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ABSTRACT

Background. Chronic kidney disease (CKD) is pathologically correlated with a sophisticated milieu of innate and
adaptive immune dysregulation, but the underlying immunological disturbances remain poorly understood.
Methods. To address this, we comprehensively interrogated cellular and soluble elements of the immune system by
using high-dimensional flow cytometry to analyze peripheral blood mononuclear cells and performing
cytokine/chemokine profiling of serum samples, respectively, in a cohort of 69 patients and 19 non-CKD controls.
Results. Altered serum levels of several cytokines/chemokines were identified, among which concentrations of stem cell
factor (SCF) were found to be elevated with the progression of CKD and inversely correlated with estimated glomerular
filtration rate (eGFR). Deep immunophenotyping analyses reveal a global change in immune modulation associated with
CKD severity. Specifically, a decrease in the subsets of CD56dim natural killer (NK) cells
(KLRG-1+CD38+CD64+CD15+CD197+) and monocytes (KLRG-1+CD38+PD-1+) was detected in severe CKD compared with
controls and mild CKD. In addition, comparisons between mild and severe CKD demonstrated a loss of a mature B cell
population (PD-1+CD197+IgD+HLA-DR+) in the advanced stages of disease. Further, we identified immunophenotypic
markers to discriminate mild CKD from the controls, among which the portion of CD38+ monocytes was of particular
value in early diagnosis.
Conclusions. Our data unveil severity-specific immunological signatures perturbed in CKD patients.
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LAY SUMMARY

Prolonged uremic conditions cause a dynamic immune dysregulation. Yet, current studies of immune dysfunction in
chronic kidney disease (CKD) have been mostly focused on a particular immune cell lineage and on the advanced
stages of disease. Here, we present a comprehensive atlas of immune modulation associated with the progression of
CKD by evaluating a panel of circulating cytokines/chemokines/growth factors and conducting high-dimensional
measurements of peripheral blood mononuclear cells in CKD patients with different disease severities. Our
data-driven approaches identified distinct subsets of monocytes, B cells and natural killer cells with specific
activation status perturbed during renal impairment, which may have etiological and diagnostic implications. Our
findings provide additional insight into the increased susceptibility to malignancies and infections in CKD patients.

GRAPHICAL ABSTRACT

Keywords: B lymphocyte, chemokine, chronic kidney disease, cytokine, monocyte, natural killer cell

INTRODUCTION

Loss of renal function in patients with chronic kidney disease
(CKD) causes retention of uremic toxins and cytokines, giving
rise to systematic inflammation and immune dysfunction. The
uremia-associated defects in the innate and adaptive immune
systems have been demonstrated to be interrelated and im-
perative to recapitulate the prognosis of CKD and to influence
its progression into end-stage renal disease (ESRD) [1]. As such,
ESRD patients are highly vulnerable to microbial infections [2]
and often bear unsatisfactory vaccination responses [3] and an
increased susceptibility to malignancies [4], mainly due to ac-
cumulation of carcinogenic toxins, alteration in gut microbiota,
and a state of acquired immunodeficiency and oxidative stress
[5, 6]. In addition, two common comorbidities in CKD, cardio-
vascular disease [7] and infections [2], both of which have been

largely attributed to dysregulated immunity, together account
for up to 70% of death in renal failure, implicating a detrimental
role for this ominous disturbance of immune responses in CKD
management.

The immune system is mainly composed of cellular and sol-
uble elements, which form a reciprocal interaction against var-
ious pathological conditions. It has been noted that diverse cell
types of innate and adaptive immune system are affected to a
different extent with regard to their numbers and activation sta-
tus during the progressive loss of kidney function [8]. Specifically,
an expansion of proinflammatory CD4+CD28– T cell [9, 10] and
CD14++CD16+ monocyte populations [11, 12] was observed in
ESRD patients,whereas a gradual decline in circulating numbers
of natural killer (NK) [13, 14] and B cells [15] was associated with
the impairment of renal function. Moreover, the number [16]
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and function [17] of dendritic cells, one of the most potent pro-
fessional antigen-presenting cell types in the immune system,
were reduced in patients with severe CKD. These uremia-related
alterations in immune cell composition might be, to some de-
gree, accounted for by excess generation of oxidative stress and
epigenetic modifications, as seen in healthy elderly individuals
[1]. Except for changes in cellular components, destruction of
kidneys leads to an accumulation of numerous immune-related
solutes in the circulation [18–21], as evidenced by the frequent
presence of hypercytokinemia and complement activation in
renal failure. The combined effects of these immune dysfunc-
tions, conceivably, contribute to multiple complications and are
strongly connected to high mortality in CKD.

To date, studies of immune dysregulation in CKD have been
mostly focused on a particular immune cell lineage and on the
advanced stages of disease [1, 8, 22]. Yet, the dynamic correlation
of the immunophenotypeswith the disease development in CKD
remains to be fully understood. Hence, to test our hypothesis
that dysregulated immune responses are associated with renal
disease progression, we comprehensively compared peripheral
blood mononuclear cells (PBMCs) using high-dimensional flow
cytometry and a panel of hematopoiesis- and immune-related
solutes, especially for less studied cytokine/chemokine/growth
factors, in CKD patients with different disease severities and
subjects with normal renal function. Our analyses reveal diver-
gent immune signatures and provide further insights into the
shift of immune cell identities and activation status with the
progression of kidney failure.

MATERIALS AND METHODS

Study cohort

In this study, 19 non-CKD controls and 69 patients (age 20–
80 years) with CKD as determined by the K/DOQI Clinical
practice guidelines [23] were recruited in the Department of
Nephrology at Chang Gung Memorial Hospital, with the ap-
proval by the institutional review board. CKD was defined as
either the presence of proteinuria or an estimated glomerular
filtration rate (eGFR) of <60 mL/min/1.73 m2 on two separate
occasions. All subjects are Taiwanese, and informed consent
was obtained from each participant. To explore the disease
progression, patients were assigned into two groups, one with
an eGFR of ≥45mL/min/1.73 m2 and the other with the values of
eGFR <45mL/min/1.73m2. Since the immune system undergoes
dramatic changes related to the age [24], gender [25], and two
most common comorbidities in CKD patients—diabetes [26]
and hypertension [27]—subjects with normal renal function
and matched age, gender, and status of diabetes mellitus and
hypertension were enrolled as controls for comparisons and
the exclusion of potential confounding factors. Demographic,
clinical, anthropometrics and laboratory parameters of par-
ticipants were assessed at the enrolment. These parameters
include blood urea nitrogen, creatinine, potassium, hemoglobin,
hematocrit, albumin, calcium, phosphate, Ca–P product, intact
parathyroid hormone, high sensitive C-reactive protein, total
cholesterol, triglyceride, urine sediments, proteinuria and resid-
ual renal creatinine clearance rate. Anthropometric parameters
include body weight, body mass index and waist circumfer-
ence. Cases who neither had been previously treated with
immunosuppressants nor had undergone kidney transplant
were enrolled in this study. Participants with malignancy, liver
cirrhosis, intestinal operation, irritable bowel syndrome, cardio-
vascular disease (defined as myocardial infarction, documented

Q wave on electrocardiogram, unstable angina, coronary artery
disease with stenosis >75%, congestive heart failure with an
ejection fraction <50% and cerebrovascular disease), active
infection or pregnancy were excluded from the study. Whole
blood (5 mL) was withdrawn for immunotype analysis.

PBMC collection and staining

At enrollment, PBMCs were isolated from buffy coats using
density gradient centrifugation. Blood samples were diluted
with phosphate-buffered saline (PBS) (Sigma), layered onto the
Ficoll-Hypaque media solution (GE Healthcare), and centrifuged
at room temperature for 20 min at 2000 r.p.m. The mononu-
clear cell layer was carefully removed from the interface and
washed twice with PBS. Cells were frozen in CoolCell con-
tainers (Corning) in heat-inactivated fetal bovine serum (FBS)
(Sigma) supplemented with 10% dimethyl sulfoxide (Sigma)
and stored in liquid nitrogen until flow cytometric analysis.
For cell staining, frozen human PBMCs were recovered from
liquid nitrogen with RPMI1640 with 10% FBS. PBMCs (5 × 105)
were resuspended in FACS staining buffer (PBS with 1% FBS)
and stained with fluorochrome-conjugated antibodies on ice
for 20 min. In addition to the KLRG-1-Alexa Fluor® 647 (2388C)
that was obtained from R&D Systems, a panel of the following
clones of fluorochrome-conjugated antibodies purchased from
BD Bioscience was used for cell staining: CD16-BUV496 (3G8),
CD19-BUV563 (SJ25C1), IgD-BUV615 (IA6.2), CD4-BUV661 (SK3),
CD64-BUV737 (10.1), CD14-BUV805 (M5E2), CD57-BV421 (NK-1),
CD3-BV480 (UCHT1), PD-1-BV605 (EH12.1), CD15-BV650 (HI98),
CD27-BV711 (M-T271), CD20-BV750 (2H7), CD197-BV786 (2-L1-A),
CD45RA-BB515 (HI100), CD94-BB630-P2 (HP-3D9), CD195-BB660-
P2 (3A9), CD8-PerCP-Cy5.5 (RPA-TB), CD38-BB790-P (HIT2),
CD11c-PE (B-ly6), CD13-PE-CF594 (WM15), CD123-PE-Cy5 (9F5),
CD25-PE-Cy7 (2A3), CD56-APC-R700 (NCAM16.2) and HLA-DR-
APC-H7 (G46-6). Cells were then washed three times with
staining buffer and subjected to flow cytometric analysis.

Flow cytometry

Data were acquired on a FACSymphony A5.2 (BD Bioscience).
Standardized SPHERO rainbow photomultiplier tubes over time
and for compensation, Standardized SPHERO rainbow beads
(Spherotech) and UltraComp eBeads (ThermoFisher) were used
for adjusting photomultiplier tubes over time and for compen-
sation, respectively.

Data analysis of high-dimensional flow cytometry

viSNE, FlowSOM and CITRUS analyses were conducted on
the Cytobank cloud-based platform (Cytobank, Inc.). NK cells
and monocytes were analyzed separately. viSNE analysis,
a dimensionality reduction method for high-dimensional
single-cell data based upon the Barnes–Hut implementation of
t-distributed stochastic neighbor embedding (tSNE) [28], was
performed using equal sampling of 2000 cells from each FCS
file (1200 for NK cells and 450 for monocytes), with all antibody
channels, 1000 iterations, a perplexity of 30 and a theta of 0.5. For
NK cells, the following markers were used to generate the viSNE
maps: KLRG-1, CD56, CD94, CD195, CD38, CD16, CD64, CD57,
PD-1, CD15, CD27, CD197, CD11c, CD13 and CD25. Formonocytes,
the followingmarkers were used: KLRG-1,HLA-DR, CD94, CD195,
CD38, CD16, CD64, CD14, PD-1, CD15, CD197, CD11c, CD13, CD123
and CD25. Data concatenation was performed by the FlowJo
platform. Resulting viSNE maps were fed into the FlowSOM
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clustering algorithm [29]. FlowSOM was conducted with the
following parameters: Event Sampling Method: ‘Equal’; Desired
events per file: ‘2000’ (‘1200’ for NK cells and ‘450’ formonocytes);
Total events actually sampled: ‘140000’ (‘84000’ for NK cells and
‘31500’ for monocytes); SOM Creation: ‘Create a new SOM’; Clus-
tering Method: ‘Hierarchical Consensus’; Number metaclusters:
‘10’; Iterations: ‘10’. For each cell subset, a new self-organizing
map (SOM) was generated using hierarchical consensus cluster-
ing on the tSNE axes. For each SOM, 10 metaclusters were iden-
tified for comparisons. An additional computational algorithm,
CITRUS [30], was used to identify clusters of cell subpopulations
that are statistically correlated with the disease severity. CITRUS
was performed using the Significance Analysis of Microarrays
(SAM) correlative association model (based on a Benjamini–
Hochberg corrected P-value of <.01) with the following pa-
rameters: Clustering channels: ‘select all antibody-conjugate
channels’; Compensation: ‘File-Internal Compensation’; Asso-
ciation Models: ‘Significance Analysis of Microarrays (SAM)—
Correlative’; Cluster Characterization: ‘Abundance’; Event
sampling: ‘Equal’; Events sampled per file: ‘5000’; Minimum
cluster size: ‘1%’; Cross Validation Folds: ‘5’; False Discovery
Rate: ‘1%’.

Measurement of cytokines/chemokines/growth factors

Instead of commonly studied proinflammatory cytokines, a
panel of 15 hematopoiesis- and immune-related cytokines,
chemokines and growth factors pre-selected by the institutional
facility were utilized to compare the non-cellular components in
the circulation of CKD patients, by using the ProcartaPlex Mul-
tiplex Immunoassay Kit (eBioscience) according to the manu-
facturer’s protocol. Each serum sample was tested in duplicate.
Plates were read with the Luminex 200 system (Luminex) and
analyzed by using ProcartaPlex software (eBioscience).

Statistical analysis

Differences in clinical indices among groups were determined
using Student’s t-test or Kruskal–Wallis test. The levels or pro-
portions of immunotypes were compared by using Wilcoxon
rank sum or Kruskal–Wallis test. The connection of immuno-
type to clinical indiceswas assessed by Spearman’s rank correla-
tion, and the importance was corrected by using the Benjamini–
Hochberg procedure. Random Forests [31] models were used to
rank each variable independently. For each test, the performance
of the model was examined by receiver operating characteris-
tic (ROC) curves using 5-fold cross-validation. Unless otherwise
stated, all statistical tests are two-tailed, and a P < .05 is consid-
ered statistically significant.

RESULTS

Study design and subject characteristics

To explore the association of circulating immunotypes with the
progression of CKD, we collected whole blood samples from a
cross-sectional cohort of 88 subjects, comprising 69 cases (one
group with an eGFR of ≥45 mL/min/1.73 m2, n = 44; and the
other groupwith the values of eGFR <45mL/min/1.73m2, n= 25)
and 19 non-CKD controls. To exclude potential confounding fac-
tors, non-CKD controls with normal renal function andmatched
age, gender, and status of diabetes mellitus and hypertension
(Table 1) were recruited. The levels of blood urea nitrogen, serum
creatinine and eGFR reflect the disease severity among cases.

Cytokine/chemokine/growth factor profiles were collected from
all subjects. Among them, PBMCs of 77 participants were sub-
jected to high-dimensional flow cytometry, and 70 samples (14
controls, 35 with eGFR ≥45 mL/min/1.73 m2, and 21 with eGFR
<45 mL/min/1.73 m2), passing stringent quality control and file
clean-up (e.g. removal of dead cells, debris and doublets), were
used for further analyses and comparisons.

Progressive loss of kidney function results in broad
changes in circulating immune cell types and
cytokines/chemokines/growth factors

We first compared a panel of cytokine/chemokine/growth
factors across groups. The circulating concentrations of stem
cell factor (SCF), a cytokine that binds to c-KIT [32], were found
to be elevated with the progression of CKD (Fig. 1a and and
Supplementary data, Fig. S1) and inversely correlated with
eGFR (Fig. 1b). This association remained significant after
adjusting for hemoglobin levels (P = .013), as anemia is a com-
mon complication of CKD. In addition, a descending trend in
the levels of platelet-derived growth factor BB (PDGF-BB) and
brain-derived neurotrophic factor (BDGF) was detected with
the disease severity, whereas that of regulated upon activation,
normal T cell expressed and presumably secreted (RANTES) and
placental growth factor-1 (PIGF-1) were increased in severe CKD
(eGFR<45 mL/min/1.73 m2) (Fig. 1a and Supplementary data,
Fig. S1).

We next interrogated the populations of PBMCs by using
high-dimensional flow cytometry. To obtain more insights, we
applied viSNE on the immune cell abundance profiles from all
subjects, and the resulting tSNE representation revealed the het-
erogeneity of major immune cell types (e.g. T, B, NK cells) that
can be loosely defined based on marker intensities (Fig. 1c and
and Supplementary data, Fig. S2). tSNE maps of the data from
each group highlighted key regions of PBMCs differentially en-
riched across study cohorts (Fig. 1d), implying altered abun-
dances of immune cell populations with the disease severities.
To further quantify these differences and possibly rule out the
subjectivity inherent in manual gating, we performed an unsu-
pervised algorithm, FlowSOM, to cluster the cells (Fig. 1e). This
method identified a decrease in the percentages of three clus-
ters (P < .05 by Kruskal–Wallis test), including Clusters 3, 5 and
9 in severe CKD (eGFR <45 mL/min/1.73 m2). Clusters 3 and 9
can be approximately inferred to be CD56dim NK cells and B
cells, respectively, while Cluster 5 correspond to a combination
of CD56bright NK cells and a subset of monocytes (Fig. 1c and
Supplementary data, Fig. S2). In addition, a positive correlation
of eGFR was detected with the abundance of Clusters 5 and 9.
These results indicate a global shift of immunotypes during the
progression of CKD.

Progression of CKD is associated with heterogeneous
cell subsets and activation of monocytes, NK cells and
B cells

To explore the high heterogeneity of peripheral immune cells
in detail, we next applied high-dimensional flow cytometric
analysis to further investigate the activation and patterns of NK
cells (Supplementary data, Fig. S3) in CKD. Among the NK cell
populations, there was a decrease in the frequency of CD38+

cells in severe CKD, as that of PD-1+ cells was increased in both
mild and severe CKD compared with controls (Fig. 2a). Projecting
the global NK cells into the tSNE space again revealed major
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Table 1: Baseline characteristics of study cohorts.

All subjects (n = 88) Control (n = 19)

eGFR
≥45 mL/min/

1.73 m2 (n = 44)
eGFR <45 mL/min/
1.73 m2 (n = 25) P

Age, years 64.01 ± 5.73 64.26 ± 7.16 63.45 ± 5.14 64.8 ± 5.67 .318
Gender (males), n (%) 43 (48.9) 8 (42.1) 24 (54.5) 11 (44) .407
Diabetes, n (%) 41 (46.6) 8 (42.1) 21 (47.7) 12 (48) .983
Hypertension, n (%) 73 (83) 13 (68.4) 38 (86.4) 22 (88) .849
Gout, n (%) 15 (17) 1 (5.3) 7 (15.9) 7 (28) .266
Hyperlipidemia, n (%) 33 (37.5) 7 (36.8) 17 (38.6) 9 (36) .831
Diastolic blood pressure, mmHg 75.16 ± 10.58 74 ± 9.97 75.23 ± 10.13 75.92 ± 12.06 .800
Systolic blood pressure, mmHg 131.49 ± 15.54 127.84 ± 19.05 130 ± 15.06 136.88 ± 12.34 .056
Height, cm 159.36 ± 8.41 159.77 ± 8.97 159.99 ± 7.68 157.94 ± 9.35 .328
Weight, kg 66.37 ± 10.9 61.8 ± 8.62 69.74 ± 11.23 63.89 ± 10.24 .035
Body mass index, kg/m2 26.12 ± 3.69 24.22 ± 2.86 27.21 ± 3.85 25.62 ± 3.37 .089
Waist circumference, cm 88.31 ± 10.14 83.28 ± 8.71 91.11 ± 10.34 87.21 ± 9.42 .125

Laboratory parameters
Blood urea nitrogen, mg/dL 25.15 ± 19.3 13.42 ± 3.58 17.91 ± 5.59 46.8 ± 24.32 <.001*
Serum creatinine, mg/dL 1.66 ± 1.5 0.7 ± 0.14 1.1 ± 0.22 3.37 ± 1.92 <.001*
eGFR, mL/min/1.73 m2, CG 58.37 ± 27.85 87.88 ± 21.13 64.51 ± 13.93 25.13 ± 14.85 <.001*
eGFR, mL/min/1.73 m2, Epi 59.51 ± 28.63 94.49 ± 8.91 65 ± 13.06 23.25 ± 14.62 <.001*
eGFR, mL/min/1.73 m2, MDRD 61.88 ± 45.78 114.24 ± 67.55 61.42 ± 11.52 22.92 ± 13.64 <.001*
Hemoglobin, g/dL 12.73 ± 1.92 13.33 ± 0.87 13.56 ± 1.28 10.82 ± 2.11 <.001*
Serum albumin, g/dL 4.47 ± 0.39 4.52 ± 0.25 4.57 ± 0.28 4.27 ± 0.55 .017
Serum calcium, mg/dL 9.22 ± 0.41 9.25 ± 0.37 9.3 ± 0.33 9.06 ± 0.53 .049
Serum phosphate, mg/dL 3.94 ± 0.75 3.75 ± 0.56 3.76 ± 0.47 4.41 ± 1.05 .007
Serum sodium, mEq/L 140.35 ± 2.14 140.64 ± 1.67 140.12 ± 2.16 140.51 ± 2.44 .505
Serum potassium, mEq/L 4.17 ± 0.45 4.03 ± 0.37 4.09 ± 0.45 4.42 ± 0.42 .005
Carbon dioxide, mmol/L 25.3 ± 3.56 27.37 ± 1.86 25.93 ± 2.18 22.54 ± 4.82 .003*
Uric acid, mg/dL 6.18 ± 1.62 5.39 ± 1.08 6.16 ± 1.31 6.8 ± 2.16 .190
Fasting sugar, mg/dL 119.75 ± 33.69 116.89 ± 21.85 121.32 ± 34.57 119.16 ± 40.04 .815
Glycohemoglobin, % 6.45 ± 1.17 6.38 ± 0.86 6.42 ± 1.11 6.58 ± 1.5 .601
Total cholesterol, mg/dL 186.58 ± 34.71 184.05 ± 25.22 184.64 ± 29.42 191.92 ± 47.94 .495
LDL-cholesterol, mg/dL 104.76 ± 28.44 103.93 ± 26.04 107.14 ± 24.34 101.28 ± 36.47 .479
Triglyceride, mg/dL 152.44 ± 108.89 154.63 ± 100.78 129.75 ± 60.62 190.72 ± 162.2 .081
hs-CRP, mg/L 1.32 (0.55–2.56) 1.04 (0.55–2.13) 1.24 (0.5–2.41) 1.88 (1.21–4.13) .034
Intact parathyroid hormone, pg/mL 59.9 (36–93.7) 56.6 (29.88–79.58) 56.6 (36.15–80.65) 108.9 (47.1–295.2) .004*
Vitamin D, ng/mL 27.68 ± 11.12 29.64 ± 11.27 29.71 ± 9.45 22.36 ± 12.46 .010
Urine protein:creatinine ratio, mg/g 138.73 (78.6–514.2) 91.74 (65.8–160.4) 111.89 (61.8–250) 935.93 (202.2–2851) .002*
Daily urine amount, mL 2005 ± 678.9 1896.4 ± 685.1 2235 ± 654.3 1802.2 ± 649.8 .068

Data are expressed as n (%), mean ± SD or median (1st–3rd quartile).
*P < .005, compared eGFR ≥45 with eGFR <45 mL/min/1.73 m2 using Students t-test.
LDL, low-density lipoprotein; hs-CRP, high sensitive C reactive protein; CG, Cockcroft–Gault; Epi, Chronic Kidney Disease Epidemiology Collaboration; MDRD: Modifica-

tion of Diet in Renal Disease.

differences in densities of particular localized regions across
three groups (Fig. 2b and c). In addition, using a FlowSOM clus-
tering approach (Fig. 2d), we found distinct marker expression
patterns across different cell clusters (Fig. 2e) and demonstrated
a decrease in Cluster 9 (representing cells express KLRG-1,
CD38, CD64, CD15 and CD197) in severe CKD compared with
controls and mild CKD (P < .05 by Kruskal–Wallis test) (Fig. 2f).
The abundance of Cluster 9 was positively correlated with eGFR
(Fig. 2g), suggesting that loss of such specific NK population
reflects the levels of seriousness in kidney failure.

We next performed deep profiling of monocytes
(Supplementary data, Fig. S3) to dissect their patterns in
association with renal impairment. Among the monocyte
populations, CD38+ cells were found to be less prevalent in
severe CKD than that in either mild CKD or controls (Fig. 3a).
Projecting the flow cytometry data for monocytes into tSNE
space revealed a global shift of monocyte populations among
three cohorts, with separated regions preferentially emerged in

each study group (Fig. 3b and c). In patients with severe CKD,
there was a notable decrease in cell densities in tSNE regions
enriched for expression of CD38 and PD-1 but negative for CD94
(Fig. 3c). The distribution of CD38 levels in monocytes mirrored
the cell densities of particular localized regions across three
groups. This observation was supported by further FlowSOM
clustering followed by a quantitative analysis. We found that
the monocyte immunotype of severe CKD was dominated by
the loss of cluster 6 characterized by relatively high expression
of KLRG-1, CD38 and PD-1, as compared with monocytes from
controls andmild CKD (P < .05 by Kruskal–Wallis test) (Fig. 3d–f).
Moreover, a positive correlation between the abundance of
Cluster 6 and eGFR was achieved (Fig. 3g), implicating a role for
the deprivation of this particular monocyte subset in immune
dysregulation of CKD.

For deep profiling of B cell population, our FlowSOM analysis
achieved no cluster with statistically significant difference,
likely due to a low number of total events seeded. Since
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Figure 1: Universal characteristics of circulating cytokines/chemokines/growth factors and PBMCs in CKD. (a) Normalized concentrations of cy-
tokines/chemokines/growth factors in CKD group 1 (CKD1; eGFR ≥45 mL/min/1.73 m2), CKD group 2 (CKD2; eGFR <45 mL/min/1.73 m2) and non-CKD controls

(Control). Red dashed line indicates a q value of 0.1 using Kruskal–Wallis test. (b) Spearman correlation of circulating cytokines/chemokines/growth factors with
clinical indices (n = 88, *q < 0.05, **q < 0.01, ***q < 0.001). uacr, urine albumin-to-creatinine ratio; tp_u, total protein in urine; IS, indoxyl sulfate; cr_b, creatinine in
blood; bun, blood urea nitrogen; hscrp, high-sensitivity C-reactive protein; co2-b, CO2 in blood; hgb, hemoglobin; egfr, estimated filtration glomerular rate. (c, d) Global
viSNE projection of PBMCs for all participants pooled and colored by major immune cell lineages loosely defined by marker intensities (c) and PBMCs from the Control,

CKD1 and CKD2 groups concatenated and colored according to cell abundance densities (d). NK cells, natural killer cells; DC, dendritic cells; NKT cells, natural killer
T cells. (e) viSNE projection of PBMCs identified by FlowSOM clustering. (f) Percentage of PBMCs from each study group in each FlowSOM cluster. The box-plots show
the median, the 25th and the 75th percentile in each group. Significance among groups and between groups was determined by Kruskal–Wallis and Wilcoxon rank
sum test, respectively. *P < .05. (g) The correlation of eGFR with the frequencies of cell Clusters 3, 5 and 9, determined by Spearman correlation.
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Figure 2: Fluctuations in NK cell populations linked to the progression of CKD. (a) Frequencies of PD-1+ and CD38+ NK cells. Significance among groups and between
groups was determined by Kruskal–Wallis and Wilcoxon rank sum test, respectively. *P < .05. (b, c) viSNE projection of NK cells for all participants pooled (b) and

NK cells from the Control, eGFR ≥45 mL/min/1.73 m2 and eGFR <45 mL/min/1.73 m2 groups concatenated and colored according to cell abundance densities (c).
(d) viSNE projection of NK cells identified by FlowSOM clustering. (e) Mean fluorescence intensity (MFI) of indicated markers across clusters (column-scaled z-scores).
(f) Percentage of NK cells from each study group in each FlowSOM cluster. The box-plots show the median, the 25th and the 75th percentile in each group. Significance

among groups and between groupswas determined byKruskal–Wallis andWilcoxon rank sum test, respectively. *P< .05. (g) The correlation of eGFRwith the frequencies
of NK cell Cluster 9, determined by Spearman correlation.

progression of CKD, from mild/reversible to severe/irreversible
nephron loss, is viewed as a chronic condition [33], we next
used CITRUS to compare PBMC profiles from mild and severe
CKD patients as a complement to FlowSOM clustering. CITRUS
identified four cell clusters that were differentially abundant
between cases with eGFR <45 and eGFR ≥45 mL/min/1.73 m2

(Fig. 4a). One significantly altered cluster (279976), highlighted
by high expression of CD38, CD94, CD13 and CD123, was descen-
dant cells of the myeloid lineage and representing a monocyte
subset (Fig. 4b). Another cluster (279984), enriched for the
expression of PD-1, CD197, IgD and HLA-DR, was derived from
the lymphoid lineage and defined as a mature B cell population
(Fig. 4c). The abundance of both clusters was reduced in severe
CKD (eGFR <45 mL/min/1.73 m2) (Fig. 4d) and exhibited a pos-
itive correlation with eGFR (Fig. 4e). Notably, these results are

compatible with CKD-associated immunotypes identified from
the FlowSOM algorithm.

Immunophenotypic signatures differentiate CKD from
non-CKD controls

In order to test the potential of immunotypes to serve as di-
agnostic markers, we constructed a Random Forests regression
model based on 19 cellular and soluble parameters identified
in this study (Supplementary data, Table S1) to discriminate
cases with from non-CKD controls. Use of 19 immune variables
achieved a total area under the ROC curve (AUC) of 0.917 to
detect a patient with CKD, with the top-ranking feature being
the portion of CD38+ monocytes (Fig. 5). In addition, a slightly
inferior but still satisfactory performance in discriminatingmild
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Figure 3: Skewing and activation status of monocyte subsets associated with CKD severity. (a) Frequencies of CD38+ monocytes. Significance among groups and
between groups was determined by Kruskal–Wallis and Wilcoxon rank sum test, respectively. *P < .05; **P < .01. (b) viSNE projection of monocytes for all participants

pooled. (c) viSNE maps for monocytes from the Control, eGFR ≥45 mL/min/1.73 m2 and eGFR <45 mL/min/1.73 m2 groups concatenated and colored according to cell
abundance densities (top) and from all participants pooled and colored by the expression of indicatedmarkers (bottom). (d) viSNE projection ofmonocytes identified by
FlowSOM clustering. (e) MFI of indicatedmarkers across clusters (column-scaled z-scores). (f) Percentage of monocytes from each study group in each FlowSOM cluster.
The box-plots show the median, the 25th and the 75th percentile in each group. Significance among groups and between groups was determined by Kruskal–Wallis

and Wilcoxon rank sum test, respectively. *P < .05. (g) The correlation of eGFR with the frequencies of monocyte Cluster 6 determined by Spearman correlation.

CKD from the controls, with an AUC of 0.889, was obtained. Our
results reveal promising avenues for early diagnosis of CKD via
specific immunotypes.

DISCUSSION

Progressive loss of kidney function causes a highly dynamic
skewing of immune modulation. Changes in the immune
system predispose patients to develop infections which in turn
lead to an increased risk of inflammatory, cardiovascular dis-
eases andmany comorbidities. As renal disease often manifests

clinically only when substantial damage has already occurred,
new diagnostic and therapeutic strategies must be developed
to halt further progression and even trigger appropriate tissue
recovery.With a growing number of simultaneously measurable
parameters, current advances in flow cytometry have permitted
the exhibition of phenotypic heterogeneity of leukocytes and
identification of rare and well-characterized cell subsets with
novel behaviors. In the present study, we conducted deep
profiling of PBMCs by using high-dimensional flow cytometry
and circulating cytokines/chemokines/growth factors in CKD
patients with different disease severities and subjects with
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Figure 4: Identification of differentially abundant immune cell subsets between mild and advanced CKD patients. (a) A radial hierarchical tree of cell subsets was
produced by the CITRUS algorithm. Each node denotes a subset of cells, and each edge points from a parent node to its daughter node(s). Cell subsets of statisti-
cally significant differential abundance between CKD group 1 (eGFR ≥45 mL/min/1.73 m2) and CKD group 2 (eGFR <45 mL/min/1.73 m2) are highlighted in dark red.
(b, c) The nodes circled in black indicate high or positive expression of a surface marker. Expression profiling demonstrates that cluster 279984 and 279976 corre-

spond to PD-1+CD197+IgD+HLA-DR+ mature B cells (b) and CD38+CD94+CD13+CD123+ monocytes (c), respectively. (d) Abundances of Cluster 279984 and 279976 in
eGFR ≥45 mL/min/1.73 m2 and eGFR <45 mL/min/1.73 m2. *Benjamini–Hochberg corrected P-value of <.01 using the Significance Analysis of Microarrays correlative
association model. (e) The correlation of eGFR with the frequencies of CITRUS clusters, determined by Spearman correlation.

normal renal function. To avoid the subjectivity inherent in
manual gating [34], we utilized data-driven approaches to iden-
tify immunological signatures dysregulated during renal impair-
ment. Our findings, to some extent, account for the increased
susceptibility to malignancies and infections in CKD patients.

NK cells represent a pivotal player of innate immune system
and exert a prompt immunological reaction modulated by the
presence of activating and inhibiting receptors. Levels of acti-
vation markers, CD69 and NKp44, were found to be elevated in
NK cells from ESRD patients [14], whereas reduced expression
of an activating receptor, NKG2D, was observed in NK cells from
patients receiving dialysis [13]. Here, our unsupervised cluster-
ing method demonstrated a loss of an NK subset (Cluster 9)
expressing KLRG-1, CD38, CD64, CD15 and CD197 in severe CKD.
Among these surface proteins, CD38 is an activationmarker that
triggers cytotoxic responses in human NK cells [35]. CD197, also
known as C-C chemokine receptor type 7 (CCR7), plays a key role
in induction of NK cell migration toward lymph nodes [36], as

CD64 mainly contributes to a vital effector function of NK cells,
the antibody-dependent cell-mediated cytotoxicity [37]. The de-
creased portion of this activated NK cell subset and their possi-
ble reduced function might result in impaired tumor immune
surveillance and augmented vulnerability to microbial infec-
tions in patients with ESRD as a result of decreased killing of
stressed cells. In addition to a reduction of CD38+ NK cells in se-
vere CKD, we noted that PD-1+ NK cells were more prevalent in
CKD patients. Unlike T cells, NK cells present in the peripheral
blood of healthy individuals do not express PD-1 on their surface
[38], and PD-1 expression onNK cells was linked to intra-tumoral
NK cell dysfunction, indicating a weaker anti-cancer function in
PD-1+ NK cells [39, 40]. Our findings provide extra immunologi-
cal clues about multiple complications and resulting high mor-
tality in CKD.

Different from NK cells as the lymphoid lineage cells, mono-
cytes are derived from the bone marrow and circulate in
the blood before further differentiating into macrophages or
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Figure 5: Performance of distinguishing CKD cases from the controls. (a) Immunophenotypic markers for detecting patients with CKD (eGFR ≥45 + eGFR
<45 mL/min/1.73 m2, n = 56) and mild CKD (eGFR ≥45 mL/min/1.73 m2, n = 35) from the controls (n = 14) identified from Random Forests classifiers. Markers are
ranked in descending order of their importance to the accuracy of the model. The boxes represent 25th–75th percentiles, and black lines indicate the median. (b) ROC

curves depict the trade-off between true and false positive rates for detecting patients with CKD and mild CKD. AUC, the total area under the ROC curve.

dendritic cells. Patients with ESRD often bear an expansion of
a proinflammatory CD14++CD16+ monocyte population [11, 12],
which is known to confer a future risk of an atherosclerotic
event. Consistently, an increase in one similar CD14++CD16+

monocyte subset (Cluster 1), enriched for the expression of CD94,
CD15 and CD13, was also observed in our severe CKD cases.
Moreover, we identified a decline in a distinct monocyte subset
(Cluster 6), highlighted by high expression of CD38 and PD-1, in
advanced stages of the disease. CD38 can establish lateral as-
sociations with class II major histocompatibility complex (MHC)
in monocytes [41], enabling an efficient presentation of cancer
neoantigens or foreign antigens from pathogens. In addition to
co-receptor functions, CD38, through its intrinsic enzymatic ac-
tivities, can also use nicotinamide adenine dinucleotide (NAD)
as a substrate to generate second messengers, such as cyclic-
ADP ribose (cADPR) [42]. A protective role of CD38 NADase ac-
tivities against pathogens has been proposed, as pharmaceuti-
cal depletion of cellular NAD levels in human monocytes was
shown to attenuate TLR4-mediated inflammatory responses to
LPS [43]. Taken together, the increase of a proinflammatory
CD14++CD16+ monocyte population (Cluster 1) and loss of one
particular monocyte subset (Cluster 6) in severe CKD, as well as
the observation that distribution of CD38 levels inmonocytes re-
flected the severity of renal impairment in the present study, in
part, account for common comorbidities in CKD, including car-
diovascular diseases, infections and cancers.

B lymphocytes are central to the adaptive humoral im-
mune system and mainly responsible for the generation of
antigen-specific immunoglobulin targeting invasive pathogens.

In patients with ESRD, reduced numbers of naïve and memory B
cells have been reported [15].Here, a decline in the frequency of a
mature B cell cluster, with high expression levels of CD19, CD20,
PD-1, CD197, IgD and HLA-DR, was detected in severe CKD com-
pared with mild CKD. A tumor-infiltrating PD-1high B cell subset,
exhibiting a unique CD5highCD27highCD38dim phenotype that dif-
fers from conventional regulatory B cells, was found to suppress
tumor-specific T cell responses in liver cancer [44]. Intriguingly,
one recent large population cohort study of cancer risk in CKD
patients indicates that overall cancer risk was increased in mild
to moderate CKD and among transplant recipients, but not
in advanced kidney disease [45]. Except for not taking many
potential severity-specific confounders into consideration, this
discrepancy may be accounted for by further stratification anal-
yses for site-specific cancer incidence, since breast, colon and
prostate cancerwere less frequent in advanced CKD,and the risk
for multiple myeloma, kidney cancer and bladder tumor was
particularly increased in CKD. Moreover, it is unclear whether
PD-1+ peripheral B cells also possess immunosuppressive activ-
ities against pathogens or tumor cells. In addition to PD-1 with
uncertain B cell functions, IgD, belonging to an ancient form
of immune surveillance strategically positioned at the sites of
antigen entry, is known to be present in mature B cells [46],
as HLA-DR is a class II MHC molecule responsible for antigen
presentation to T cells. In concordance with B cell lymphopenia
frequently seen in ESRDpatients,we observed a decreased abun-
dance of a mature B cell subset in severe CKD. Yet, whether the
loss of such B cell population affects the generation of antigen-
specific immunoglobulins and subsequently leads to attenuated
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serological responses to vaccines in uremic conditions requires
further investigations.

Despite novel insights into the ability to connect immune sig-
natures to CKD severity provided here, additionalwork is needed
to address several limitations of the present study. One issue is
that the size of our study cohort is relatively small for deep im-
mune profiling of CKD patients. Considering successful identifi-
cation of cell subsets consistent with the existing literature and
accounting for common comorbidities in CKD, we acknowledge
that many more CKD-associated immunotypes are presumably
to be found in a larger sample size. Another limitation is the
multiple testing burden derived from the high dimensionality
of our data. Even though we decreased the number of tests by
using FlowSOM clustering, the difference was marginal as con-
sideringmultiple testing.Moreover, binary comparisons (e.g. one
immune subset versus one clinical feature) may fail to com-
pletely extract the meaning of high-dimensional dataset. Taken
together, our study provides a compendium of immunopheno-
typic data and identifies specific immune cell identities and ac-
tivation status associated with the progression of kidney failure.

SUPPLEMENTARY DATA

Supplementary data are available at ckj online.
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