
The diagnosis type of chronic kidney disease (CKD) and 
its severity is currently based on clinical features such 
as glomerular filtration rate (GFR), proteinuria and 
albuminuria, as well as histological features observed 
in kidney biopsy samples, if available1–7. However, this 
classification approach does not capture the diversity 
of molecular pathways that can lead to phenotypically 
similar kidney disease and therefore hampers our abil-
ity to predict long-​term outcomes or to test and apply 
targeted therapies. Given this incomplete understanding 
of the molecular underpinnings of disease and the ina-
bility to predict patient responses, the dearth of positive 
clinical trials in nephrology is not surprising8. However, 
the past decade has been witness to a surge in the use of 
omics techniques9 — in particular transcriptomics and 
metabolomics — to study the kidney. Such studies have 
led to a subsequent increase in the number of integrative 
multi-​omics studies that have the potential to enhance 
our understanding of the molecular processes that ini-
tiate kidney disease, influence disease progression and 
mediate cell-​type-​specific responses to treatment. By 
coupling the molecular omics profiles of kidney tis-
sues with detailed genetic and epigenetic analyses and 

longitudinal assessments of patient outcomes, we now 
have the ability to identify cell-​level biomarkers and 
drug targets, and to assess cellular responses to external 
stimuli. As a result, we are now in a position to bridge 
information across multiple data types and data domains 
to gain a comprehensive molecular understanding of 
the kidney with which to guide development of targeted 
therapies for precision medicine.

This Review provides an overview of the ways in which 
the wealth of available data can be integrated to enhance 
our understanding of the mechanisms underlying kidney 
function and failure. We describe data integration tech-
niques that can link diverse datasets to answer clinically 
relevant questions regarding the mechanisms of disease 
pathogenesis and progression, with examples of integra-
tive approaches that have improved our understanding of 
kidney diseases from a mechanistic standpoint.

Integrating high-​dimensional data
The study of kidney diseases is uniquely suited to lev-
erage data integration techniques across several data 
domains, as the biosamples needed to generate com-
prehensive genetic, transcriptomic, proteomic and 
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metabolomic data10–12 are routinely collected in clin-
ical practice. Genetic testing, for example, is relatively 
common, since multiple monogenic mutations cause 
or modify kidney disease13. Integration of genetic or 
epigenetic data with molecular, histological and clinical 
datasets can help to delineate the functional relevance 
of genetic14,15 and epigenetic16,17 variations, and provide 
insights into how they might affect kidney function. 
Data obtained from kidney biopsy samples can also pro-
vide insights into disease mechanisms. This tissue can be 
used to generate transcriptomic data, either through bulk 
RNA sequencing of compartment-​specific18 or nephron 
segment-​specific19 tissue or through single-​cell RNA 
sequencing (scRNA-​seq)20–22. Tissue-​based proteomic23 
and metabolomic24 profiles can also be obtained from 
biopsy samples. In addition, digital images of biopsy 
material can be used to generate high-​dimensional, 
descriptive and quantitative pathology data for 
computer-​aided analysis using machine-​learning 
approaches. Moreover, urine samples can serve as ‘liq-
uid biopsies’, from which transcriptomic, proteomic and 
metabolomic datasets can be generated and integrated 
with corresponding kidney tissue omics data to identify 
non-​invasive surrogate markers in the urine that reflect 
cellular processes in the kidney.

The integration of such multi-​layered datasets25 has 
the potential to provide insights into various aspects of 
kidney biology (Fig. 1). As discussed below, we can use 
integrative approaches to assess which networks and 
pathways are active in CKD to identify novel targets 
for therapy, whether model systems are representative 
of human kidney disease, and whether omics datasets 
generated at the time of biopsy or disease diagnosis can 
predict the future risk of kidney failure.

Uncovering CKD pathways and genes
CKD is a condition characterized by the loss of kid-
ney function over time and can arise from a variety of 
aetiologies. As laboratory abnormalities and patient 
symptoms are often shared across aetiologies, the exact 
diagnosis is often unclear. Moreover, within our current 
aetiological categories, heterogeneity exists in the risk 
of progression and response to therapy, highlighting the 
likely underlying heterogeneity in molecular drivers of 
disease. Computational advances in omics data analy-
sis approaches over the past decade have enabled the 

complexity of CKD to be explored through integration 
of various genetic and omics data. As described in the 
following sections, these different datasets can be aggre-
gated into pathways or functional networks that are asso-
ciated with disease phenotypes or outcomes to improve 
our ability to identify functionally relevant pathways26.

The effect of genetic polymorphisms on pathway activation  
in kidney disease. Genomics studies have identified a 
multitude of genetic variants associated with kidney 
disease14,15, but the functional effect of genetic variants 
and their potential causal role in disease is often poorly 
understood. One way of addressing the impact of genetic 
variants on disease is through identification of expres-
sion quantitative trait loci (eQTLs); eQTLs are chromo-
somal loci at which polymorphisms explain some of the 
variation in RNA or in protein expression of a particular 
gene product. These loci can be identified by integrat-
ing genomic sequencing data with transcriptomic or 
protein expression data27–29. Importantly, these stud-
ies have begun to provide insights into the functional 
consequences of genetic variations in regulating the  
transcriptional machinery in kidney disease.

One of the earliest studies to integrate single nucleo-
tide polymorphism (SNP) and transcriptomic data from 
patients with CKD demonstrated an interplay between 
inflammatory responses and metabolic pathways30. The 
study considered 16 SNP loci that had been identified 
in a previous meta-​analysis of genome-​wide association 
study data from the CKDGen and Cohorts for Heart 
and Ageing Research in Genomic Epidemiology con-
sortia as being associated with estimated GFR (eGFR). 
Using kidney biopsy samples from patients with different 
aetiologies of CKD, the researchers identified 18 candi-
date genes that were located on the same chromosome, 
and in cis with the SNPs, that also correlated with eGFR 
across CKD stages in an independent cohort — the 
European Renal cDNA bank. For each of the 18 genes, 
co-​expression networks were generated using transcrip-
tional data from individuals across and within patholog-
ical disease classifications, leading to the identification 
of cellular regulatory pathways that were associated 
with CKD. In particular, this approach revealed a sig-
nalling dichotomy between activated inflammatory and 
immune processes, and suppressed metabolic processes 
in CKD. Several of the target factors and networks iden-
tified by this process, including the transcription factor 
NRF2 (refs31–33), and the JAK–STAT34 and retinoid sig-
nalling pathways35, have been clinically investigated or 
are currently under investigation in clinical trials across 
glomerular diseases. Furthermore, many of these path-
ways were found to be shared across diseases of varied 
pathological diagnoses including diabetic kidney disease 
(DKD), IgA nephropathy, lupus nephritis and focal seg-
mental glomerulosclerosis (FSGS), highlighting common 
downstream pathways that mediate kidney injury despite 
different disease-​initiating events across various aetiolo-
gies. Kidney-​specific eQTLs have been used to identify 
potentially novel disease activities and targets, such as 
lysosomal beta A mannosidase27, whereas compartment-​ 
specific eQTLs have helped to identify both novel targets  
including DAB2 and cell-​specific signals28,29.

Key points

•	Classifying kidney diseases according to their molecular mechanisms has the 
potential to improve patient outcomes through the identification and development 
of more targeted therapeutic approaches.

•	Omics data derived from kidney biopsy tissue not only have the potential to enable 
identification of disease mechanisms but might also enable the identification of 
prognostic and predictive biomarkers; this approach might be extended to enable  
the use of non-​invasive surrogate urinary markers that reflect molecular pathways 
activated in the kidney.

•	The success of targeting molecular pathways identified through approaches that 
involve the integration of various datasets has been demonstrated in clinical trials.

•	Combining targeted therapies with predictive biomarkers puts nephrology in a 
position to test the concept of precision medicine, enabling trials to identify the right 
trial for the right patient at the right time.

In cis
Located on the same strand of 
DNA as the gene or variant in 
question and in the case of 
eQTLs, located in relatively 
close proximity to the 
transcriptional start site  
of a gene.

Co-​expression networks
Sets of genes that display 
similar trends in their direction 
of regulation across patients 
and are thus presumed to be 
co-​regulated and therefore 
functionally related.
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The increasing availability of genetic and transcrip-
tional datasets will further our understanding of the 
genetic determinants of kidney disease and help to delin-
eate the initiating injuries and transcriptional pathways 
that are responsible for CKD progression in genetically 
susceptible individuals.

Integrating model systems with human datasets to 
accelerate drug development. Innovative data integra-
tion approaches have also been used to identify opti-
mal CKD model systems with which to test potential 
therapeutic targets. Integration of genome-​scale tran-
scriptional data from human kidney biopsy samples 
with transcriptional data from preclinical CKD models 
has been used, for example, to define key regulatory 
hubs in human patients with CKD and identify corre-
sponding model systems that are best suited for pre-
clinical studies. For example, a 2013 study compared 
the differential expression of genes in the glomerulus 
of patients with DKD and high or low albuminuria with 
those of three mouse models of DKD: DBA/2 mice 
with streptozotocin-​induced diabetes, C57BLKS db/db 
mice, and eNOS-​deficient C57BLKS db/db mice36. An 
approximate network-​level matching algorithm suc-
cessfully identified gene–gene interaction networks that 
were common between patients and each of the three 
mouse models. This mapping approach has broad util-
ity, enabling key regulatory hubs in human DKD biopsy 
datasets to be defined while simultaneously indicating 
which mouse model best mimics human disease. This 
study identified STAT3 as one of the central nodes con-
served across both mice and humans, implicating the 
JAK–STAT pathway in DKD pathogenesis. In support 
of this finding, expression levels of JAK–STAT pathway 
components were associated with disease progression 
and kidney failure in these patients. Further support 
for this finding was provided by a separate analysis that 
also identified upregulation of JAK and STAT pathway 
components in the glomerulus and tubulointerstitium of 
patients with DKD compared with levels in healthy liv-
ing transplant donors and patients with minimal change 

disease37. A causal role for the JAK–STAT pathway in 
the progression of DKD was subsequently established 
by the demonstration that podocyte-​specific overexpres-
sion of JAK2 in a mouse model of diabetes increased 
albuminuria, mesangial expansion, glomerulosclerosis 
and reduced podocyte density38. These phenotypes were 
ameliorated by a JAK1–JAK2 inhibitor. Together, these 
findings supported the clinical development of baric-
itinib, a JAK1–JAK2 inhibitor, as a treatment for DKD. 
Indeed, findings from a phase II study published in 2018 
showed that baricitinib reduced albuminuria in patients 
with DKD34. Of interest, a separate study reported acti-
vation of JAK–STAT signalling in the peripheral blood 
and kidney tissue of patients with FSGS39, potentially 
expanding the therapeutic opportunity for JAK–STAT 
intervention to other kidney diseases.

Integrating model systems with human data to identify 
novel disease mechanisms. The identification of molec-
ular pathways that are specific to disease phenotypes can 
also be explored through data integration strategies. For 
example, tubulointerstitial fibrosis is a hallmark of CKD 
progression, irrespective of pathogenesis40,41. Thus, the 
ability to define the pathways that are responsible for  
the induction of this process may lead to the development 
of intervention strategies that are broadly applicable 
across disease aetiologies. One study that performed a 
genome-​wide transcriptional analysis of tubules from 
biopsy samples identified differential expression of genes 
involved in metabolic pathways between fibrotic and  
normal kidneys42. These genes included those that encode 
key enzymes of fatty acid oxidation, including CPT1A,  
CPT2, ACOX1, ACOX2 and transcriptional regulators of 
these genes, PPARA and PPARGC1A. Further analysis in 
two mouse models of kidney fibrosis showed a reduction 
in protein and transcript levels of fatty acid oxidation 
enzymes in the kidneys of fibrotic animals compared 
with controls, which was associated with elevated lipids 
and triglyceride levels in tubular epithelial cells of mice 
with fibrosis. In mice with folic acid-​induced fibrosis, the 
suppression of genes and enzymes involved in fatty acid 
oxidation occurred prior to the onset of fibrosis, indicat-
ing that repression of these mechanisms was not simply a 
response to injury and was likely causal to disease. This 
hypothesis was confirmed by the demonstration that 
activation of fatty acid oxidation, through either genetic 
or pharmacological manipulation, protected these ani-
mals from fibrosis. Thus, not only did this approach 
provide novel insights into the mechanisms underlying 
the progression of kidney fibrosis, but it also pointed to 
novel interventional opportunities that may be relevant 
across clinical diagnostic categories.

Disruptive technologies
Novel technologies and analytical approaches have the 
potential to provide rapid and transformative advances 
in our understanding of disease processes. For exam-
ple, technologies such as scRNA-​seq and single nuclear 
RNA-​seq (snRNA-​seq) can provide insights into molec-
ular processes at the cellular level, which may be of 
importance for studies of complex tissue, such as the 
kidney. Further insights into the molecular mechanisms 
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Non-invasive
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Molecular (omics)
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Clinical
measures Phenotype data

Novel mechanism
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Fig. 1 | Integration of varied data types can help to address clinically relevant 
questions. Information from an individual can be captured across multiple data domains, 
including omics and/or pathology data from tissue, urine or blood samples as well as 
clinical information procured through trial or cohort enrolment. These datasets can be 
de-​identified and coded at the individual level before they are integrated to generate 
associations across a cohort. Such approaches have the potential to aid risk stratification, 
provide insights into novel mechanisms associated with kidney disease, and aid the 
identification of clinically relevant subpopulations or subgroups who may benefit from 
targeted therapy.
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relevant to disease and non-​disease states may be gained 
by integrating cell-​type-​specific molecular data with 
other patient-​level bulk tissue data to better understand 
the cellular sources of disease progression.

Kidney single-​cell transcriptomics
The data integration examples outlined in the previ-
ous sections described the mapping of molecular pro-
grammes in bulk tissue samples or micro-​dissected 
kidney compartments, in which multiple, heterogeneous 
cell types are combined in a single sample43,44. By con-
trast, single-​cell analyses of the kidney focus on different 
cells that may initiate and respond differently to injury; 
however, analysis of cell-​specific molecular pathways 
that are involved in disease processes is required to fully 
understand disease pathogenesis and response to treat-
ment, and may allow for cell-​specific drug-​targeting 
approaches.

Efforts to resolve tissue heterogeneity have involved 
the isolation of single cells — for example, podocytes43 
— for molecular analysis and in silico deconvolu-
tion of genes expressed within specific cell lineages44. 
Technological advances now enable thousands of tran-
scripts to be analysed across thousands of individual cells 
from complex tissues such as the kidney. Such advances 
provide an opportunity to redefine cellular types and 
subtypes within the kidney according to the transcript 
fingerprints of individual cells, as well as an opportu-
nity to describe the transcriptional machinery used by 
these cells. Furthermore, integration of scRNA-​seq and 
snRNA-​seq datasets with anatomical and physiolog-
ical data is enabling a cell-​level view of differentiated 
organ systems, such as the kidney, to emerge. Finally, 
scRNA-​seq profiles from kidney tissue can be used to 
characterize cell-​type-​selective expression of genes 
implicated in disease progression21,28,45, including that of 
genes known to be monogenic causes of kidney disease21.

The next step in the evolution of this technology 
requires leveraging cell-​specific gene profiles to iden-
tify pathways and new molecular targets involved in 
disease progression. One 2020 study from the Kidney 
Precision Medicine Project (KPMP) (www.kpmp.org) 
consortium used cell-​type-​specific transcriptional sig-
natures obtained by scRNA-​seq from reference human 
nephrectomy and transplant biopsy samples to explore 
changes in gene expression in corresponding cell types 
in bulk RNA-​seq datasets obtained from biopsy sam-
ples of patients with CKD from the European Renal 
cDNA bank and Nephrotic Syndrome Study Network 
(NEPTUNE) consortia. This deconvolution approach 
led to the identification of a gene signature that was spe-
cific to glomerular endothelial cells and was associated 
with exposure to immunosuppressive treatment at the 
time of biopsy and with long-​term treatment responses 
in FSGS46. This approach highlights the potential to 
monitor cellular responses to treatment over time in 
patients, the potential to identify non-​invasive bio-
markers of cell-​specific responses, and the potential to 
demonstrate the clinical relevance of cellular differences 
in archived patient samples with longitudinal data.

The application of scRNA-​seq technologies to kid-
ney biopsy samples is also a viable strategy to determine 

changes that occur in single cells with disease onset and 
progression. For example, an analysis of the single-​cell 
landscape of biopsy samples from three patients with 
early DKD using snRNA-​seq identified early altera-
tions in cell-​specific molecular pathways47. Consistent 
with a role for mesangial expansion in DKD, a num-
ber of transcriptional changes were noted in mesangial 
cells of patients with early DKD, including upregulation 
of COL4A1. Similarly, the use of scRNA-​seq has been 
used to define the immunological landscape in kidneys 
of patients with lupus nephritis48. This study showed 
that resident immune cells within the kidney had sim-
ilar gene expression characteristics to those of resident 
immune cells within other affected organs and identi-
fied multiple disease-​specific subsets of myeloid, natu-
ral killer, and B cells and T cells. The study also showed 
that the gene expression profiles of myeloid and T cell 
clusters from urine cell pellets of patients with lupus 
nephritis correlated remarkably with those of immune 
cell clusters in the kidney, suggesting that urine could 
potentially be used as a non-​invasive readout of myeloid 
and T-​cell phenotypes in the kidney, and might enable, 
for example, assessment of the efficacy of therapeutic 
agents that target these cell types49,50.

Beyond the identification and classification of cell 
types present within the diseased kidney, single-​cell 
transcriptomics has potential to improve disease classi-
fication by providing insights into the cell-​specific tran-
scriptional changes that correlate with disease outcomes. 
In order to achieve this, however, new computational 
tools are needed to integrate the high-​dimensional infor-
mation obtained from single-​cell studies (for example, 
gene expression data for each cell type, genes that are 
enriched in cell clusters, and/or ligand–receptor interac-
tions across cell types) with clinical data to understand 
how cellular level molecular signals change with disease 
progression and remission. The KPMP–NEPTUNE-​led 
identification of a glomerular endothelial cell phenotype 
linked to FSGS treatment exposure and disease pro-
gression is one example of how this approach could be 
implemented46. Such studies will lead to more complete 
biological models of disease progression in CKD.

Patient-​specific kidney organoids
A similarly innovative strategy to study the molecular 
composition of the kidney and how this changes with 
disease has emerged from longstanding efforts of the 
kidney developmental research community to estab-
lish ex vivo models of nephrogenesis51. This work has 
culminated in the development of robust protocols to 
produce 3D kidney organoids from pluripotent stem 
cells, which can be used to model various aspects of 
organ differentiation and development52,53. Although 
much of the focus in organoid research has been on 
approaches to modelling developmental processes, 
kidney organoids also offer powerful opportunities to 
decipher the molecular mechanisms underlying genetic 
kidney disease, for example, through transcriptional 
profiling of single cells54 or by assessing the response of 
organoids to pharmacological interventions55 to identify 
disease-​related transcriptional responses. The power of 
integrating scRNA-​seq data from kidney organoids with 
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gene expression data from bulk glomerular tissue and 
associated outcome data was demonstrated in a 2019 
study that defined signatures of podocyte development 
stages during human nephrogenesis and organoid devel-
opment, and moreover identified elements of these 
signatures that were reactivated in progressive human 
glomerular disease54.

Organoids allow single-​cell developmental trajecto-
ries to be overlaid in a human-​based system, which is 
advantageous for studying kidney-​disease-​related genes 
such as APOL1 that are absent in many common model 
organisms56. Analysis of developmental trajectories ena-
bles disease trajectories to be studied in a scalable system 
that is open to direct genetic or pharmacological experi-
mental manipulation. As kidney organoids can be grown 
from patient-​derived, inducible pluripotent stem cells 
(iPSCs), efforts are underway to establish drug screening 
and drug-​discovery platforms using iPSCs from patients. 
These patient-​derived iPSCs can provide opportuni-
ties to test therapeutic efficacy and toxicity against the 
patient’s own genetic background22,57–60. In addition, 
transcriptional networks identified in patient-​derived 
kidney organoids can in theory be mapped back to 
biopsy samples from the same patient, enabling the 
model system to be benchmarked.

Towards precision medicine in nephrology
The ultimate goal of obtaining a more complete under-
standing of the biological processes underlying CKD 
is to provide personalized treatment options and more 
accurately predict clinical outcomes for individual 
patients. A central tenet of precision medicine is to pro-
vide the right treatment for the right patient at the right 
time. This need resonates with the clinical experience of 
most patients with CKD, in whom disease course and 
response to therapy remain highly unpredictable61,62. 
Given the complexity of the kidney, we expect that the 
development of a prediction approach that is aligned 
with this precision medicine goal will require integration 
of diverse data types that each provide insights into bio-
logical processes and outcomes. For example, KPMP — a 
multi-​site collaborative initiative funded by the National 
Institute of Diabetes and Digestive and Kidney Diseases 
— is aimed at leveraging these emerging technologies 
to define disease heterogeneity in CKD and acute kid-
ney injury, and identify molecular pathways that can be 
targeted with the ultimate aim of enabling personalized 
care for people with acute kidney injury and CKD63,64. 
The initiative integrates tissue-​level information gen-
erated by a complementary set of technologies includ-
ing digital pathology-​enabled pattern recognition and 
approaches to assess the tissue distribution pattern of 
mRNA, proteins and metabolites. However, despite the 
potential of innovative technologies such as scRNA-​seq 
to provide biological insights, the challenges to data 
analysis and integration of single-​cell datasets with clin-
ical and other data are substantial. Meticulous attention  
to experimental processes, from tissue harvest through to  
data generation, data quality control, data integration 
and data visualization, are necessary to draw meaningful 
inferences65. In addition, advances in analytical capabil-
ities such as machine learning are expected to push the 

boundaries for biologically relevant discoveries from 
modest sample sizes.

Urine proteomic risk predictors of CKD
Declining kidney function is typically assessed by a 
decline in GFR. However, although changes in GFR are 
sensitive to haemodynamic and glomerular changes, 
they do not reflect early tubular dysfunction and intersti-
tial damage. Therefore, on its own, GFR is an incomplete 
indicator of CKD66 and does not represent its underly-
ing pathophysiology, especially during the early stages 
of disease. Identification of injury signatures within 
the urine proteome has been proposed as an alterna-
tive approach to GFR for the identification of patients 
with early kidney dysfunction or injury. An advantage 
of urine proteomic datasets is that they can be linked 
to transcriptomic or other omics profiles from kidney 
biopsy samples to identify non-​invasive surrogates of 
signalling events in the kidney, which could be used 
for risk prediction67–69, patient stratification70 and target 
engagement34,71, as well as to predict kidney function 
decline.

Clinical settings have the potential to benefit hugely 
from non-​invasive biomarkers that can be used to mon-
itor disease progression and provide patients with indi-
vidualized prognoses. One study, for example, developed 
an integrated data-​driven approach to identify biomark-
ers of CKD progression in urine that would be predic-
tive of two key outcomes: decreased eGFR and kidney 
failure67. By integrating kidney biopsy transcriptome 
and urine protein data with baseline and longitudinal 
clinical follow-​up data, this study identified EGF (which 
encodes the protein EGF) in the kidney as one of a num-
ber of transcripts that correlated positively with eGFR at 
the time of biopsy in more than 250 patients; intrarenal 
EGF was also found to correlate with urine EGF (uEGF) 
in two cohorts. In addition, transcripts that correlated 
with eGFR declined over time and were found to con-
verge on pathways that resulted in a predicted decrease 
in the abundance of EGF protein in the kidney. As EGF 
mRNA was selectively expressed in the distal tubular 
epithelial cells and also correlated negatively with tubu-
lar atrophy and interstitial fibrosis among patients with 
nephrotic syndrome72, researchers addressed whether 
uEGF could predict loss of kidney filtration function 
over time. Collectively, these studies have shown that 
loss of kidney EGF expression as determined by the 
uEGF-​to-​creatinine ratio is associated with a high risk of 
disease progression72 across a wide spectrum of kidney 
diseases and cohorts73–76. These studies demonstrate the 
potential of integrative approaches to provide insights 
into disease mechanisms and outcomes.

A second example is provided by the integration of 
urine proteomics and clinical outcomes data to iden-
tify CKD273 as a urinary peptide classifier of CKD69. 
This classifier combines 273 urinary peptides that were 
identified using capillary electrophoresis coupled with 
mass spectrometry, and were found to be differen-
tially expressed in the urine of patients with CKD and 
healthy controls. This classifier was initially developed 
to aid early diagnosis of CKD77: a score generated from 
the 273 peptides was inversely correlated with kidney 
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function78 and an elevated CKD273 score was associ-
ated with progression78,79. Of interest, a majority of the 
peptide fragments in CKD273 are collagen fragments80, 
which is consistent with the role of fibrosis in CKD81. 
However, although CKD273 predicts eGFR decline69 
with high sensitivity, it does so with low specificity, 
which may limit its use in a biomarker stratification 
setting.

Linking structure to molecular function
Molecular markers of specific structural changes in 
kidney tissue can be defined by linking specific data 
features, for example, expression of a gene, microRNA, 
protein or metabolite, to existing clinical and pathol-
ogy data at the patient level. Following their identifi-
cation, the relevance of these molecular associates to 
clinical outcomes can then be assessed. For example, 
an analysis of the correlation between gene expression 
data from kidney biopsy samples and interstitial fibro-
sis and tubular atrophy scores from whole-​slide digi-
tal images from participants in the NEPTUNE cohort 
enabled the identification of genes that are associated 
with fibrosis, and therefore decline in kidney function72. 
Gene expression profiles that correlated with intersti-
tial fibrosis and tubular atrophy were then grouped 
together to elucidate biological pathways that lead to 
interstitial fibrosis72. From these pathways, therapeutic 
targets and molecular biomarkers of progression may 
be identified.

A similar approach was used to uncover molecular 
mechanisms that contribute to the long-​term progres-
sion of DKD. One study used compartment-​specific 
gene expression profiles derived from kidney biopsy 
samples from individuals with preclinical or early DKD 
to determine whether transcriptional profiles at the 
time of biopsy were predictive of disease progression11. 
A weighted gene co-​expression network analysis82 approach 
was used to group genes with similar expression pat-
terns into 11 co-​expression modules, which ranged in 
size from 129 to 2,378 gene transcripts that were pre-
sumed to be functionally related. Co-​expression mod-
ules were then independently correlated with careful 
morphometry of the cortical interstitial fractional 
volume (VvInt), albumin-​to-​creatinine ratio and uri-
nary iothalamate clearance at the time of biopsy. Four 
co-​expression modules were identified that significantly 
correlated with VvInt; two modules correlated posi-
tively and two correlated inversely. Pathway analysis of 
genes aggregated from the four co-​expression modules 
associated with Vvlnt showed that these modules also 
aggregated into inflammatory and fibrosis networks 
(genes positively correlated with VvInt) and metabolic 
networks (genes negatively correlated with VvInt). 
Importantly, the gene co-​expression modules most 
significantly associated with VvInt were not associated 
with albuminuria or GFR at the time of biopsy but 
were associated with DKD progression after 10 years of 
follow-​up, including loss of GFR and increased albu-
minuria. Thus, this approach identified not only early 
predictors of disease progression but also molecular 
pathways that are sequentially regulated during DKD 
progression.

Predicting response to therapy
The above-​described approaches provide an integrative 
view of disease models, pathways, networks and genes 
that are associated with development and progression 
of CKD. However, these approaches are not able to 
quantitatively compare the activation level of a specific 
pathway across patients or in a single patient over time 
— information that is necessary to predict the likelihood 
of response to a given therapy.

Identification of patients with a high likelihood 
of response to treatment could be achieved using a 
quantitative pathway score83 based on genes known to be 
co-​regulated; for example, genes regulated by common 
transcription factors or other regulatory elements that 
are targeted by an interventional drug84,85. Alternatively, 
quantitative pathway scores for transcriptional pro-
grammes within known cell types or identified using 
cell-​type-​deconvolution approaches could potentially 
be used to determine the contribution of specific cell 
types within heterogeneous bulk kidney tissue to disease 
outcomes in response to treatment.

As discussed earlier, quantitative scores of transcrip
tional signatures have been used to identify various sig
natures associated with kidney disease, including 
signatures of podocyte development that are reactivated  
in patients with glomerular disease54, signatures indica-
tive of immunometabolic pathway activation across rare 
kidney diseases86, an endothelial cell signature indica-
tive of response to steroids in patients with FSGS46 and 
evidence of increased JAK–STAT signalling in patients 
with FSGS39. Of interest, the quantitative transcriptional 
score of JAK–STAT pathway activation in some patients 
with FSGS was similar to that of patients with DKD39.  
As mentioned earlier, the benefit of JAK–STAT inhibi-
tion in patients with proteinuric DKD, as demonstrated 
by a phase II study of baricitinib34, suggests that oppor-
tunity exists to target this pathway in a subset of patients 
with FSGS, specifically those with active JAK–STAT 
signalling. The use of biomarkers to aid the identifica-
tion of patients with JAK–STAT pathway activation and 
FSGS will be key to assessing drug efficacy in this disease 
setting.

Machine learning to predict outcomes
One challenge in the analysis of omics data is the fact 
that sample sizes are often limited and, consequently, 
clinical outcome or rates of end-​point events within the 
cohorts are often low. These factors limit the ability to 
replicate findings in independent cohorts.

This limitation has been addressed with the use of 
a machine-​learning method called MultiPLIER87, which 
is an extension of the pathway-​level information extractor 
(PLIER): an algorithm that identifies transcriptional reg-
ulatory pathways88. The underlying hypothesis of PLIER 
is that sets of co-​regulated genes will be functionally 
related and therefore aggregate in biologically mean-
ingful networks or gene sets. Using a machine-​learning 
process, PLIER therefore learns gene co-​expression 
patterns in a dataset and collapses genes into patterns 
identified as latent variables. Using prior knowledge 
(for example: Gene Ontology89–93 or cell marker genes), 
some of the latent variables can be mapped to known 

Weighted gene 
co-​expression network 
analysis
A computational method of 
assessing global co-​expression 
of genes across a dataset 
resulting in distinct sets of 
co-​expression networks and 
modules.

Quantitative pathway score
An aggregate of individual 
pathway components in a 
single quantitative measure.

MultiPLIER
A bioinformatics approach to 
inferring pathway or cell-​type 
levels leveraging bulk tissue 
profiles across multiple 
datasets.

Pathway-​level information 
extractor
A bioinformatics method of 
inferring pathway or cell-​type 
levels from a bulk tissue profile.

Latent variables
Variables that are not directly 
measured but are inferred from 
a set of observations in a 
dataset.
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gene sets and can themselves be used to assess statis-
tical associations and reduce the multiple hypothesis 
testing penalty for large datasets. In MultiPLIER, latent 
variables identified through PLIER in each dataset are 
mapped across multiple tissues, datasets and conditions 
to determine whether latent variables generated across 
large datasets comprising tens of thousands of samples 
can be transferred to other, smaller datasets and to data 

types (for example, from RNA-​seq data to microarrays). 
Using this approach we demonstrated that latent varia-
bles identified from large compendiums of tissues and 
varied data types could more robustly explain biological 
processes associated with disease severity when applied 
to rare disease datasets than models trained only on the  
rare disease dataset. Given the abundance of large expres-
sion data repositories that already exist, approaches such 

Table 1 | Web-​based translational tools for data exploration in nephrology

Tool Data types Purpose Website

Nephroseq Transcriptomic profiles of biopsy samples from 
patients with kidney disease

Clinical metadata from patients including age, 
sex, UPCR , eGFR

Transcriptomic profiles of kidneys from model 
systems

Identifying disease-​related signatures

Correlation of gene expression with clinical 
features

nephroseq.org

NephQTL Compartment-​specific (glomeruli and 
tubulointerstitium) gene expression profiles 
from biopsy samples of 187 participants in the 
NEPTUNE cohort

Genotype frequency of SNPs in the NEPTUNE 
cohort

Compartment-​specific (glomerular and 
tubule) eQTL discovery

nephqtl.org

Human Kidney 
eQTL Atlas

Compartment-​specific (glomeruli and 
tubulointerstitium) gene expression profiles 
from biopsy samples of 151 participants linked 
to SNP data

Compartment-​specific (glomerular and 
tubule), as well as whole kidney eQTL 
discovery

susztaklab.com/eqtl

Nephrocell scRNA-​seq data from kidney biopsy samples 
and organoids

Cell-​selective gene marker identification http://nephrocell.miktmc.org/

Kidney interactive 
transcriptomics

Single-​cell and single nuclear RNA-​seq 
datasets from kidney biopsies, model systems, 
and organoids

Cell-​selective gene marker identification humphreyslab.com/SingleCell

Mouse Kidney 
Single Cell Atlas

Single-​cell RNA-​seq datasets from kidneys  
of mice

Cell-​selective gene marker identification susztaklab.com/sc

HumanBase Publicly available transcriptional data from 
Gene Expression Omnibus

Publicly available protein interaction data

Transcription factor binding preferences

Ontology terms from Gene Ontology ,  
Disease Ontology and BRENDA

Tissue-​specific gene network identification

Functional gene expression module 
identification

Tissue-​specific GWAS prioritization

Tissue-​specific gene expression predictions

https://hb.flatironinstitute.org/

Kidney Systems 
Biology Project

Transcriptomic, protein, Chip-​seq data from 
model systems and renal epithelial cells

Gene- and protein-​centred queries in 
kidney tissues, cells and segments

https://hpcwebapps.cit.nih. 
gov/ESBL/Database/

GUDMAP Developmentally associated profiles from 
in situ hybridization, immunohistochemistry , 
histology and RNA sequencing

Molecular atlas of gene expression for the 
developing organs of the GU tract

High-​resolution molecular anatomy that 
highlights development of the GU system 
in mice

Primary data access

gudmap.org

Rebuilding a 
Kidney Consortium

scRNA-​seq visualizations from kidney biopsy 
samples, model systems and organoids

Shared resources with GUDMAP

Lab protocols

Antibody validation

Cataloguing of iPSC lines

Coordinate studies and data relevant to 
nephron regeneration

Primary data access

rebuildingakidney.org

TransMART Pre-​packaged common bioinformatic 
algorithms

Framework established for user-​supplied data

Data sharing and standardization of 
bioinformatics analyses

transmartfoundation.org/

This Table contains some of the key web-​based tools for translational researchers in nephrology , but is not exhaustive. eGFR , estimated glomerular filtration rate; 
eQTL , expression quantitative trait locus; GU, genitourinary; GWAS, genome-​wide association studies; iPSC, induced pluripotent stem cells; scRNA-​seq, single-​cell 
RNA sequencing; SNP, single nucleotide polymorphism; UPCR , urine protein:creatinine ratio.
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as MultiPLIER can be applied to datasets to identify key 
features that are most significantly associated with an 
outcome, even in datasets of limited sample size.

Machine-​learning approaches have also been used 
to delineate lipidomic profiles associated with CKD 
outcomes94, for example, through application of a 
novel machine-​learning algorithm termed differential 
network-​based enrichment analysis (DNEA) to pub-
lished lipidomic profiles from two independent cohorts, 
the Clinical Phenotyping Resource and Biobank Core95 
and the Chronic Renal Insufficiency Cohort96. In that 
study, the researchers first performed DNEA of data 
from participants with early-​stage (stage 2–3; n = 79) 
or late-​stage (stage 3–4; n = 135) CKD from the Clinical 
Phenotyping Resource and Biobank Core. They then 
applied these findings to data from 200 participants in the 
Chronic Renal Insufficiency Cohort, 121 of whom did  
not experience progression of CKD and 79 of whom 
experienced progression to kidney failure over a mean 
follow-​up of 6 years. This analysis enabled identification 
of lipid network profiles associated with advanced CKD 
and demonstrated that alterations in triacylglycerols and 
cardiolipins/phosphatidylethanolamines preceded the 
development of kidney failure by several years.

The advantage of the DNEA approach is the lack 
of a priori constructed networks, which can introduce 
bias into analyses of standard pathway databases owing 
to incomplete understanding and characterization of 
metabolites and their presence in pathways. The inher-
ent disadvantage of this approach is that novel networks 
identified as being associated with disease require 
further mechanistic validation, which becomes diffi-
cult when the insights gained from such studies may 

not be immediately obvious. Importantly, both of the 
above-​described machine-​learning approaches involved 
computational integration of information across differ-
ent types of sample and different data types, despite a 
limited number of participants, highlighting the poten-
tial of this approach to study rare diseases and other 
small population groups. Additional machine-​learning 
approaches being used in kidney disease are described 
elsewhere97.

Online tools
In the past decade, a number of easy-​to-​navigate 
web-​based data exploration platforms have been devel-
oped that enable researchers to use a variety of bioin-
formatic approaches to generate molecular profiles, 
translate in vitro and in vivo laboratory findings, and 
assess the disease relevance of biological pathways, net-
works, potential targets and biomarkers without formal 
computational or bioinformatics training. Several key 
web-​based platforms specifically for nephrology enable 
exploration of differential RNA expression profiles98, 
eQTLs28,29, scRNA-​seq data profiles21,46,99, gene network 
interactions, gene and protein co-​expression, and func-
tional analyses in a tissue-​specific context100–102 (Table 1). 
In addition, platforms that facilitate data aggregation and 
visualization include the GenitoUrinary Development 
Molecular Anatomy Project (GUDMAP)103,104 and 
ReBuilding a Kidney Consortium105. The open-​source 
data warehouse and analysis platform, tranSMART106, 
which was originally developed in a public–private part-
nership, has now been adopted as a data exploration tool 
to enable researchers to share data in analysis-​ready 
formats across several cohort studies. Clinical and 

Table 2 | Consortia-​based sources of integrated datasets

Consortium Kidney-​related research 
focus

Website

Accelerating Medicines Partnership Lupus nephritis https://www.nih.gov/research-​training/ 
accelerating-​medicines-​partnership-​amp

BEAt DKD Diabetic kidney disease https://www.beat-​dkd.eu/

Chronic Renal Insufficiency Cohort Chronic kidney disease cristudy.org

Clinical Phenotyping Resource and 
Biobank Core

Chronic kidney disease https://kidneycenter.med.umich.edu/ 
clinical-​phenotyping-​resource-​biobank-​core

CureGN Glomerular disease curegn.org

European Renal cDNA Bank Chronic kidney disease https://www.ekfs.de/en/scientific-​funding/ 
currently-​funded-​projects/european-​ 
renale- cdna-​bank-​kroner-​fresenius-​ 
biopsiebank

GUDMAP Kidney development gudmap.org

Kidney Precision Medicine Project Diabetic kidney disease, 
chronic kidney disease

kpmp.org

Nephrotic Syndrome Study Network Focal segmental 
glomerulosclerosis, minimal 
change disease, membranous 
nephropathy

https://neptune-​study.org/

Preventing Early Renal Loss in Diabetes Diabetic kidney disease http://www.perl-​study.org/

ReBuilding A Kidney Nephron repair and regeneration rebuildingakidney.org

Transformative Research in Diabetic 
Kidney Disease

Diabetic kidney disease https://www.med.upenn.edu/trident/

This Table contains some of the key consortia using mutli-​scalar data integration approaches in nephrology , but is not exhaustive.
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Translational Science Award designation for institutions 
by the NIH has promoted team science in translational 
health research and promoted collaborative studies and 
consortia within and across academic institutions107, 
with a number of widely reported patient cohort studies 

generating integrated datasets (Table 2). The KPMP has 
been charged with developing data analysis, integration 
and outreach tools for a wide spectrum of stakeholders 
from patient participants to clinician scientists and drug 
developers.

Many of the analytical approaches described in 
this Review follow similar schema for presenting data 
online to those used by other web-​based resources. 
Data are standardized, integrated with available meta-
data, including gene or protein level information from 
standardized sources (for example, Entrez Gene, RefSeq, 
GenBank, Ensembl, UniProt and platform-​specific 
probes to gene definitions), and then organized into an 
ontology. Application-​specific automated pipelines that 
input data, standardize it and transform data to create 
analysis-​ready data and then perform the analyses to 
generate data visuals and outputs.

The power of open data
Open data are key to the use of web-​based tools for 
data exploration. The following is an example of how a 
web-​based search engine, Nephroseq, can allow inves-
tigators to link their specific knowledge and interests 
with existing large-​scale datasets to formulate and test 
hypotheses. Nephroseq (Table 1) is a web-​based data-
base that combines a number of publicly available kid-
ney gene expression profiles with analytical tools for data 
mining and visualization of gene expression data. The 
platform is capable of creating differential expression 
profiles from two different analyses and performing a 
meta-​analysis using the different differential expression 
profiles either within or across datasets. Thus, for exam-
ple, a meta-​analysis of genes identified as being differ-
entially expressed between glomerular samples from 
patients with CKD of different underlying pathological 
conditions and healthy living donor tissue, showed that 
these diseases share many common molecular signals, 
in terms of both over- and underexpressed genes. The 
strikingly similar expression profile across the compari-
sons can be visualized using heatmaps, across all analy-
ses (Fig. 2). To gain functional insight into the networks 
or mechanisms represented by these differential expres-
sion profiles, the top genes that are either overexpressed 
or underexpressed in the CKD samples can be analysed 
for tissue-​specific interactions using HumanBase — a 
database that provides predictions about the expres-
sion, function, regulation and interactions of human 
gene sets. In this example, this analysis reveals that the 
overexpressed genes are associated with molecular pro-
cesses involved in inflammatory and immune networks 
whereas the underexpressed genes correspond to met-
abolic processes that are perturbed across CKD (Fig. 2).
This dichotomy of immune activation and metabolic 
suppression is consistent with earlier integration stud-
ies in CKD30,42,98 and DKD, but with open data, trans-
lational researchers can now perform gene-​level and 
network-​level surveys to refine hypotheses in a matter 
of hours.

Although the above example illustrates the power  
of data sharing, privacy protection of de-​identified human 
data is paramount, particularly in the age of genome and 
RNA sequencing, where re-​identification of patients  
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Underexpressed genes
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1 2 3 4 5 6 7 8

1 2 3 4 5 6 7 8

Top 100
genes

Immune
proliferation
and activation

Regulation of
body fluid levels

Response to
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NF-κB
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cycle
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and mRNA
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Fig. 2 | Interrogation of public databases to provide insights into disease pathways. 
Interrogation of differentially regulated genes in chronic kidney disease using Nephroseq 
reveals inflammatory and metabolic mechanisms associated with disease. Meta-​analyses 
generated in Nephroseq were used to compare the gene expression profiles of glomeruli 
from patients with eight different types of kidney disease (1–8 corresponding to arterial 
hypertensive nephropathy , diabetic kidney disease, focal segmental glomerulosclerosis, 
IgA nephropathy , lupus nephritis, membranous nephropathy , minimal change disease 
and vasculitis) with the profiles of glomeruli from healthy living kidney donors. Genes that 
were overexpressed or underexpressed in samples from patients with kidney disease can 
be ranked across the eight analyses. By querying the top 100 median overexpressed  
and underexpressed genes in HumanBase using a kidney tissue filter, biological modules 
enriched in each of the gene sets can be identified. In this example, this approach reveals 
that the overexpressed genes are associated with molecular processes involved in 
inflammatory and immune networks whereas the underexpressed genes correspond to 
metabolic processes that are perturbed across chronic kidney disease.
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is a real ethical and legal concern for researchers108–110. 
As demonstrated several years ago111, de-​identified 
individuals can be rapidly identified by interrogation 
of genomic and other publicly available data. Clear 
guidelines around data sharing and protection are 
one approach to addressing this issue112; another is the 
use of simulated data113,114, which uses artificially con-
structed data modelled on experimental assumptions 
to test hypotheses. Simulated data have a clear advan-
tage in terms of patient confidentiality. Mechanisms 
identified through simulated data approaches can be 
validated in model systems, in mechanistic studies and 
in targeted assays using biopsy samples from patients, 
while avoiding many of the potential pitfalls regard-
ing re-​identification of individuals from their genome 
sequence.

Finally, privacy protection might be aided by the use 
of federated databases, which could enable large-​scale 
data integration studies to be performed by mounting 
algorithms remotely on diverse datasets, while individual 
datasets are kept in their protected environments. This 
approach involves bringing the algorithm to the data 
rather than bringing the data to the algorithm, and is 
currently being explored by several EU kidney and dia-
betes research networks, including Biomarker Enterprise 
to Attack Diabetic Kidney Disease (BEAt-​DKD; www.
beat-​dkd.eu), and the Innovative Medicines Initiative 
Rhapsody (www.imi-​rhapsody.eu).

Conclusions and outlook
As described in this Review, data integration approaches 
are key in characterizing the molecular heterogeneity 
in kidney disease that is not captured by pathological 
and clinical disease classification. As omics data become 
increasingly available across patient cohorts, aligning 
known and novel molecular definitions of disease using 
different technologies and platforms will be central to 
deciphering relevant disease- and outcome-​associated 
biology. For instance, integration techniques that allow 
not only integration of two data domains (such as 

single-​cell and bulk transcriptomic data) but also simul-
taneous integration of clinical data, metabolomic, histo-
pathology and transcriptomic data, are needed to fully 
gain insights into disease processes. Approaches such 
as similarity network fusion115 and multi-​omics factor 
analysis116 have been successfully used to integrate data 
types across domains (for example, transcriptomics, 
methylomics and proteomics) and platforms in other 
disease areas, and can help to provide a unified view of 
the disease. Although these approaches provide a snap-
shot of the disease processes, the ability to demonstrate 
causal effects of molecular pathways is not always possi-
ble when large datasets are assessed in isolation. In addi-
tion, caution must be taken to limit false discoveries that 
can be generated from integrative ‘big data’ approaches. 
Although the use of appropriate statistics certainly has 
a role in identifying and correcting false discoveries26, 
integrating patient-​derived datasets with experimen-
tal model systems can demonstrate the causality of 
disease-​associated findings38,117,118. Moreover, questions 
relating to the causality of genes identified in genome 
association-​wide studies can be addressed by comparing 
those target genes with the transcriptional profiles of cell 
lines following their perturbation with specific stressors, 
as described in the Connectivity Map (clue.io84,85) and 
in the LINCS consortium (lincsproject.org119) databases. 
Such integrative approaches are beginning to address 
one of the main shortcomings in this area.

As nephrology begins to move towards a precision 
medicine approach in which diseases are classified into 
molecularly defined groups, clinical trials will be able to 
leverage these technologies to target a more molecularly 
homogeneous population in whom to validate targeted 
therapeutics. The ultimate goal of these efforts will be to 
define accurate functional and molecular classification 
disease processes in clinical care that can improve diag-
nosis, prognosis and precision treatment by targeting the 
right patient with the right drug.

Published online 18 May 2020

Federated databases
Database management 
systems in which data can be 
securely stored while allowing 
users and applications to 
access the data through 
plugins.
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