pathways they are involved in overlap with our CKD
sendotype.

2.9 | Validation using publicly available
kidney biopsy data

This study employed the use of publicly available data
on the GEO to validate the proteins and pathways iden-
tified in our analysis. We retrieved transcriptomic data
for 18 healthy reference biopsies and 15 CKD biopsies
with both cohorts being alive at time of sample col-
lection (GSE183273).* Transcriptomic data were quanti-
fied via single-cell RNA-seq (scRNA-seq) and cell types
were assigned to each biopsy-derived cell based on tran-
scriptomic profile similarity to reference cells using the
Azimuth software. Cell-type-specific Pseudobulk analysis
was performed, wherein each patient had their expression
quantified for immune cells, endothelial cells and epithe-
lial cells by summing the expression counts for individual
genes within a distinct cell type. This gave each patient
three unique datapoints for each cell type, which were then
converted from counts per million to transcripts per mil-
lion. Three CKD patients were removed from the analysis
(IDs: 27-10 039, 28-10 051 and 31-10 000) due to very low
overall gene expression levels within specific cell types,
resulting in the final cohort size of 12 CKD biopsies and 18
healthy reference biopsies, with each biopsy having three
recordings for different cell types.
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Graphical abstract of the chronic kidney disease (CKD) sendotype discovery pipeline demonstrating the use of multiple omic

datasets from patient plasma, patient biopsies and kidney organoid models for both clustering and validation.

3 | RESULTS

3.1 | Demographics of CKD patients
Baseline demographics were generated for our CKD
cohort, prior to our sendotype discovery pipeline
(Figure 1). Gender, BMI, systolic BP, diastolic BP, hypoc-
holesteraemia, CVD and cause of CKD were found to
be not significant between our cohorts (Table 1). We did
however find age (p = .014), weight (p = .048), diabetes
(p = .012), creatinine (p < .001) and eGFR (p < .001) to
be significantly different between CKD subgroups. We
expected both creatinine and eGFR to be significant as we
used three distinct groups of mild, moderate and severe
CKD by splitting the clinical classification according to
the KDIGO into three distinct groups. However, age being
identified as significant could suggest that the underlying
mechanism of senescence is the driver of this significance
and not biological age. Although both weight and diabetes
were both identified as significant between our CKD
cohorts, we believe due to their nature of being risk
factors for CKD, this was unavoidable and does not affect
downstream analysis.

3.2 | PCA feature selection identifies
optimal senescence panel

Prior to k-means clustering, we wanted to see the overall
proteomic differences between our CKD patients related
to disease severity and then identify a smaller subset that

best characterises the patients. Using PCA, we identified
PC1, which was responsible for the majority of variance
between CKD patients with varying disease severity
(Figure 2A). Using this PC, we ranked each protein within
the dataset according to the magnitude of their loading
scores, which created a descending list of proteins and
how important they were to disease severity. This was
carried out 500 times with bootstrap sampling and the
median loading scores were plotted for each protein
from largest to smallest for the top 50 proteins. We found
that the most important proteins associated with CKD
severity were differentially expressed in senescence,
64% of the top 50 proteins (Figure 2B). We then identi-
fied 16 proteins as the largest number of proteins that
maintained a silhouette coefficient at or above. 5 (PGF,
TNFRSF10A, TNFRSF11A, TRAILR2, TNFRSF14, TNFR2,
PLC, UPAR, TNFRI1, VEGFA, EFNA4, SCARB2, LAYN,
THY]1, TNFRSF12A and N2DL2) to be the optimal number
of proteins to use for k-means clustering. Of these 16,
13 are differentially expressed in senescence coloured in
green according to whether their corresponding tran-
script was differentially expressed in either oncogenic
or replicative senescence models from a separate RNA-
seq experiment (Figure 2B,C). Lastly, we assessed the
clustering quality of the k-means clusters with these 16
proteins by employing three-independent clustering tests,
Calinski-Harbarasz, silhouette method and elbow plots,
all of which demonstrated that k = 2 was the optimal
number of clusters and that the clusters were of good
quality according to their inter- and intra-cluster distances
(Figure 2D).
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TABLE 1 Base demographics for patients.

Label Levels Mild (n = 40) Moderate (n = 23) Severe (n = 16) p-Value
Age (years) Mean (SD) 52.2(17.1) 59.3 (16.4) 66.2 (13.3) .014
Gender Female 18 (45.0) 10 (43.5) 4 (25.0) .365

Male 22 (55.0) 13 (56.5) 12 (75.0)
Creatinine (umol/L) Mean (SD) 95.8 (25.9) 152.3 (26.0) 222.4 (68.3) <.001
GFR (MDRD) Mean (SD) 55.7 (6.5) 37.5(6.1) 26.5(9.8) <.001
Weight (kg) Mean (SD) 79.4 (17.3) 91.0 (21.3) 86.7 (14.3) .048
BMI (kg/m?) Mean (SD) 28.6 (6.0) 31.6(6.7) 29.5 (4.5) 161
Systolic (mmHg) Mean (SD) 140.7 (18.0) 144.5 (19.1) 146.6 (17.9) 492
Diastolic (mmHg) Mean (SD) 82.0 (11.2) 79.9 (9.5) 80.5(9.8) .730
Diabetes No 36 (90.0) 14 (60.9) 10 (62.5) 012

Yes 4(10.0) 9(39.1) 6 (37.5)
Hypercholesterolaemia No 29 (72.5) 11 (47.8) 8(50.0) .095

Yes 11 (27.5) 12 (52.2) 8(50.0)
CVD CVD present 5(12.5) 4(17.4) 4(25.0) 517

No CVD 35(87.5) 19 (82.6) 12 (75.0)
Cause of CKD Acute kidney injury 5(12.5) 1(4.3) 1(6.2) .094

Autosomal dominant 5(12.5) 0(0) 0(0)

polycystic kidney disease

Chronic pyelonephritis 1(2.5) 0(0) 0 (0)

Chronic renal impairment 1(2.5) 4(17.4) 3(18.8)

Glomerulonephritis 9(22.5) 1(4.3) 2 (12.5)

Haematuria 2(5.0) 0(0) 0(0)

Heart failure 1(2.5) 0 (0) 0(0)

Hyperplasia of renal artery 1(2.5) 0 (0) 0 (0)

Hypertensive renal disease 2 (5.0) 1(4.3) 1(6.2)

IgA nephropathy 7(17.5) 7(30.4) 1(6.2)

Proteinuria 1(2.5) 0 (0) 0(0)

Unknown 4(10.0) 3(13.0) 2(12.5)

Urinary tract infection 1(2.5) 0(0) 0(0)

Microscopic polyangiitis 0(0) 1(4.3) 0(0)

Microscopic polyarteritis 0 (0) 1(4.3) 0(0)

nodosa

Renal vascular disease 0 (0) 1(4.3) 2 (12.5)

Tubular necrosis 0(0) 1(4.3) 0(0)

Urolithiasis (kidney 0(0) 1(4.3) 0 (0)

stones)

Vesicoureteric reflux 0(0) 1(4.3) 0(0)

Cardio-renal syndrome 0(0) 0(0) 1(6.2)

Diabetic nephropathy 0 (0) 0(0) 1(6.2)

Drug-induced nephritis 0(0) 0(0) 1(6.2)

Tubulo interstitial 0(0) 0(0) 1(6.2)

nephritis

Abbreviations: BMI, body mass index; CKD, chronic kidney disease; CVD, cardiovascular disease; GFR, glomerular filtration rate; MDRD, modification of diet in
renal disease; SD, standard deviation.
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3.3 | Upregulated senescent proteins
cluster severe CKD patients

After identifying the best subset of proteins to cluster
patients into potential sendotype groups, we then car-
ried out k-means clustering of all CKD patients using
the optimal 16 proteins (Figure 3A) and looked at the
quality of cluster assignments by comparing the k-means
with a follow-up PCA that only used these 16 proteins
(Figure 3B). Remarkably, we found that the mild cluster
contained no severe CKD patients and was primarily mild
patients with a few moderate patients. The severe cluster
contained six mild patients only, with the remainder being
predominantly severe and moderate patients. The next
step was to look at all differentially expressed proteins
between the cluster cohorts, which when visualised on
heatmaps and volcano plots we can see that most proteins
that are significantly differentially expressed are senescent
proteins and that the direction of regulation of the majority
of these proteins are upregulation (Figure 3C,D). Lastly,
using violin-boxplots, we visualised the most significant
proteins between our cluster groups according to both
p-value and log2 FC, which returned EFNA4, TRAILR2,
TNFRSFI1A and TNFRI1 as being the most significant
(p-values, etc.). We then queried all statistically differ-
entially expressed proteins between our two sendotype
groups to identify potential drivers of the sendotype,
which revealed cytokine-cytokine receptor interactions,
viral protein interaction with cytokine-cytokine receptor,
chemokine signalling, NF-xB, TNF and apoptosis to be
the most enriched yet biologically relevant pathways
(Table 2).

3.4 | Sendotype patients have
deteriorated renal function indicators

With significant proteins identified between our sendo-
type patients, we then wanted to identify potential clinical
differences that could also be characterised by these
sendotypes. We visualised clinical differences between
our severe and mild clustered sendotype patients and
identified that our severe sendotype had more biolog-
ically aged patients (Figure 4A), higher levels of urea
(Figure 4B), had reduced renal function according to
both lower eGFR (Figure 4C) and lower 1-year follow-up
eGFR (Figure 4D) and had higher levels of both creatinine
(Figure 4E) and 1-year follow-up creatinine (Figure 4F).
This also confirmed that the clustering and identification
of our sendotypes was successful as with just using 16
proteins, patients were stratified using clustering into
two unique sendotypes with differing disease states,

differing proteomic measurements and differing clinical
symptomologies.

3.5 | Sendotype signatures correlate with
worsening renal trajectories

As eGFR is the current gold standard of testing renal
decline and is based off creatinine levels, we wanted to see
if the identified sendotype proteomics followed the same
trends as these clinical variables at 1-year follow-ups. We
used our 16 identified sendotype proteins that clustered the
CKD cohorts and built linear regression models of each
while applying log2 to both eGFR and creatinine (best
four subset was selected for display). We found that all
proteins for eGFR had an R? value above. 5, p-value less
than. 0001, and followed the same inversely proportional
trend (Figure 5A). As protein expression levels decreased,
the overall renal function according to eGFR increased,
suggesting that these proteins are indeed associated with
worsening renal function. When looking at the proteins
plotted with creatinine, they had slightly less strong corre-
lation but still had statistically powerful p-values less than.
0001.

3.6 | Kidney injury organoids validate
sendotype pathways

We then wanted to validate the biologically important
pathways within our sendotype patients in renal-specific
cells, proving that these pathways are indeed important to
CKD pathophysiology. To do this, we employed the use
of the GEO and selected the ‘GSE259376’ study for differ-
ential expression validation, which used multiple kidney
organoid models to investigate kidney injury. We first
visualised the transcriptomic differential expression dif-
ferences between healthy and injured kidney organoids
using volcano plots and heatmaps, which showed that out
of the top 10 most significant transcripts, seven are dif-
ferentially expressed in senescence (Figure 6A,B). Using
violin-boxplots we then focused on the individual tran-
script expression between the two groups and found that
CD83 and NCALD are the most significant upregulated
transcripts and METTL7A alongside SLC23A1 are the most
significant downregulated transcripts in the kidney injury
organoid model compared to the healthy model. We then
queried all significant transcripts between kidney injury
organoids and healthy kidney organoids to identify sig-
nificantly enriched signalling pathways indicative of renal
tissue damage. We found that TNF signalling, NF-xB sig-
nalling, cytokine-cytokine receptor interactions, cellular
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Upregulated senescent proteins cluster severe chronic kidney disease (CKD) patients. (A) k-Means of CKD patients using the
optimal panel of proteins to cluster patients into mild and severe cohorts. (B) Principal component analysis (PCA) of CKD patients using the

optimal panel of proteins to show better separation of severity when using the optimal panel. (C) Volcano plot showing differential expression
of proteins between severe and mild CKD clusters with the x-axis showing log2 FC and the y-axis showing -logl0(p-value). (D) Heatmap of

the top set of differentially expressed proteins between severe and mild CKD clusters, with rows representing proteins and columns

representing patients. (E) Violin-boxplots showing differential expression of proteins using individual expression values of patients within
severe and mild cluster cohorts.
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TABLE 2

Enriched pathways between chronic kidney disease sendotypes.

ID Term description Fold enrichment Occurrence Support Lowest p-value
hsa04060 Cytokine—cytokine receptor interaction 18.9625588 10 .215236 2.80 x 107
hsa04061 Viral protein interaction with cytokine and  27.7633636 10 .09114 1.00 X 1020
cytokine receptor
hsa04062 Chemokine signalling pathway 7.8006897 10 .005129 1.20 x 10777
hsa04064 NF-«B signalling pathway 10.2827273 10 .043339 2.00 x 1071°
hsa05205 Proteoglycans in cancer 6.1912842 10 .07634 6.70 x 10710
hsa05163 Human cytomegalovirus infection 5.0018492 10 .056424 1.20 x 1078
hsa04668 TNF signalling pathway 11.6469703 10 .052497 3.00 x 107%
hsa04512 Extra cellular matrix (ECM)-receptor 7.5406667 10 .015348 5.20 X 107%
interaction
hsa04210 Apoptosis 5.9336393 10 112847 7.70 X 1078

Abbreviations: NF-xB, nuclear factor-kappa B; TNF, tumour necrosis factor.

senescence, apoptosis and MAPK to be significant bio-
logically enriched pathways between the organoid groups,
with most of these pathways also identified as significant
in our prior proteomic clustering analysis (Table 3).

3.7 | Transcriptomic validation using
publicly available kidney biopsy datasets

Next, we wanted to validate the biologically important
pathways within our sendotype patients in biopsies taken
from other CKD patients. To do this, we employed the use
of the GEO and selected the ‘GSE183273’ study for differ-
ential expression validation, which used multiple kidney
biopsies of live non-CKD reference patients compared to
live CKD patients. We first visualised the transcriptomic
differential expression differences between CKD and nor-
mal reference biopsies using volcano plots and heatmaps,
which showed that there are several senescent transcripts
that are differentially expressed in CKD biopsies compared
to normal reference biopsies (Figure 7A). Two distinct hier-
archical clusters of upregulation and downregulation were
identified (Figure 7B) between CKD biopsies and normal
reference biopsies. Using violin-boxplots, we then focused
on the individual transcript expression between the two
cohorts. We found that PER1, MAP3K1, NUDTI16 and
FKBP5 were the most differentially expressed transcripts
between CKD and normal reference biopsies (Figure 7C).
We then queried all significant transcripts between CKD
biopsies and normal reference biopsies to identify signifi-
cantly enriched signalling pathways between cohorts. We
found that MAPK signalling, NF-xB, cellular senescence,
cell cycle, TNF signalling, apoptosis and transforming
growth factor-beta signalling to be the most signifi-
cant biologically relevant enriched pathways between the
CKD biopsies and reference biopsies, with most of these
pathways also identified as significant in our prior pro-

teomic clustering analysis, as well as the organoid analysis
(Table 4).

4 | DISCUSSION

Our findings have demonstrated that using a small panel
of predominantly senescent proteins, CKD patients can be
clustered separately into distinct sendotypes according to
disease severity. The clustered CKD patients not only show
differing proteomic expressional patterns but also have
multiple differing clinical symptomologies consistent with
disease severity such as eGFR, creatinine and urea, which
are consistent at 1-year follow-ups for both creatinine and
eGFR. We also found that when testing the correlation
of these sendotype proteins with 1-year follow-up clinical
metrics they share a trajectory of inversely proportional
correlations, suggesting these proteins are highly involved
in CKD symptomology and pathophysiology.

Of the 16 proteins identified for optimal patient cluster-
ing, the top four include EFNA4, TNFRSF14, TNFR1 and
N2DL2, with the latter three being differentially expressed
in senescence according to our transcriptomic senescent
list of signatures. EFNA4 is a cell surface bound ligand
for Eph receptors, a family of tyrosine kinases responsi-
ble for migration, repulsion and adhesion during neuronal,
vascular and epithelial development.*’ Recent literature
has demonstrated EFNA4’s use as a potential prognostic
marker to stratify patients according to risk of ESRD.*#?

The TNFR1 and TNFRSF14 genes encode members
of the TNF receptor superfamily of proteins.*’ Binding
of membrane-bound TNF-a to these receptor proteins
induces receptor trimerisation and activation, which plays
a role in cell survival, apoptosis and inflammation.*?
The TNF-a-TNFR1 signalling pathway these proteins are
involved in are also implicated in the inducement of
excessive senescence.** These proteins are also involved
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Sendotype patients have deteriorated renal function indicators. (A) Violin-boxplot comparing the individual ages of chronic

kidney disease (CKD) patients within severe and mild clusters (age measured in years). (B) Violin-boxplot comparing the individual urea
levels of CKD patients within severe and mild clusters (urea measured in mmol/L). (C) Violin-boxplot comparing the individual estimated
glomerular filtration rate (eGFR) recordings of CKD patients within severe and mild clusters (eGFR measured by modification of diet in renal
disease [MDRD] equation). (D) Violin-boxplot comparing the individual follow-up eGFR recordings of CKD patients within severe and mild
clusters (eGFR measured by MDRD equation). (E) Violin-boxplot comparing the individual creatinine levels of CKD patients within severe
and mild clusters (creatinine measured in pmol/L). (F) Violin-boxplot comparing the individual follow-up creatinine levels of CKD patients

within severe and mild clusters (creatinine measured in pmol/L).
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Sendotype signatures correlate with worsening renal trajectories. (A) Linear-regression models fitting N2DL2, EFNA4,

TNFRSF11A and TNFR1 NPX levels (y-axis) against log2(eGFR follow-up recordings) (x-axis) in individual models, clinically labelled from red
to blue according to chronic kidney disease (CKD) patient severity. (B) Linear-regression models fitting N2DL2, EFNA4, TNFRSF11A and
TNFRI1 NPX levels (y-axis) against log2(creatinine follow-up recordings) (x-axis) in individual models, clinically labelled from red to blue

according to CKD patient severity. eGFR, estimated glomerular filtration rate.
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FIGURE 6 Kidney injury organoids validate sendotype pathways. (A) Volcano plot showing differential expression of transcripts
between injured and non-injured kidney organoids with the x-axis showing log2 FC and the y-axis showing -logl0(p-value). (B) Heatmap of
the top set of differentially expressed transcripts between injured and non-injured kidney organoids, with rows representing transcripts and
columns representing organoids. (C) Violin-boxplots showing differential expression of transcripts using individual expression values of
kidney organoids within injured and non-injured cohorts.
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TABLE 3 Enriched pathways between kidney organoids.

ID Term description Fold enrichment Occurrence Support Lowest p-value
hsa04060 Cytokine—cytokine receptor interaction 4.3707494 10 .0121212 6.90 x 1070°
hsa04218 Cellular senescence 3.0038814 10 .0422965 4.40 X 107%
hsa04064 NF-«B signalling pathway 6.5618004 10 1502567 2.00 x 10710
hsa04668 TNF signalling pathway 8.0713585 10 1441558 110 x 1075
hsa04512 ECM-receptor interaction 3.6393179 10 .0196087 3.30 x 1074
hsa04210 Apoptosis 5.9336393 10 1128472 7.7 x107%
hsa04010 MAPK signalling pathway 2.0586041 10 .0060606 9.30 x 107

Abbreviations: NF-xB, nuclear factor-kappa B; TNF, tumour necrosis factor.

TABLE 4 Enriched pathways between chronic kidney disease and normal reference biopsies.
ID Term description Fold enrichment Occurrence Support Lowest p-value
hsa04010 MAPK signalling pathway 2.3319726 10 .1600000 32x1078
hsa04064 NF-«B signalling pathway 2.6711686 10 1012665 8.8x 1077
hsa04218 Cellular senescence 2.9696957 10 1852453 1.0 x 10716
hsa04110 Cell cycle 2.7790681 10 2244956 7.2x 10710
hsa04668 TNF signalling pathway 3.2139662 10 1281566 55%x1071
hsa04210 Apoptosis 2.4772430 10 .0813908 6.0 X 10712
hsa04350 TGF-f signalling pathway 1.3432162 10 .0731506 1.2x 1071

Abbreviations: NF-xB, nuclear factor-kappa B; TGF-f, transforming growth factor-beta; TNF, tumour necrosis factor.

in kidney disease pathology via renal fibrosis,* IgA
nephropathy*® and have been shown to stratify patient risk
of ESRD.*#2

N2DL2 also known as ULBP2 is a member of the MHC-1
class superfamily and is responsible for mediating natu-
ral killer cell cytotoxicity.** Although little is known about
N2DL2 in the context of CKD, studies have demonstrated
its upregulation in multiple models of senescence includ-
ing both replicative, DNA-damage induced and oncogenic
models of senescence.*’*8

These overexpressed senescent proteins in our severe
sendotype patients play vital roles in many signalling path-
ways such as NF-xB, cytokine-cytokine interactions, apop-
tosis, MAPK and TNF signalling, which are all identified as
significantly enriched pathways in the transcriptomic vali-
dation datasets. The canonical NF-xB signalling pathway
is activated in the presence of various pro-inflammatory
cytokines such as TNF’s and IL’s, which activate the IkB
kinase (IKK) complex.*’ Once activated IKK-3 phosphory-
lates IkB, which results in ubiquitination and degradation
and frees many NF-xB dimers. These dimers then translo-
cate to the nucleus, bind to the promotor regions of
target genes and cause the transcription of these genes
and the subsequent expression of various inflammatory
signatures.*’~! NF-xB plays a pivotal role in the pathogen-
esis of CKD”? and has been shown to be one of the main
SASP pathways.>> However, little research is available on
the involvement of NF-xB within the context of both

CKD and senescence combined. Our preliminary results
suggest that in patients with higher levels of senescence
and SASP expression, various signalling pathways such
as NF-xB, apoptosis, chemokine and TNFs become more
enriched, which results in a more pronounced inflam-
matory cascade, which correlates with the advances of
the pathogenesis of CKD. This would suggest that overex-
pression of these senescence signatures in CKD patients
creates a distinct sendotype wherein patients have more
pronounced inflammatory markers, worsening renal func-
tions, worsening renal trajectories and various biological
signalling events causing worsened health. These find-
ings have been shown in patient plasma proteomics with
the biological signalling events been validated in kidney
tissues for both CKD biopsies and organoid models via
transcriptomic analysis. This suggests that CKD needs to
be endotyped to better stratify patients. In doing so, it could
prove beneficial by identifying potential new drug targets
and further the understanding of CKD pathophysiology.

5 | LIMITATIONS

The research in question while methodologically correct
does however have its short comings. The effect of clin-
ical drivers such as weight and comorbidities were not
fully removed from the study, which would have been a
useful investigative tool to examine pathobiology indepen-



\
CLINICAL AND TRANSLATIONAL MEDICINE

A C teicnl77.4) = 11.99, p = 2.56 X 10™", Giagges = 2.37, Clags, [1.83, 2.91), 1
(A) DEG in CKD Biopsy vs Normal Reference Biopsy (€)

Condition + Normal Reference CKD

Significance ® Downregulation © Not Significant ® Senescent ® Upregulation 304

PER1

PER1 (TPM)

MAP3K1

FKBP5 i

Normal Reference CKI
(n=54) (n=36)
Condition
loge(BFo,) =-31.08, B30 = 0,00, CIE]L, [7.08, 11.92], 125, =071

T16
N e U 1
RP&ZFANDS

IL3 ST
csrpriTsczdl 2
BpRE gvewt

HeEgPec

TBLIXR1
NRNPH1
SCEPT1

:é);%YRKZ

g,
L)
XX

104 CEBP|
v *TIPAl z

tweicn(52.21) = -10.46, p = 2.01 X 107, Gitegges = -2.32, Clagy, [-2.93, -1.4

-log(10) p-values

Condition * Nommal Reference = CKD

104 )
I % |
= { Frws = 340

-4 -2 0 2 4
log2FC log2(Mean TPM / Mean TPM) o

NR4A]

MAP3K1  (TPM)

CKD
(n=36)
Condition
109,(BFo:) = -36.83, Bienes. = 6.26, CIEY, [-7.34,-5.08), 25, =071

E

Heatmap Demonstrating DEG in CKD Biopsy vs Normal Reference Biopsy
| Condition
I
2

Normal Reference
CKD

SLC46A3 Condition ¢ Normal Reference CKD

tvacn(61.58) = 7.77, p = 1.02x 107, ,Q\mqes =1.50, Clos, [1.03, 1.95].1

=
=
m
<
=
©
NUDT16 (TPM)

WDR11 m, 'Is lerence CI

1 SFT2D2 i ne3m)
TBL1XR1 Condition
RBBP4 108.(BF o) = -14.30, B0,

8.28, Cligy, (6.72, 10.90), ryey,, = 0.71

tween(55.28) = 9.37, p = 519 X 107", Gireqges = 1.78, Closs, [1.28, 2.28),

Condilion * Normal Reference « CKD

ATR

TPS53INP1

PDK4 .
| TIPARP o

L ZFAND5
i | CREM

-
=
i
SzI
O5%
=r=m
@
m

-
z
=
o
&2l
(=}
FKBPS (TPM)

SR A AT oA A

. ° (om0

CKD
(n=138)

Condition

FIGURE 7 Chronic kidney disease (CKD) biopsies validate sendotype pathways. (A) Volcano plot showing differential expression of
transcripts between CKD biopsies and normal reference biopsies with the x-axis showing log2 FC and the y-axis showing -logl0(p-value). (B)
Heatmap of the top set of differentially expressed transcripts between CKD biopsies and normal reference biopsies, with rows representing
transcripts and columns representing patients. (C) Violin-boxplots showing differential expression of transcripts using individual expression
values of CKD biopsies and normal reference biopsies.



CLINICAL AND TRANSLATIONAL MEDICINE
16 of 17 . D

MCLARNON ET AL.

dently from these factors. Another limitation is the small
sample sizes, as the CKD proteomic study consisted of 79
participants, with further validation in larger cohorts being
required for robustness.

Lastly, one of the major limitations within the study was
that crucial ECR data such as proteinuria measurements
were skewed and had to be left out from the study, which
could have proved useful throughout the analysis.
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