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Abstract
Background

Chronic kidney disease (CKD) is a major complication of type 2 diabetes (T2D), but the circulating
protein state that precedes clinically recognised CKD remains incompletely defined. We aimed to
determine whether baseline plasma proteomics identifies a biologically interpretable prediagnostic
protein signature and improves risk stratification for incident CKD in adults with T2D who were CKD-free
at baseline.

Methods

We analyzed 1,715 adults with type 2 diabetes who were free of chronic kidney disease at baseline and
had plasma proteomic profiling in the UK Biobank Pharma Proteomics Project. During a median 14.6-
year follow-up, Cox models evaluated 2,920 baseline plasma proteins for incident chronic kidney
disease. Baseline protein patterns were compared across future chronic kidney disease timing groups.
Functional enrichment and protein–protein interaction network analyses characterised biological
pathways. For prediction modelling, training-set Cox screening and least absolute shrinkage and
selection operator regression selected candidate proteins for Cox models as selected proteins or a
protein risk score. Exploratory Mendelian randomisation, colocalisation and translational annotation
prioritised candidate proteins. The National Health and Nutrition Examination Survey and the broader UK
Biobank cohort were used to contextualize the population burden and cardiorenal-metabolic relevance of
chronic kidney disease in type 2 diabetes.

Results

During follow-up, 262 participants developed incident chronic kidney disease, and 449 proteins were
associated with chronic kidney disease risk after false discovery rate correction. Chronic kidney disease-
associated proteins showed graded baseline abundance patterns by future chronic kidney disease
timing and were enriched in immune activation, receptor signalling, cytokine-related and extracellular
matrix pathways, with network hubs including TNF, EGFR and IL10. Adding selected proteins or a protein
risk score to clinical variables improved the C-index from 0.715 to 0.732 and 0.741, respectively.
Exploratory prioritisation integrated association, prediction, genetic and translational evidence.

Conclusions

Baseline plasma proteomics captured a biologically organized prediagnostic chronic kidney disease risk
state within the cardiorenal-metabolic context of type 2 diabetes. These findings support further
evaluation of plasma proteomics for earlier CKD risk refinement in adults with T2D before clinically
recognised CKD.

Research Insights
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What is already known about this subject? 

CKD risk remains heterogeneous among adults with type 2 diabetes. 

Whether plasma proteomics captures a prediagnostic CKD state remains unclear.

What is the key research question?

Can baseline plasma proteomics identify a biologically interpretable prediagnostic signature and
improve risk stratification for incident CKD in adults with type 2 diabetes who are CKD-free at
baseline? 

What is new?

Among 1,715 chronic kidney disease-free adults with type 2 diabetes, 449 plasma proteins were
associated with incident chronic kidney disease. 

These proteins showed graded baseline abundance by future chronic kidney disease timing,
including CKD occurring more than 10 years later.

The signature implicated immune, receptor signalling and extracellular matrix pathways, improved
risk stratification beyond clinical variables and supported exploratory candidate protein
prioritisation.

How might this study influence clinical practice? 

After external validation, a prediagnostic plasma protein profile may help identify adults with type 2
diabetes who warrant closer kidney surveillance before chronic kidney disease is clinically
recognised.

Introduction
Type 2 diabetes is a major driver of chronic kidney disease (CKD), but kidney disease progression among
adults with T2D is clinically heterogeneous. Some individuals remain free of clinically recognised CKD
for many years, whereas others develop CKD despite apparently similar baseline clinical profiles.
Although estimated glomerular filtration rate(eGFR) and urinary albumin-to-creatinine ratio(UACR) are
essential for CKD detection and staging, they may not fully capture earlier systemic biological activity
that precedes clinically recognised CKD [1]. Although eGFR and UACR are central to CKD detection and
staging, they may not fully capture biological activity that precedes clinically recognised CKD. This gap is
clinically important because type 2 diabetes-related CKD represents both a substantial prevalent burden
and a long-term risk state, motivating approaches that can identify biologically high-risk patients before
overt CKD develops.

Plasma proteins may reflect biological processes involved in diabetic kidney disease (DKD), including
immune activation, vascular injury, extracellular matrix remodelling and cardiorenal dysfunction [2].
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Population-scale proteomic studies have shown that selected protein signatures can improve disease
prediction beyond routine clinical information [3]. In people with diabetes, protein risk scores have
improved incident CKD prediction when added to clinical models [4]. However, improved prediction alone
does not establish whether CKD-free adults with type 2 diabetes already carry a biologically organised
prediagnostic protein state. It also remains unclear whether such a state varies according to future CKD
timing, or whether it maps to pathways and candidate proteins relevant to mechanistic and translational
follow-up.

We therefore first quantified CKD burden among adults with type 2 diabetes in the National Health and
Nutrition Examination Survey (NHANES) and estimated type 2 diabetes -associated incident CKD risk in
the broader UK Biobank cohort to frame the clinical need. We then investigated whether baseline plasma
proteomics could identify a biologically interpretable prediagnostic signature of incident CKD in adults
with type 2 diabetes who were free of CKD at baseline. We further examined whether this signature was
related to future CKD timing, pathway enrichment, protein-protein interaction network hubs, model-based
risk stratification, and exploratory genetic and translational protein prioritisation.

RESEARCH DESIGN AND METHODS

Study Population
UK Biobank was used for the prospective and proteomic analyses. UK Biobank is a population-based
prospective cohort that enrolled more than 500,000 participants between 2006 and 2010, with baseline
assessment and follow-up through linked health records [5]. Because UK Biobank is a volunteer cohort,
its participants may not be fully representative of all adults with type 2 diabetes in the general
population. Type 2 diabetes was identified using the Eastwood et al. algorithm, which incorporates
diabetes diagnosis, diabetes type, medication use, and related clinical information [6]. For the
prospective analysis, eligible participants were free of CKD at baseline and had defined type 2 diabetes
status. For the proteomic analysis, the cohort was further restricted to participants with type 2 diabetes,
available baseline plasma proteomic data, no CKD at baseline, and ascertainable CKD follow-up. The
final proteomic cohort included 1,715 participants and was randomly divided into a training set of 1,372
participants and an independent test set of 343 participants for prediction modelling (Supplementary
Figure S1).

NHANES 2011–2018 was used to estimate CKD burden among adults with type 2 diabetes. Adult mobile
examination center participants were included if they had sufficient information to define type 2 diabetes
and CKD status. Type 2 diabetes was defined by self-reported physician-diagnosed diabetes, current
insulin or glucose-lowering medication use, or glycated haemoglobin (HbA1c) ≥ 48 mmol/mol (6.5%) [7].
Pregnant participants and those likely to have type 1 diabetes were excluded. An 8-year examination
weight was constructed for the combined survey cycles according to NHANES analytic guidance.
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Ascertainment of CKD
In NHANES, eGFR was calculated from serum creatinine using the 2021 CKD-EPI creatinine equation [8].
Prevalent CKD was defined as eGFR < 60 mL/min/1.73 m² or UACR ≥ 30 mg/g [1].

In UK Biobank, baseline CKD was defined by eGFR < 60 mL/min/1.73 m², UACR ≥ 30 mg/g, prior CKD
records, or insufficient information to exclude CKD at baseline. Participants with baseline CKD were
excluded. Incident CKD after baseline was ascertained through linked hospital inpatient records and
death registers using International Classification of Diseases, 10th Revision (ICD-10) codes N18, N18.1,
N18.2, N18.3, N18.4, N18.5, and N18.9.

Measurements of Plasma Proteins
Plasma proteomic data were obtained from the UK Biobank Pharma Proteomics Project [2]. Protein
abundance was measured using the Olink Explore 3072 platform and reported as normalized protein
expression values. The platform quantified 2,941 protein analytes representing 2,923 unique proteins.
After excluding proteins with > 30% missingness in the proteomic cohort, 2,920 proteins remained for
proteome-wide Cox screening. Proteins were annotated using gene symbols.

Covariates
Baseline covariates were obtained from questionnaires, physical measurements, laboratory assays, and
linked health records. Covariates included age at recruitment, sex, body mass index (BMI), systolic blood
pressure, HbA1c, high-density lipoprotein (HDL) cholesterol, low-density lipoprotein (LDL) cholesterol,
triglycerides, total cholesterol, Townsend deprivation index, smoking status, alcohol intake, eGFR, UACR,
and age at first diagnosis of diabetes. Sex was recorded in UK Biobank and NHANES and included as a
covariate where applicable. Race or ethnicity information was used for description or adjustment when
available and was interpreted as a social rather than biological construct.

Statistical Analysis
Continuous variables were summarised as mean ± SD or median (interquartile range), and categorical
variables as n (%). NHANES analyses incorporated examination weights, strata, and primary sampling
units to account for the complex survey design. Weighted CKD prevalence and 95% CIs were estimated
among adults with type 2 diabetes, with sensitivity analyses using alternative CKD definitions and
missing-data handling approaches (Supplementary Tables S1–S3).

In the UK Biobank prospective analysis, Cox proportional hazards models estimated incident CKD risk
associated with type 2 diabetes among participants free of CKD at baseline. Follow-up time was used as
the time scale. The unadjusted model estimated this association without covariate adjustment. The age-
and sex-adjusted model additionally included age and sex. The multivariable-adjusted model further
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adjusted for body mass index, smoking status, alcohol intake, Townsend deprivation index, systolic
blood pressure, total cholesterol, HDL cholesterol, and triglycerides. The kidney-adjusted model
additionally included eGFR and UACR. Sensitivity analyses included stricter baseline CKD exclusion
criteria, lag analyses excluding early CKD events, complete-case analyses, and same-sample model
comparisons.

Among UK Biobank participants with type 2 diabetes and no CKD at baseline, each protein was tested
separately using Cox proportional hazards regression. Model 0 included the protein only. Model 1
adjusted for age and sex. Model 2 further adjusted for eGFR, UACR, BMI, systolic blood pressure, alcohol
intake, smoking status, Townsend deprivation index, triglycerides, LDL cholesterol, HDL cholesterol,
HbA1c, and total cholesterol. Hazard ratios were reported per 1-SD higher protein abundance. Multiple
testing was controlled using the Benjamini-Hochberg false discovery rate and Bonferroni correction.
Proteins with FDR-adjusted P < 0.05 in Model 2 were carried forward for biological analyses.

Baseline protein abundances were summarised across three future CKD groups: no incident CKD,
incident CKD after > 10 years, and incident CKD within ≤ 10 years. Functional enrichment analyses tested
Gene Ontology (GO) terms and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways using FDR-
significant proteins against the background of all 2,920 screened proteins. Protein–protein interaction
analysis was performed using the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING)
in Homo sapiens, restricted to high-confidence interactions with a combined score ≥ 0.700 [9].

To prevent data leakage, all feature selection for prediction modelling was performed exclusively within
the training set, separate from the full-cohort proteome-wide discovery analysis. The clinical model was
based on a SCORE2-Diabetes–derived variable set [10]. The original SCORE2-Diabetes equation was not
applied, and model coefficients were re-estimated for incident CKD. Proteins associated with incident
CKD in training-set Cox screening at FDR-adjusted P < 0.05 were retained as candidate protein
predictors. The least absolute shrinkage and selection operator (LASSO) regression with fivefold cross-
validation was applied to the standardised candidate proteins in the training set using incident CKD
status as the binary outcome, to further select protein predictors and derive protein weights. The
selected protein set and LASSO-derived weights were applied unchanged to the independent test set.

The protein risk score was calculated as: where  is the PRS for

participant ,  denotes the number of selected proteins,  is LASSO-derived coefficient for protein

and  is the standardised abundance of protein  in participant . Positive coefficients indicated
higher predicted CKD risk, whereas negative coefficients indicated lower predicted risk.

Four Cox-based prediction models were fitted in the training set and evaluated in the same independent
test set: the clinical model, the clinical plus selected-proteins model, the clinical plus PRS model, and the
protein-only model. Incremental predictive value was assessed using ΔC-index, net reclassification
improvement (NRI), and integrated discrimination improvement (IDI), with the clinical model as the

PRSk = ∑
p

j=1
β jZkj PRSk

k p β j

j , Zkj j k
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reference. Model discrimination was assessed using Harrell’s C-index, time-dependent AUC curves, and
fixed-time-window ROC analyses across different prediction horizons.

For exploratory risk stratification, 10-year predicted risk was calculated for each model in the
independent test set. Data-derived cutoffs were identified using X-tile to categorise participants into low-
risk and high-risk groups. Kaplan-Meier curves were used to visualise CKD-free survival, and log-rank
tests and univariable Cox models were used to compare groups. Because the cutoffs were derived within
the test set, these analyses were considered exploratory and were not used as primary evidence of
model performance. Prediction-model sensitivity analyses included repeated random training-test splits,
complete-case analysis, 2-year lag analysis, Bonferroni-threshold feature selection, bootstrap internal
validation, and calibration assessment.

For genetic and translational follow-up, the 59 LASSO-selected proteins were intersected with the 449
FDR-significant proteins from the full-cohort Cox analysis, yielding 53 overlapping proteins for Mendelian
randomisation, colocalisation, and translational annotation. Protein quantitative trait loci (pQTLs) were
obtained from the deCODE plasma proteome study, which measured 4,907 aptamers in 35,559
Icelanders [11]. Olink proteins were mapped to deCODE protein targets by gene symbol, with UniProt
identifiers used for confirmation when available. Candidate pQTL instruments were selected using P < 1
×  and F-statistic > 10; and independent instruments were retained by linkage disequilibrium
clumping.

Outcome summary statistics for CKD in type 2 diabetes were obtained from a published genome-wide
association study [12]. European-ancestry outcome summary statistics were prioritised when available.
Exposure and outcome data were harmonized, and inverse-variance weighted Mendelian randomisation
was used as the primary method when multiple instruments were available. Weighted median, MR-Egger,
heterogeneity tests, MR-Egger intercept testing, single-SNP analysis, and leave-one-out analyses were
performed when applicable. Cis-pQTL and colocalisation analyses used variants within ± 1 Mb of the
corresponding protein-coding gene, and PP.H4 was used to summarise evidence for a shared causal
variant. GREP ICD and ATC annotation outputs were used to summarise disease, drug, and cardiorenal or
metabolic annotation support. These genetic and translational analyses were exploratory.

All statistical tests were two-sided, and P < 0.05 was considered statistically significant unless otherwise
specified. Statistical analyses were performed using R (version 4.5.2) and Python (version 3.12.13).

RESULTS

Population-level CKD burden and Type 2 diabetes-
associated incident CKD risk
We quantified CKD burden among adults with type 2 diabetes in NHANES 2011–2018 and assessed the
prospective association between type 2 diabetes and incident CKD in the broader UK Biobank cohort

10−5
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(Fig. 1A–C). In NHANES, 3,621 adults with type 2 diabetes and complete survey-design information were
included, of whom 1,380 had CKD. The weighted CKD prevalence was 34.70% (95% CI, 32.46%–37.00%)
(Supplementary Tables S1–S3).

In UK Biobank, the prospective analysis included 445,242 participants free of CKD at baseline, among
whom 23,976 developed incident CKD during follow-up. Type 2 diabetes was associated with higher
incident CKD risk in the unadjusted model (HR, 4.71; 95% CI, 4.56–4.86), after adjustment for age and
sex (HR, 3.60; 95% CI, 3.48–3.72), the multivariable-adjusted model (HR, 2.07; 95% CI, 2.00–2.15), and
the kidney-adjusted model (HR, 2.23; 95% CI, 2.15–2.31) (Supplementary Tables S4–S5).

Baseline characteristics of the CKD-free Type 2 diabetes proteomic
cohort
A total of 1,715 participants with type 2 diabetes, baseline plasma proteomic data, and no CKD at
baseline were included in the incident CKD analysis (Table 1). During a median follow-up of 14.6 years
(interquartile range, 11.4–15.5 years), 262 participants (15.3%) developed incident CKD and 1,453 did
not develop CKD. Compared with participants who remained CKD-free, those who developed incident
CKD were older and had higher BMI, HbA1c, and UACR levels, but lower baseline eGFR, LDL-C, and total
cholesterol levels (Table 1; Supplementary Table S6).
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Table 1
Baseline characteristics of the participants (n = 1715)

Characteristic Total Without incident
CKD

With incident
CKD

P-valuea

Participants (%) 1715 (100.0) 1453 (84.7) 262 (15.3)  

Sex, n (%)       1.000

Male 1065 (62.1) 902 (62.1) 163 (62.2)  

Female 650 (37.9) 551 (37.9) 99 (37.8)  

Age, years 60.1 ± 7.0 59.7 ± 7.1 62.2 ± 5.9 < 0.001

BMI(kg/m2) 31.3 ± 5.9 31.1 ± 5.8 32.5 ± 6.0 < 0.001

SBP(mmHg) 142.7 ± 17.9 142.6 ± 17.6 142.9 ± 19.1 0.826

Townsend deprivation
index

-0.2 ± 3.5 -0.3 ± 3.5 0.1 ± 3.6 0.057

Smoking state, n (%)       0.241

Current 196 (11.4) 160 (11.0) 36 (13.7)  

No current 1519 (88.6) 1293 (89.0) 226 (86.3)  

Alcohol consumption, n (%)       0.625

Current 1422 (82.9) 1208 (83.1) 214 (81.7)  

No current 293 (17.1) 245 (16.9) 48 (18.3)  

HbA1c (mmol/mol) 51.5 ± 13.4 51.2 ± 13.4 53.2 ± 13.0 0.025

HDL-C(mmol/L) 1.2 ± 0.3 1.2 ± 0.3 1.2 ± 0.3 0.045

LDL-C(mmol/L) 2.7 ± 0.8 2.7 ± 0.8 2.5 ± 0.7 < 0.001

TG (mmol/L) 2.1 ± 1.1 2.0 ± 1.1 2.2 ± 1.3 0.051

TC (mmol/L) 4.4 ± 1.0 4.5 ± 1.0 4.3 ± 0.9 < 0.001

eGFR (mL/min/1.73 m2) 94.3 ± 12.7 96.0 ± 11.6 84.7 ± 14.5 < 0.001

UACR (mg/g) 12.3 ± 6.9 11.9 ± 6.7 13.8 ± 7.3 0.005

Values are mean ± SD for continuous variables and n (%) for categorical variables.

a P values were calculated using Welch’s t test for continuous variables and chi-square test for
categorical variables.
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Prediagnostic plasma protein signature associated with
incident CKD in CKD-free adults with type 2 diabetes
Among 2,920 plasma proteins, 449 were associated with incident CKD after FDR correction, including
413 positively and 36 inversely associated proteins (Fig. 1D; Supplementary Tables S7–S8). Of these,
162 also met the Bonferroni threshold.

The strongest positive associations were observed for WFDC2 (HR per 1-SD increment, 1.90; 95% CI,
1.65–2.17; FDR P = 4.82 × 10⁻¹⁹), IGFBP4 (HR, 1.73; 95% CI, 1.51–1.97; FDR P = 1.41 × 10⁻¹⁴), COL6A3
(HR, 1.75; 95% CI, 1.52–2.01; FDR P = 9.58 × 10⁻¹⁴), PGF (HR, 1.46; 95% CI, 1.32–1.60; FDR P = 5.62 ×
10⁻¹³), and PIK3IP1 (HR, 1.68; 95% CI, 1.47–1.93; FDR P = 1.87 × 10⁻¹²). The strongest inverse
associations included TCL1A (HR, 0.75; 95% CI, 0.66–0.85; FDR P = 9.77 × 10⁻⁵), AFM (HR, 0.77; 95% CI,
0.68–0.88; FDR P = 1.18 × 10⁻³), XPNPEP2 (HR, 0.78; 95% CI, 0.68–0.88; FDR P = 1.44 × 10⁻³), NELL1 (HR,
0.79; 95% CI, 0.70–0.89; FDR P = 2.35 × 10⁻³), and NPHS1 (HR, 0.77; 95% CI, 0.68–0.88; FDR P = 2.35 ×
10⁻³).

Prediagnostic proteins showed graded patterns according
to future CKD timing
Participants were grouped according to future CKD timing: no incident CKD during follow-up (n = 1,453),
incident CKD after > 10 years (n = 109), or incident CKD within ≤ 10 years (n = 153) (Fig. 1E). The top
positively and inversely associated proteins exhibited corresponding graded abundance trends across
these groups (Supplementary Tables S9–S10).

Functional enrichment and protein interaction patterns of
CKD-associated proteins
Functional enrichment analysis of the 449 FDR-significant proteins linked the prediagnostic signature to
receptor-related molecular functions, extracellular matrix structural constituent terms, and cytokine–
cytokine receptor interaction pathways (Fig. 1F; Supplementary Table S11). Additional enriched terms
included extracellular matrix, cell surface, positive regulation of cell activation, positive regulation of
leukocyte activation, cell–cell adhesion, and ossification. High-confidence STRING protein–protein
interaction analysis identified interconnected modules annotated as TNF inflammatory signalling,
adaptive immune activation, innate immune signalling, IL10 cytokine regulation, extracellular matrix
remodelling, and EGFR or tissue remodelling (Fig. 1G; Supplementary Tables S12–S13). Hub proteins
included TNF, EGFR and IL10.

Protein-informed prediction models for incident CKD
Feature selection in the training set yielded 59 selected proteins (Supplementary Table S14). In the
independent test set, protein-informed models showed higher discrimination than the clinical
comparator (Fig. 2A). The C-index was 0.715 for the clinical model, 0.732 for the clinical plus selected-
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proteins model, 0.741 for the clinical plus PRS model, and 0.722 for the protein-only model. Compared
with the clinical comparator, the protein-informed models showed positive ΔC-index values and
numerically higher NRI and IDI estimates (Supplementary Table S15).

Time-dependent AUC analyses showed higher discrimination for protein-informed models across follow-
up, with similar patterns in fixed 10-year and > 10-year prediction analyses (Fig. 2B–D; Supplementary
Table S15). For exploratory visualisation of risk separation, participants in the test set were categorised
into low-risk and high-risk groups using data-derived X-tile cutoffs based on predicted 10-year risk.
Kaplan-Meier curves showed separation of CKD-free survival between groups across models, with higher
predicted-risk groups showing greater incident CKD risk (Fig. 2E; Supplementary Table S16). Because the
cutoffs were derived within the test set, these risk-stratification analyses were interpreted as exploratory.

Across repeated train-test splits and bootstrap internal validation, protein-informed models generally
showed higher discrimination than the clinical model. Repeated split, bootstrap, and calibration analyses
generally supported the main model comparison, whereas complete-case, 2-year lag, and Bonferroni-
threshold analyses were interpreted cautiously because of smaller samples, fewer events, or model
instability (Supplementary Table S15).

Exploratory genetic and translational prioritisation
To prioritise proteins supported by both full-cohort association evidence and training-set model
selection, the 449 FDR-significant proteins from the full-cohort Cox analysis were intersected with the 59
proteins selected during training-set model development. This yielded 53 overlapping proteins for
exploratory Mendelian randomisation, colocalisation, and translational annotation analyses (Fig. 3A;
Supplementary Table S17).

MR analyses identified FDR-supported associations for CLEC7A (OR, 1.28; 95% CI, 1.10–1.49; FDR P = 
0.042) and NPPB (OR, 0.76; 95% CI, 0.65–0.90; FDR P = 0.042). Follow-up cis-pQTL colocalisation did not
provide strong evidence for shared causal variants. Disease and drug-target annotation showed limited
coverage overall but highlighted REN, NPPB, and TNFSF11 as proteins with cardiorenal or therapeutic
relevance (Supplementary Table S17). These analyses were exploratory.

Discussion
The principal finding of this study is that baseline plasma proteomic profiling identified a broad and
biologically interpretable prediagnostic protein signature associated with future incident CKD in adults
with type 2 diabetes who were free of CKD at baseline. Population-level analyses contextualised this
clinical need: approximately one-third of adults with type 2 diabetes in NHANES had CKD, and type 2
diabetes remained associated with a more than twofold higher risk of incident CKD in the broader UK
Biobank cohort after multivariable adjustment. The strongest positive and inverse signals also showed
graded baseline abundance patterns according to future CKD timing. These timing-related patterns
suggest that baseline proteomic perturbation was not limited to participants who developed CKD shortly
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after baseline, but was also detectable, although less prominently, among those who developed CKD
more than 10 years later. These findings support the central premise of this study that adults with type 2
diabetes may already exhibit a systemic plasma protein risk state before CKD is clinically recognised.

Existing proteomic studies have shown that circulating proteins can improve CKD prediction in people
with diabetes and have highlighted inflammatory proteins in advanced DKD [4, 13]. The contribution of
the present study is not simply to show another protein-based prediction gain. Rather, by focusing on
CKD-free adults with type 2 diabetes, mapping baseline protein gradients by future CKD timing,
integrating pathway enrichment and protein-protein interaction network hubs, and incorporating
exploratory genetic and translational prioritisation, this analysis connects risk stratification with
biological interpretation and protein prioritisation before CKD becomes clinically recognised.

Several proteins most strongly associated with higher CKD risk linked this prediagnostic state to
plausible mechanisms involving tubular stress, extracellular matrix remodelling, and immune activation.
WFDC2, which encodes human epididymis protein 4 (HE4), showed the strongest positive association in
our analysis. This finding is biologically plausible because HE4 is upregulated in fibrotic kidneys and has
been shown to inhibit protease-mediated collagen degradation, thereby linking WFDC2 to extracellular
matrix accumulation and renal fibrosis [14]. In type 2 diabetes, circulating profibrotic proteins, including
WFDC2, have also been associated with early progressive renal decline among individuals with and
without albuminuria, supporting its relevance to diabetes-related kidney risk [15]. COL6A3 further
connects the CKD-associated proteomic signature to extracellular matrix turnover through the collagen
VI and endotrophin pathway. Endotrophin is a collagen VI–derived matrikine implicated in
fibroinflammatory remodelling, and urinary endotrophin has been reported to predict CKD progression
[16]. IGFBP4 supports a complementary role in immune and complement activation, as well as podocyte
injury, because recent DKD evidence suggests that IGFBP2 and IGFBP4 can activate complement
signalling in macrophages and promote podocyte apoptosis [17]. Together, the elevation of WFDC2,
COL6A3, and IGFBP4 suggests that the prediagnostic CKD risk state in type 2 diabetes may involve
converging processes of tubular injury, matrix remodelling, and immune-complement pathways.

The proteins associated with lower CKD risk may offer a complementary view of kidney integrity and
systemic protection. NPHS1 encodes nephrin, a key component of the podocyte slit diaphragm and
glomerular filtration barrier; urinary nephrin has been studied as a biomarker of podocyte injury and early
diabetic nephropathy [18]. However, because our study measured plasma rather than urinary or kidney
tissue NPHS1, the inverse association should be interpreted cautiously. Lower circulating NPHS1 should
not be equated with urinary nephrin shedding or kidney tissue nephrin depletion. One possibility is that
circulating NPHS1 reflects podocyte-associated protein turnover or reserve, although this interpretation
remains speculative and requires validation using paired plasma, urine, and kidney tissue
measurements. AFM also deserves attention among the inverse signals. Higher serum afamin
concentrations have recently been associated with higher eGFR, less albuminuria, and lower future
kidney failure risk in a CKD cohort [19]. In our study, the inverse association between AFM and incident
CKD is consistent with the possibility that lower AFM abundance may mark loss of a favourable
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systemic or renal risk profile. These inverse signals suggest that CKD risk stratification may depend not
only on the accumulation of injury-associated proteins but also on reduced abundance of proteins
related to kidney integrity or systemic protection.

Plasma proteomic information also provided incremental value for model-based CKD risk stratification
beyond clinical variables. The C-index was 0.715 for the clinical model, 0.732 for the clinical plus
selected-proteins model, and 0.741 for the clinical plus protein-risk-score model; the protein-only model
showed comparable discrimination, with a C-index of 0.722. These findings suggest that plasma
proteins captured risk information not fully represented by routine clinical variables. Therefore, the
clinically relevant interpretation is the incremental value of adding protein information to clinical
variables, especially through a streamlined protein risk score model, rather than replacing established
clinical assessment. Further calibration assessment and external validation are needed before clinical
implementation.

The potential clinical role of plasma proteomics is risk refinement rather than replacement of eGFR or
UACR, which remain central to CKD detection, staging, and monitoring [1]. The CKD burden observed in
NHANES and the elevated incident CKD risk associated with type 2 diabetes in UK Biobank highlight the
need for earlier and more individualized risk assessment. Protein profiling may help identify adults with
type 2 diabetes whose biological risk appears higher than suggested by routine clinical variables alone.
Future studies should evaluate whether smaller targeted protein panels can support clinically feasible
CKD risk refinement in type 2 diabetes. Such risk refinement may be particularly relevant in diabetes
care, where CKD contributes substantially to long-term kidney and cardiovascular vulnerability.

The exploratory genetic and translational analyses provided an additional prioritisation layer but did not
establish causality or therapeutic relevance. MR highlighted CLEC7A and NPPB, but follow-up
colocalisation did not provide strong evidence for shared causal variants. The lack of strong
colocalisation suggests that these MR findings may be influenced by linkage disequilibrium or distinct
causal variants within the same locus. Therefore, CLEC7A and NPPB should be viewed as biologically
plausible, hypothesis-generating prioritisation signals rather than definitive causal targets. CLEC7A is
biologically plausible because Dectin-1 has been implicated in macrophage-mediated kidney
inflammation and fibrosis, including pathways involving neutrophil recruitment, TGF-β1 secretion, and
renal dysfunction [20]. NPPB is better interpreted as part of a broader cardiorenal stress axis rather than
a kidney-specific signal; NT-proBNP has been shown to improve prediction of cardiorenal complications
in type 2 diabetes, consistent with the closely intertwined nature of diabetic kidney and heart disease
[21].

Several limitations should be considered. The observational design cannot establish causality, and
proteins were measured at a single baseline time point; therefore, timing patterns should not be
interpreted as within-person proteomic changes. Incident CKD was identified using linked health records
and may miss milder or undiagnosed disease. The UK Biobank is a volunteer cohort with limited
ancestral and socioeconomic diversity, and may not represent all adults with type 2 diabetes. In addition,
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plasma protein measurements do not allow the tissue or cellular sources of the observed signals to be
determined. Although all four prediction models were evaluated in the same independent test set, the
models require external validation, calibration, assay standardisation, and prospective evaluation before
clinical implementation. Risk stratification analyses based on data-derived cutoffs should also be
interpreted as exploratory. Similarly, the MR, colocalisation, and translational annotation analyses were
intended for exploratory prioritisation and should not be interpreted as definitive evidence of causality or
therapeutic efficacy.

Conclusion
In summary, this study identified a biologically interpretable prediagnostic plasma protein risk state for
incident CKD among adults with type 2 diabetes who were free of CKD at baseline. This signature was
linked to future CKD timing, pathway and network biology, and protein-informed risk stratification beyond
clinical variables. These findings support further validation of targeted plasma protein panels for earlier
CKD risk refinement in type 2 diabetes before clinical translation.
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Figure 1

Population-level CKD burden, incident CKD risk, and prediagnostic proteomic signatures in adults with
type 2 diabetes.
A. Study overview, including NHANES cross-sectional analyses, UK Biobank prospective analyses, and
plasma proteomic analyses among adults with type 2 diabetes (T2D) without baseline CKD. B. Weighted
CKD prevalence among adults with T2D in NHANES 2011–2018, overall and by age and socioeconomic
disadvantage. CKD was defined as eGFR <60 mL/min/1.73 m² or UACR ≥30 mg/g. C. Association
between T2D status and incident CKD in UK Biobank participants free of CKD at baseline. Hazard ratios
and 95% CIs are shown for the unadjusted, age- and sex-adjusted, multivariable-adjusted, kidney-
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adjusted, and sensitivity analyses. D. Volcano plot of protein-wide Cox associations between baseline
plasma protein abundance and incident CKD. The x-axis shows Cox regression β coefficients, and the y-
axis shows −log10 FDR-adjusted P values. Selected top positively and inversely associated proteins are
labelled. E. Heatmap of baseline abundance patterns for CKD-associated proteins across future CKD
timing groups: no incident CKD, incident CKD after >10 years, and incident CKD within ≤10 years. Rows
represent CKD-associated proteins, and colors indicate row-standardised abundance. F. Functional
enrichment results for FDR-significant CKD-associated proteins across selected molecular function,
KEGG, cellular component, and biological process terms. Bar length represents −log10 FDR-adjusted
Pvalues. G. High-confidence protein–protein interaction network of CKD-associated proteins, with major
modules and hub proteins labelled. CKD, chronic kidney disease; eGFR, estimated glomerular filtration
rate; FDR, false discovery rate; KEGG, Kyoto Encyclopedia of Genes and Genomes; NHANES, National
Health and Nutrition Examination Survey; T2D, type 2 diabetes; UACR, urinary albumin-to-creatinine ratio.

Figure 2

Protein-informed risk stratification models for incident CKD in adults with type 2 diabetes.
A. Model discrimination and incremental performance metrics in the independent test set. Four models
were evaluated: Model 1, clinical model; Model 2, clinical plus selected-proteins model; Model 3, clinical
plus protein risk score model; and Model 4, protein-only model. ΔC-index, NRI, and IDI were calculated
versus the clinical model. B. Time-dependent AUC curves across follow-up. C. ROC curves for 10-year
prediction. D. ROC curves for prediction after 10 years. E. Kaplan-Meier curves showing CKD-free survival
in low-risk and high-risk groups defined by model-predicted 10-year risk in the independent test set.
Cutoffs were derived using X-tile and used for exploratory visualisation. AUC, area under the curve; CKD,
chronic kidney disease; IDI, integrated discrimination improvement; NRI, net reclassification
improvement; PRS, protein risk score; ROC, receiver operating characteristic.
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Figure 3

Exploratory prioritisation of overlapping CKD-associated and model-selected proteins.

A. Intersection of FDR-significant CKD-associated proteins from the full-cohort Cox analysis and proteins
selected during training-set model development. Fifty-three overlapping proteins were prioritised for
exploratory downstream analyses. B. Integrated prioritisation matrix for the 53 overlapping proteins,
summarizing clinical association direction and significance, predictive modelling contribution, genetic
evidence from Mendelian randomisation and colocalisation analyses, and translational evidence from
disease and drug-target annotation. Proteins are grouped according to risk-associated and protective-
associated directions. CKD, chronic kidney disease; FDR, false discovery rate; MR, Mendelian
randomisation; pQTL, protein quantitative trait locus. These analyses were intended for hypothesis
generation and protein prioritisation rather than definitive causal inference.
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