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PATHOPHYSIOLOGY/COMPLICATIONS

OBJECTIVE

To assess the ability of plasma apolipoprotein (apo) A-IV (apoA4), apo C-III, CD5
antigen-like (CD5L), complement C1q subcomponent subunit B (C1QB), complement
factor H–related protein 2, and insulin-like growth factor binding protein 3 (IBP3) to
predict rapid decline in estimated glomerular ﬁltration rate (eGFR) in type 2 diabetes.
RESEARCH DESIGN AND METHODS

Mass spectrometry was used to measure baseline biomarkers in 345 communitybased patients (mean age 67.0 years, 51.9% males) from the Fremantle Diabetes
Study Phase II (FDS2). Multiple logistic regression was used to determine clinical
predictors of rapid eGFR decline trajectory deﬁned by semiparametric group-based
modeling over a 4-year follow-up period. The incremental beneﬁt of each biomarker
was then assessed. Similar analyses were performed for a ‡30% eGFR fall, incident
chronic kidney disease (eGFR <60 mL/min/1.73 m2), and eGFR decline of ‡5 mL/min/
1.73 m2/year.
RESULTS

Based on eGFR trajectory analysis, 35 participants (10.1%) were deﬁned as “rapid
decliners” (mean decrease 2.9 mL/min/1.73 m2/year). After adjustment for clinical
predictors, apoA4, CD5L, and C1QB independently predicted rapid decline (odds ratio
2.40 [95% CI 1.24–4.61], 0.52 [0.29–0.93], and 2.41 [1.14–5.11], respectively) and
improved model performance and ﬁt (P < 0.001), discrimination (area under the
curve 0.75–0.82, P = 0.039), and reclassiﬁcation (net reclassiﬁcation index 0.76 [0.63–
0.89]; integrated discrimination improvement 6.3% [2.1–10.4%]). These biomarkers
and IBP3 contributed to improved model performance in predicting other indices of
rapid eGFR decline.
CONCLUSIONS

The current study has identiﬁed novel plasma biomarkers (apoA4, CD5L, C1QB, and
IBP3) that may improve the prediction of rapid decline in renal function independently of recognized clinical risk factors in type 2 diabetes.
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Diabetes is the main cause of end-stage renal disease (ESRD), accounting for 40–50%
of new cases in the U.S. and the largest
annual health care expenditure compared with all other primary ESRD diagnoses (1,2). Up to one-third of adults with
newly diagnosed type 2 diabetes have
chronic kidney disease (CKD) (2), implying
that it often develops during the course of
prediabetes. Conventional assessment
and monitoring of CKD is by measurement
of albuminuria (urinary albumin-tocreatinine ratio [ACR] or urinary albumin
excretion rate) and renal function (estimated glomerular ﬁltration rate [eGFR]),
but these measures are subject to substantial intraindividual variability over time
that reﬂects intercurrent illness, hydration
status, and medication changes (3). The
relationship between ACR and eGFR is
also variable, an example being the development of CKD (eGFR ,60 mL/min/
1.73 m2) without albuminuria (4). In addition, the ability of baseline ACR and/or
eGFR to predict the onset and progression of diabetic kidney disease (DKD)
remains poor (5). Given the prognostic
limitations of ACR and eGFR, there has
been a focus on alternative biomarkers
that could identify patients who are at
increased risk of DKD. This includes studies of a range of plasma proteins (6–12),
but most of these have been limited by
small sample sizes; the exclusion of
patients without albuminuria and/or CKD;
and/or the inclusion of patients who are
not representative of type 2 diabetes in
the community, such as those participating
in clinical trials or those who have been
selected from hospital outpatient clinics.
The progression of DKD is traditionally
analyzed using the hard end point of ESRD,
with the doubling of serum creatinine level
(corresponding to a 57% reduction in
eGFR) accepted as a useful surrogate.
However, these end points accrue relatively
slowly, with large longitudinal studies required to capture sufﬁcient outcomes.
Recent interest has turned to alternative
eGFR-based metrics that can be used over
shorter time periods. The U.S. Food and
Drug Administration has proposed a 30–
40% eGFR decline over 2 or 3 years as a
suitable surrogate end point in clinical
trials as it is strongly and consistently associated with ESRD (13). The Kidney Disease:
Improving Global Outcomes (KDIGO)
guidelines (14) recommend an annual
eGFR decline of 5 mL/min/1.73 m2 as an
alternative for the assessment of DKD
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progression. Serial measurements of serum creatinine deﬁning the trajectories
of kidney function over time, such as
through latent class analysis, have been
shown to capture the dynamic nature of
eGFR, with rapid declining trajectories associated with all-cause mortality (15) and
major cardiovascular events (16) in individuals with type 2 diabetes.
The aim of the present longitudinal observational study was, therefore, to assess
the ability of a selection of novel groupings
of plasma protein biomarkers to predict
rapid declining eGFR in a representative
community-based cohort of individuals
with type 2 diabetes. The incremental
beneﬁt of biomarkers added to clinical
prediction models was determined across
the following four clinically relevant deﬁnitions of DKD progression: 1) rapidly declining eGFR trajectory, 2) incident CKD,
3) an eGFR decline of $30% over 4 years
(or 7.5%/year), and 4) an annual eGFR
decline of $5 mL/min/1.73 m2.

“rapid declining”). For further analysis by
trajectory, patients with a rapid declining trajectory (“rapid decliners”) were compared
with those with a nonrapid declining
trajectory (called “nonrapid decliners,”
pooling data from patients in the “low,”
“medium,” and “high” trajectories).
In a series of additional analyses, the
utility of the biomarkers for predicting
rapid kidney decline by alternative deﬁnitions were investigated, including 1) incident CKD (eGFR ,60 mL/min/1.73 m2
at year 4 in individuals who had an
eGFR $60 mL/min/1.73 m2 at baseline),
2) eGFR decline of $30% between study
entry and year 4 (7.5%/year) (13), and 3) an
annual decline in eGFR of $5 mL/min/
1.73 m2 calculated as (baseline eGFR 2
year 4 eGFR)/(time between baseline
and year 4) (14). Microalbuminuria and
macroalbuminuria were deﬁned as a
ﬁrst-morning urinary ACR of $3 mg/mmol
and $30 mg/mmol, respectively.
Biomarker Discovery and Veriﬁcation

RESEARCH DESIGN AND METHODS
Patients

We used data from the longitudinal observational Fremantle Diabetes Study Phase II
(FDS2), details of which have been published (17). Of 1,551 patients with type 2
diabetes recruited to the FDS2 between
2008 and 2011, 345 had attended three
biennial assessments (baseline, year 2,
and year 4) between 2008 and 2014 and
had complete data on urine ACR, eGFR,
and medication, including the use of
renin-angiotensin-aldosterone system
(RAAS) inhibitors. Fasting plasma samples
collected from this subgroup and stored
at 280°C were used in the present FDS2
substudy. The FDS2 protocol was approved
by the South Metropolitan Area Health
Service Human Research Ethics Committee.
All subjects gave informed consent before
participation.
Renal Outcomes

The Chronic Kidney Disease Epidemiology
Collaboration equation was used to calculate eGFR (18). The primary outcome of
interest was the eGFR trajectory based on
the strong association between this measure and adverse outcomes in type 2 diabetes (15,16). Trajectories were modeled
using ﬁnite mixtures of suitably deﬁned
probability distributions, as described
previously (15). The modeling identiﬁed
four linear trajectories of eGFR change
over time (“low,” “medium,” “high,” and

Biomarker discovery has been described
previously (19). In brief, a list of candidate
biomarkers was determined by a proteomics mass spectrometry–based discovery
and validation workﬂow. All samples were
measured using targeted mass spectrometry, known as multiple reaction monitoring
(MRM). Changes in relative peptide abundance were measured against an 18Olabeled reference plasma to give peak
area ratios for each biomarker. The robustness of the MRM assay was demonstrated by the relative quantitative
analysis of intraday and interday reference plasma controls and a synthetic stable isotope–labeled peptide (intraday
coefﬁcient of variation 5.9%, interday coefﬁcient of variation 8.1%). In previously reported studies, the MRM assay PromarkerD
(Proteomics International, Perth, Australia)
was developed that identiﬁed a panel of
simultaneously measured biomarkers of
DKD (19) that included apolipoprotein
A-IV (apoA4), apolipoprotein C-III (apoC3),
CD5 antigen-like (CD5L), complement C1q
subcomponent subunit B (C1QB), complement factor H–related protein 2 (CFHR2),
and insulin-like growth factor–binding
protein 3 (IBP3) (20).
Statistical Analyses

Statistical analyses were performed in
SPSS for Windows (version 22; SPSS Inc.,
Chicago, IL) and RStudio software (version
1.0.136). A two-tailed level of signiﬁcance
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of P , 0.05 was used throughout. Data
are presented as proportions, mean 6 SD,
geometric mean (SD range), or, in the
case of variables that did not conform
to a normal or loge-normal distribution
(ln), median and interquartile range (IQR).
All biomarker peak area ratios were
ln-transformed prior to analysis. For independent samples, two-way comparisons
for proportions were performed by Fisher
exact test, for normally distributed variables
by Student t test, and for non-normally
distributed variables by Mann-Whitney
U test.
Multivariate logistic regression analysis (forward conditional variable selection with P , 0.05 for entry and P . 0.10
for removal) was used to investigate independent predictors of each deﬁnition
of rapid decline. All clinically plausible
variables with bivariate P # 0.20 were
considered for entry in a forward stepwise manner. After the most parsimonious clinical model was deﬁned (clinical
model), all plasma biomarker concentrations were considered for entry in a forward stepwise manner (clinical model plus
biomarker model 1). To assess the prognostic performance of a combined panel
of biomarkers, the signiﬁcant biomarkers from each deﬁnition of rapid
decline were forced into a series of additional models (clinical model plus biomarker model 2). Only participants with
complete data were included in each
model.
Measures of model ﬁt, calibration, discrimination, and reclassiﬁcation were
used to assess the incremental beneﬁt
of biomarkers to each clinical model for
predicting the risk of rapid decline. Model
ﬁt was determined using the likelihood
ratio test (LRT), with higher x2 values
indicating better global ﬁt. Model calibration was determined using the HosmerLemeshow goodness-of-ﬁt test, with larger
P values (.0.05) showing good agreement between observed and predicted
outcomes. Observed probabilities were
plotted against predicted probabilities
over deciles of predictions (from HosmerLemeshow tests) for each model to assess
calibration. Model discrimination was assessed by the area under the curve (AUC)
of the receiver operating characteristic.
The Youden index was used to determine
the optimal cutoff for maximum sensitivity
and speciﬁcity in each model. Improvement in AUC after the addition of the biomarkers was calculated using the method
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of DeLong et al. (21). Internal validation
was performed using 1,000 bootstrap resamples to adjust for statistical optimism/
overﬁtting. The optimism-corrected AUC,
calibration slope, and intercept are a
more approximate estimate of the performance of the model in an external
sample (22).
Continuous/category-free net reclassiﬁcation improvement (NRI .0) was used
to assess model reclassiﬁcation because no
established risk cutoffs warrant the use of
categorical NRI (23). The overall NRI shows
the proportion of upward and downward
movement in predicted probabilities
when the biomarkers are added to the
clinical model. Absolute integrated discrimination improvement (IDI) was used
to determine the average increase in predicted probabilities for those who were
rapid decliners and the reduction in those
who were not rapid decliners after the
addition of the biomarkers (24). The relative IDI (rIDI) was calculated as the ratio of
IDI over the discrimination slope of the
clinical model. The NRI and IDI were assessed overall and separately in rapid decliners (NRI in rapid decliners [NRIR]; IDI in
rapid decliners [IDIR]) and in nonrapid decliners (NRI in nonrapid decliners [NRINR];
IDI in nonrapid decliners [IDINR]).
RESULTS
Cohort Characteristics

The patient characteristics of the present
FDS2 subgroup at study entry are summarized in Table 1. The 345 participants
had a mean 6 SD age of 67.0 6 9.4 years,
51.9% were males, and their median diabetes duration was 9.0 years (IQR 3.0–
15.2 years). The mean baseline eGFR was
80.6 6 18.8 mL/min/1.73 m2, 13.0% had
CKD, 33.9% had microalbuminuria, and
4.1% had macroalbuminuria. Most (71.0%)
were receiving treatment with RAAS inhibitors. Over the 4 years encompassed by the
present substudy, the mean annual decline
in eGFR was 1.7 6 2.5 mL/min/1.73 m2.
There were no participants with a baseline eGFR of ,15 mL/min/1.73 m2.
Rapidly Declining eGFR Trajectory

Based on latent class analysis, 35 individuals (10.1%) were in the rapid declining
eGFR trajectory group with a mean annual decline in eGFR of 2.9 mL/min/
1.73 m2. The remaining 310 individuals
(low, medium, and high eGFR trajectories) had a mean decline of 1.6 mL/
min/1.73 m2/year. Baseline clinical and

demographic characteristics in these
two subgroups are shown in Table 1. Individuals with a rapidly declining eGFR
trajectory were older and had longer
diabetes duration and higher serum
triglyceride, uric acid, and creatinine
concentrations; lower eGFR and total
cholesterol; and a greater prevalence of
ischemic heart disease and diuretic medication use than those with nonrapid
decline. Baseline apoA4, apoC3, C1QB,
and CFHR2 levels were higher in rapid
decliners compared with nonrapid
decliners.
The results of three multivariate prognostic models (clinical and clinical plus
biomarkers 1 and 2) are shown in Table 2.
In the clinical model, diuretic use, older
age, longer diabetes duration, and lower
serum HDL cholesterol level were independent predictors of rapid eGFR decline.
After adjusting for the most parsimonious
clinical model, higher apoA4 and C1QB
levels and lower CD5L levels were significant independent predictors. Duration of
diabetes became a nonsigniﬁcant predictor after the addition of the biomarkers.
The addition of the biomarkers to the clinical model improved model ﬁt (ΔLRT x2 =
19.16, P , 0.001), calibration (HosmerLemeshow test P = 0.11), discrimination
(AUC increase from 0.75 to 0.82, P = 0.039),
sensitivity and speciﬁcity (increased from
82.4% to 88.2% and from 63.4% to
68.5%, respectively), and risk classiﬁcation (Fig. 1). A calibration plot of the observed probabilities against the predicted
probabilities over deciles of predictions (from
Hosmer-Lemeshow tests) for each model
shows acceptable calibration with data close
to the 45° line (Supplementary Fig. 1). The
bootstrapped optimism-corrected AUCs
were 0.73 and 0.78, respectively, for the
clinical and clinical plus biomarker models
(Table 2). There was no improvement in
calibration intercept and slope.
The biomarkers improved risk classiﬁcation when added to the clinical prediction model (overall NRI 0.76 [95% CI
0.63–0.89]). Of the 34 rapid decliners,
24 (70.6%) were reclassiﬁed as being at
higher risk and 10 (29.4%) as being at
lower risk (NRIR 0.41 [0.11–0.72]). Of the
292 nonrapid decliners, 95 (32.5%) were
reclassiﬁed to higher risk and 197 (67.5%)
to lower risk (NRINR 0.35 [0.24–0.46]). The
absolute IDI indicates that there was a
signiﬁcant increase in predicted probabilities for those who were rapid decliners
(IDIR 5.6% [1.5–9.6%]) and a reduction in
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Table 1—Baseline demographic and clinical characteristics of 345 participants with type 2 diabetes by rapid eGFR decline deﬁned
by eGFR trajectory
N
All
Nonrapid decliners
Rapid decliners
P
Number (%)

345

345

310 (89.9)

35 (10.1)

Age (years)

345

67.0 6 9.4

66.6 6 9.3

70.3 6 8.8

Male sex (%)

345

51.9

51.6

54.3

0.86

BMI (kg/m2)

345

31.0 6 5.5

31.0 6 5.6

30.7 6 5.1

0.75

Waist circumference (cm)

0.028

345

102.7 6 13.5

102.5 6 13.7

104.7 6 12.1

0.36

Ethnic background (% AC/SE/OE/
Asian/Ab/other)

345

64.9/11.0/7.0/3.2/0.3/13.6

64.5/11.3/7.4/3.5/0.3/12.9

68.6/8.6/2.9/0.0/0.0/20.0

0.64

Age at diabetes diagnosis (years)

345

57.1 6 10.9

57.1 6 11.1

57.2 6 9.5

0.95

Diabetes duration (years)*

345

9.0 [3.0–15.2]

8.2 [3.0–15.0]

13.3 [6.0–19.9]

0.014

Fasting plasma glucose (mmol/L)†

344

7.1 (5.5–9.2)

7.1 (5.5–9.1)

7.6 (5.6–10.3)

0.16

HbA1c (%)

345

7.0 6 1.0

6.9 6 1.0

7.2 6 1.3

0.18

HbA1c (mmol/mol)

345

53 6 10.9

52 6 11.1

55 6 13.9

0.18

Serum total cholesterol (mmol/L)
Serum HDL cholesterol (mmol/L)

344
344

4.3 6 1.0
1.28 6 0.31

4.3 6 1.0
1.29 6 0.31

4.1 6 1.0
1.16 6 0.31

0.31
0.020

Serum triglycerides (mmol/L)†

344

1.5 (0.9–2.3)

1.4 (0.9–2.3)

1.7 (1.0–2.8)

0.044

Serum uric acid (mmol/L)†

344

0.34 (0.26–0.44)

0.34 (0.26–0.43)

0.38 (0.31–0.47)

0.005

Serum creatinine (mmol/L)†

345

75 (56–101)

73 (55–97)

98 (76–127)

,0.001

Urinary ACR (mg/mmol)†

345

2.9 (0.9–8.8)

2.8 (0.9–8.7)

3.4 (1.1–10.4)

0.35

eGFR (mL/min/1.73 m2)

345

80.6 6 18.8

82.9 6 17.4

59.9 6 18.1

,0.001

eGFR categories (% G1/G2/
G3a/G3b/G4)‡

345

37.7/49.3/6.4/5.5/1.2

40.6/50.6/3.5/3.9/1.3

11.4/37.1/31.4/20.0/0.0

,0.001

CKD stage (% 0/1/2/3)§

345

57.1/30.7/6.1/6.1

60.0/30.6/4.5/4.8

31.4/31.4/20.0/17.1

,0.001

Systolic blood pressure (mmHg)

345

147 6 20

147 6 20

148 6 24

0.80

Diastolic blood pressure (mmHg)

345

80 6 12

80 6 12

77 6 11

0.08

Neuropathy (%)

345

73.6

73.5

74.2

.0.99

PAD (%)

345

17.4

17.1

20.0

0.64

CVD (%)

345

5.5

4.5

14.3

0.033

IHD (%)

345

25.5

24.5

34.3

0.22

Alcohol consumption (standard
drinks/day)*

326

0.1 [0.0–1.5]

0.1 [0.0–1.2]

0.3 [0.0–1.5]

0.47

Smoking status (% never/ex-/current)

345

47.2/47.0/5.8

47.1/46.5/6.5

48.6/51.4/0.0

0.36

Any physical activity (%)

341

94.4

95.1

88.6

0.12

Diabetes treatment (%)
Diet
OHA
Insulin 6 OHA

345
345
345

29.3
49.0
21.7

30.3
49.0
20.6

20.0
48.6
31.4

0.24
1.00
0.19

Antihypertensive medication (%)
Diuretic
ACE-I
ARB
b-Blocker
Calcium channel blocker
Other

345
345
345
345
345
345
345

79.7
34.8
44.3
33.9
22.3
26.1
4.3

78.4
32.3
43.2
33.2
21.9
25.5
4.2

91.4
57.1
54.3
40.0
25.7
31.4
5.7

0.08
0.005
0.22
0.45
0.67
0.43
0.66

Lipid-lowering medication (%)

345

73.9

73.2

80.0

0.54

Aspirin use (%)

344

72.4

43.2

48.6

0.59

Plasma biomarkers (peak area ratios)†
apoA4
apoC3
CD5L
C1QB
CFHR2
IBP3

345
345
344
328
344
335

1.17 (0.57–2.42)
0.86 (0.33–2.28)
2.37 (1.17–4.79)
0.41 (0.22–0.77)
0.95 (0.53–1.72)
0.97 (0.58–1.64)

1.12 (0.54–2.30)
0.83 (0.32–2.17)
2.39 (1.18–4.82)
0.40 (0.22–0.73)
0.92 (0.52–1.60)
0.96 (0.58–1.59)

1.78 (0.96–3.32)
1.21 (0.43–3.36)
2.23 (1.08–4.61)
0.53 (0.25–1.12)
1.35 (0.66–2.78)
1.08 (0.56–2.09)

,0.001
0.031
0.59
0.012
,0.001
0.22

Rapid decliners were deﬁned by eGFR trajectories as described in RESEARCH DESIGN AND METHODS. All values are mean 6 SD, unless noted otherwise. Ab,
Aboriginal; AC, Anglo-Celtic; ACE-I, ACE inhibitor; ARB, angiotensin receptor blocker; CVD, cerebrovascular disease; IHD, ischemic heart disease; OE, other
European; OHA, oral hypoglycemic agent; PAD, peripheral arterial disease; SE, southern European. *Median [IQR]. †Geometric mean (SD range). ‡eGFR
categories: G1 $90; G2 60–89; G3a 45–59; G3b 30–44; G4 15–29 mL/min/1.73 m2. §CKD stage deﬁned by KDIGO 2012 guidelines (39).
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Table 2—Performance of the clinical and clinical plus biomarkers prediction models for rapid eGFR decline deﬁned by eGFR
trajectory
Clinical plus biomarkers model 1
Clinical plus biomarkers model 2
Clinical model (N = 326)
(N = 326)
(N = 316)§
Variable
Diuretic use
Age (per 10 years)
Diabetes duration (per 5 years)
HDL cholesterol (per mmol/L)
ln(apoA4)*
ln(C1QB)*
ln(CD5L)*
ln(IBP3)*

2.41 (1.14–2.08), 0.021
1.67 (1.06–2.64), 0.027
1.28 (1.02–1.60), 0.033
0.10 (0.02–0.45), 0.003
NI
NI
NI
NI

2.59 (1.17–5.70), 0.019
1.75 (1.08–2.83), 0.022
1.22 (0.94–1.57), 0.129
0.08 (0.02–0.38), 0.001
2.40 (1.24–4.61), 0.009
2.41 (1.14–5.11), 0.021
0.52 (0.29–0.93), 0.027
NI

2.52 (1.11–5.74), 0.028
1.73 (1.04–2.87), 0.034
1.19 (0.92–1.56), 0.192
0.11 (0.02–0.51), 0.005
2.93 (1.40–6.16), 0.004
2.65 (1.19–5.92), 0.017
0.50 (0.27–0.92), 0.027
0.80 (0.37–1.74), 0.573

Performance measure
LRT x2 test, P
ΔLRT x2 test, P
H-L test x2, P
Sensitivity (%)†
Speciﬁcity (%)†
Positive predictive value (%)†
Negative predictive value (%)†
AUC (95% CI)
ΔAUC, P
Optimism-corrected AUC‡
Calibration intercept‡
Calibration slope‡
NRI (.0)
NRIR
NRINR
Absolute IDI (%)
IDIR
IDINR
rIDI (%)

25.41, ,0.001
Reference
6.95, 0.54
82.4
63.4
20.8
96.9
0.75 (0.66–0.84)
Reference
0.73
20.17
0.89
Reference
Reference
Reference
Reference
Reference
Reference
Reference

44.57, ,0.001
19.16, ,0.001
13.0, 0.11
88.2
68.5
24.6
98.0
0.82 (0.76–0.88)
0.07, 0.039
0.78
20.28
0.82
0.76 (0.63–0.89)
0.41 (0.11–0.72)
0.35 (0.24–0.46)
6.3 (2.1–10.4)
5.6 (1.5–9.6)
0.7 (20.2 to 1.5)
68.5

44.13, ,0.001
21.21, ,0.001
6.37, 0.61
84.4
72.2
25.5
97.6
0.83 (0.77–0.89)
0.08, 0.023
0.79
20.34
0.79
0.82 (0.68–0.95)
0.44 (0.13–0.75)
0.38 (0.27–0.49)
7.4 (3.1–11.6)
6.6 (2.5–10.8)
0.8 (20.2 to 1.7)
64.5

Only participants with complete data were included in each model. The most parsimonious clinical model was derived as described in RESEARCH DESIGN AND
followed by inclusion of biomarkers with signiﬁcant independent predictive value (clinical plus biomarkers model 1); then all signiﬁcant
biomarkers across the four deﬁnitions of rapid eGFR decline were forced into the clinical model (clinical plus biomarkers model 2). Values are given as OR
(95% CI), P, unless otherwise indicated. AUC, area under the curve; H-L, Hosmer-Lemeshow; IDI, integrated discrimination index; NI, not included. *A 2.72fold change in mean peak area ratio of apoA4, C1QB, CD5L, or IBP3 corresponds to a change of 1 in ln-transformed (apoA4, C1QB, CD5L, or IBP3),
respectively. †Based on optimal cutoff deﬁned by Youden index. ‡Based on internal validation by bootstrap resampling. §The performance of this model
was compared with the clinical model applied to the same 316 individuals.

METHODS,

those who were not (IDINR 0.7% [20.2 to
1.5]) after the addition of the biomarkers,
resulting in an overall gain in predictive
ability of the model (overall IDI 6.3%
[2.1–10.4%]) (Table 2). Similarly, the rIDI
showed improvement compared with the
clinical model after the biomarkers were
added (rIDI 68.5%).
Signiﬁcant biomarkers from each of the
four deﬁnitions of rapid eGFR decline
(apoA4, C1QB, CD5L, and IBP3; see below) were combined into a ﬁnal clinical
plus biomarker model 2. The addition of
IBP3 to apoA4, C1QB, and CD5L in predicting rapidly declining eGFR trajectory
provided further incremental improvements in model ﬁt, discrimination, and
reclassiﬁcation (Table 2). In addition, microalbuminuria was forced into all clinical
prediction models but failed to provide
signiﬁcant predictive power when considered as either a categorical variable

(ACR $3 mg/mmol) or a continuous variable (data not shown).
Alternative Deﬁnitions of Rapid eGFR
Decline

There is limited consensus in measuring
the progression of DKD, hence the baseline clinical and demographic characteristics according to alternative deﬁnitions of
rapid eGFR decline (incident CKD, eGFR
decline $30%, and annual decline in
eGFR $5 mL/min/1.73 m2) were compared (Supplementary Tables 1–3). A series of additional clinical and clinical plus
biomarker models were developed, and
their predictive performance was assessed (Supplementary Tables 4–6).
During 4.1 years (IQR 3.7–4.4 years)
of follow-up, CKD developed in 37 individuals
(12.3%) with the clinical model identifying ischemic heart disease, lower baseline
eGFR, and total cholesterol level as

independent predictors. After adjustment,
higher apoA4 added signiﬁcantly to the clinical model (clinical plus biomarker model 1),
improving model ﬁt, calibration, discrimination, and reclassiﬁcation (Supplementary
Fig. 1 and Supplementary Table 4). The
addition of biomarkers C1QB, CD5L, and
IBP3 to apoA4 (clinical plus biomarker
model 2) showed further incremental improvements in model reclassiﬁcation for
predicting incident CKD (Supplementary
Table 4).
During follow-up, there were 30 individuals (8.7%) with a fall in eGFR
of $30% over 4 years. These participants
had a mean decrease in eGFR of 6.3 vs.
1.3 mL/min/1.73 m2/year in the 315 individuals with ,30% decline (P , 0.001).
The clinical model for predicting this renal
end point included ischemic heart disease, diuretic use, older age, increased
diastolic blood pressure, and lower
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Figure 1—Graphical depiction of NRI (A) and IDI (B) for rapid eGFR decline deﬁned by eGFR
trajectory. The NRI plot shows the proportion of individuals reclassiﬁed to higher or lower risk by
rapid decline status after the addition of biomarkers to the clinical model. The IDI plot shows the
mean predicted probability of rapid and nonrapid decliners according to the clinical (Clin) and clinical
plus biomarker (Clin+Bio) models.

serum total cholesterol. After adjustment, higher apoA4 and lower IBP3
levels added significantly to the predictive ability of the clinical model (clinical
plus biomarker model 1) (Supplementary
Fig. 1 and Supplementary Table 5). The
addition of C1QB and CD5L to apoA4 and
IBP3 (clinical plus biomarker model 2)
showed further incremental improvements
in model reclassiﬁcation (Supplementary
Table 5).
There was an annual decline in eGFR
of $5 mL/min/1.73 m2 in 28 individuals
(8.1%), which was predicted by the presence of ischemic heart disease, increased
diastolic blood pressure, and increased
HbA1c. After adjustment, a lower IBP3
level added signiﬁcantly to the clinical prediction model (clinical plus biomarker model 1) and improved model
performance (Supplementary Fig. 1 and
Supplementary Table 6). The addition of
biomarkers apoA4, C1QB, and CD5L to
IBP3 (clinical plus biomarker model 2)
showed further incremental improvements in model ﬁt, discrimination, and
reclassiﬁcation for predicting annual
eGFR decline $5 mL/min/1.73 m 2
(Supplementary Table 6).
CONCLUSIONS

The present substudy from the longitudinal observational FDS2 has extended
preliminary developmental data relating
to a novel panel of plasma proteins
(PromarkerD) (19) to conﬁrm that these
biomarkers have prognostic use in DKD.
Four biomarkers, apoA4, CD5L, C1QB, and
IBP3, predicted measures of rapid decline

in eGFR over a 4-year follow-up period in community-based patients with
type 2 diabetes. Their prognostic use
was independent of conventional clinical
variables, and they added signiﬁcant predictive value as assessed from indices of
model ﬁt, calibration, discrimination, and
reclassiﬁcation.
Other published data support the
PromarkerD panel as a DKD prognostic index. There is a reported association between higher circulating levels of apoA4
and renal impairment in individuals without diabetes (25,26), and there is evidence
for increased renal apoA4 excretion in individuals with diabetic nephropathy (27).
Raised apoA4 levels are an early marker
of mild to moderate DKD (25), predict
CKD progression in patients recruited
from renal outpatient clinics (28), and
are strongly associated with CKD independently of known risk factors in the
general population (26). C1QB is deposited in the kidneys in C1q nephropathy,
leading to renal damage via inﬂammatory
and immune responses, which is consistent with data from a rodent model showing signiﬁcantly increased C1QB levels in
the kidneys of diabetic versus control
animals (29). CD5L or apoptosis inhibitor
of macrophage protein is implicated in
immune and inﬂammatory responses.
Plasma CD5L is normally present in high
concentrations via interaction with IgM
(30). In acute kidney injury in mice,
CD5L dissociates from IgM and is excreted
in the urine, with recovery from acute kidney injury possible after CD5L interacts
with kidney injury molecule 1 (31). In the

current study, lower circulating levels of
CD5L were observed in patients with
rapidly declining kidney function, suggesting either increased renal excretion or, alternatively, a defect in CD5L or
IgM expression.
The one biomarker for which the present data appear inconsistent with the
published literature is IBP3, a regulator of
insulin-like growth factor 1 that has been
implicated in the development of diabetic
nephropathy. In the current study, lower
circulating levels of IBP3 were observed in
participants with an eGFR decline of $30%
or $5 mL/min/1.73 m2/year in apparent
contrast to a previous study (32) showing
an association between increased IBP3
level with low baseline eGFR in individuals
with type 2 diabetes. However, in this
latter study, the average eGFR reduction
over 7 years was only 2 mL/min/1.73 m2,
there was no rapid renal decline subgroup, and there was association between IBP3 level and longitudinal eGFR
trends. There were also differences in patient characteristics (our participants
were older and had a higher baseline
eGFR, and more were female and were
receiving treatment with RAAS inhibitors
at baseline) and study design (including
the method of eGFR calculation) compared with the current study. It is possible
that the lower levels of IBP3 observed in
the current study are due to increased renal excretion via already damaged glomeruli or increased serum proteolysis (33).
A range of other potential biomarkers
have been studied in the context of DKD
(6). The current study aligns with recent
studies describing the prognostic utility of
tumor necrosis factor receptor (TNFR)
1 and TNFR2 (9,12,34,35). Our biomarker
panel provided a similar discriminative
ability (sensitivities of 83–94% and speciﬁcities of 72–80% for clinical plus biomarker model 2) to published data on
TNFR1/TNFR2 for predicting renal decline
(sensitivities of 68–72% and speciﬁcities
of 81–86%) (36). In another of the TNFR1/
TNFR2 studies (9), patients were classiﬁed
by quartiles of biomarker concentration.
Adopting this approach showed that
most rapid decliners in the current study
were in the highest apoA4/C1QB quartile
or the lowest CD5L/IBP3 quartile (data
not shown), but these results should be
interpreted with caution because of small
cell numbers. A recent study of 1,135 participants with type 2 diabetes with baseline renal function similar to those in the
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current study (12) showed that plasma
adrenomedullin, TNFR1, and N-terminal
pro B-type natriuretic peptide were associated with rapid eGFR decline, independent of established risk factors, and that
they signiﬁcantly increased the receiver
operating characteristic AUC (ΔAUC =
0.027–0.054, P , 0.0001). We found a
similar signiﬁcant increase in AUC after
the addition of the biomarkers to the clinical prediction model for eGFR trajectory
(Table 2) (ΔAUC = 0.07, P = 0.039). We did
not detect TNFR1, TNFR2, N-terminal pro
B-type natriuretic peptide, or adrenomedullin during the earlier discovery phase
of our study since these proteins were
below the limit of detection in the mass
spectrometry methodology used (19). A
number of other studies have described
additional biomarkers that may improve
prediction of renal function decline in
diabetes beyond traditional risk factors,
but most were small or involved only individuals with impaired renal function at
study entry (11,34,35,37).
A key ﬁnding in the current study was
that the biomarkers predicted rapid eGFR
decline even after adjustment for conventional indices of nephropathy (eGFR and
ACR) as well as other known clinical
predictors (sex, hypertension, HbA1c,
smoking, lipids, BMI, and RAAS inhibitor
use). The observation that microalbuminuria did not enter any of our prediction
models supports other studies that found
TNFR1/TNFR2 predicted ESRD irrespective of albuminuria (9), although there is
evidence that microalbuminuria occurs
after the decline in eGFR has already
started in individuals with type 2 diabetes
(38). Therefore, the identiﬁcation of individuals with type 2 diabetes who are at
risk for future renal decline should not be
limited to the assessment of albuminuria.
The major strengths of the current
study are its longitudinal communitybased design and the detailed phenotypic
characterization of the cohort. It is the
largest study to have used a targeted
MRM approach for biomarker detection
and validation. The current platform allows multiple proteins to be analyzed
without an increase in cost even if a formal cost-beneﬁt analysis is yet to be conducted. Recent improvements in the ﬁeld
show that the MRM approach has increased sensitivity compared with traditional antibody-based assays (19). The
limitations of the current study include a
relatively small sample size in the case of
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participants with rapid renal decline. In addition, the ﬁndings require external validation. Internal validation was performed by
bootstrap resampling of 1,000 replicates
that provided an estimate of external
model performance (22), which supports
further assessment of PromarkerD in
other cohorts. The prediction models presented in this study were developed in
people of mostly white origin (;80%),
and whether the ﬁndings can be generalized to other ethnicities and to subjects
with prediabetes or type 1 diabetes is as
yet unknown. Nevertheless, the prediction models were adjusted for a large
range of known risk factors to address
confounding with the same result.
In conclusion, the current study has
identiﬁed four plasma protein biomarkers
(apoA4, CD5L, C1QB, and IBP3) that
predict a rapid decline in eGFR in patients
with type 2 diabetes independent of
other clinical predictors including eGFR
and ACR. The panel may be useful for
risk stratiﬁcation in future clinical trials,
would enable earlier intervention of at-risk
individuals and monitoring of disease progression, and would allow improvement
in patient outcomes. Further analysis of
these biomarkers via the PromarkerD test
in diabetes and more generally in CKD is
warranted.
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