Circulating metabolic biomarkers
of renal function in diabetic and
non-diabetic populations
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Diabetic cohorts
n

Non-diabetic cohorts

GenodiabMar

TwinsUK (diabetics)

Kora (diabetics)

TwinsUK

Kora (non-diabetic)

YoungFinns

655

111

160

1168

1624

2046

41.88 ( 5.00)

Zygosity (MZ/DZ/
Single)

30/4/77

466/546/156

Age (years)

69.70 ( 9.32)

68.64 ( 8.38)

66.74 ( 7.44)

64.83 ( 7.91)

60.30 ( 8.83)

Gender (female)

256 (39.1%)

105 (94.6%)

71 (44.4%)

1118 (95.7%)

845 (52.0%)

1115 (54.5%)

BMI (kg/m2)

30.32 ( 5.05)

29.33 ( 5.55)

31.48 ( 5.53)

26.05 ( 4.61)

27.82 ( 4.58)

26.54 ( 5.05)

eGFR (mL/min/1.
73 m2)

58.64 ( 28.83)

75.80 ( 17.64)

76.59 ( 18.15)

79.87 ( 14.53)

87.80 ( 15.38)

94.75 ( 12.53)

creatinine (mg/dL)

1.26 ( 0.62)

0.84 ( 0.24)

0.96 ( 0.48)

0.80 ( 0.16)

0.83 ( 0.23)

0.87 ( 0.15)

CKD (grades
1/2/3/4/5) N and (%)

116/213/202/72/52
(17.7/32.5/30.8/10.9/7.9)

20/76/12/3/0
(18/68.4/10.8/2.7/0)

39/95/24/1/1
(24.3/59.3/15/0.6/0.6)

322/726/118/2/0
(27.5/62.1/10.1/0.1/0)

795/752/73/2/2
(48.9/46.3/4.4/0.1/0.1)

1339/699/7/1/0
(65.4/34.1/0.3/0.04/0)

Table 1. General characteristics of the study populations. MZ monozygotic, DZ dizygotic. BMI Body
mass index. eGFR estimated glomerular ltration rate (CKD-EPI equation). Grades of Chronic Kidney
Disease are strati ed per KDIGO recommendation56 as: G2 60 89, G3 59 30, G4 15 29 and G5 15 mL/
min/1.73 m2. Values for categorical variables are given as n (percentage); values for continuous variable as mean
( SD).

p 2.6 10 3) respectively, in TwinsUK and YoungFinns. However, their circulating levels at baseline did not
predict eGFR at follow-up in GenodiabMar and diabetic-KORA cohorts (Supplementary Tables 4 and 5).

⁄
In the three diabetic cohorts, 59 metabolic measures were consistently associated with eGFR a er meta-analysis at P 0.001. Of those, 33 traits were
associated with eGFR only in diabetics but not in non-diabetics (Supplementary Table 2). 6 of these traits were
concentrations of cholesterol esters in LDL and IDL subclasses, 4 phospholipids in LDL and IDL, and 14 cholesterol and lipid concentrations in LDL and IDL that followed a positive association with eGFR in diabetics (Fig. 4
and Supplementary Fig. 1). Also, esteri ed cholesterol (EC) (
4.35 [2.96: 5.74], p 9.3 10 10) and total cholesterol (
3.68 [2.29: 5.07], p 2.0 10 7) were positively associated with eGFR in diabetics only. However,
none of this lipoprotein subclasses predicted the change of renal function and only triglycerides to total lipids
ratio in large VLDL (
0.13 [0.01: 0.25]) and total cholesterol to total lipids ratio in medium VLDL (
0.12
[ 0.23: 0.00]) were associated to eGFR in the longitudinal analysis (Supplementary Table 5).
To further explore the relationship of metabolic pro les with other microvascular complications of diabetes, we calculated cross-sectional associations of metabolite pro les with proteinuria (independently of the
eGFR), as well as cross-sectional odds-ratios for diabetic nephropathy (DN) and diabetic retinopathy (DR) in
GenodiabMar. Glycine and phenylalanine were common risk factors not only for DN but also for both DR and
proteinuria (Fig. 5 and Supplementary Table 6). Similarly, pyruvate, which was associated with better renal function, showed an inverse association with proteinuria. Glycerol, citrate, and pyruvate showed concordant albeit
non-signi cant association with the retinal microvascular damage. Moreover, triglyceride contents in IDL, large
and medium LDL, and small VLDL were consistently associated with decreased eGFR as well as higher risk of
DN and DR, though to a lesser extent. In contrast, many other lipoprotein subclasses, including most HDLs, did
not appear to be associated with DR (P 0.05). As expected serum albumin was strongly associated with better
renal function only in GenodiabMar cohort, due to a higher prevalence and a more severe diabetic nephropathy
in this population.
⁄

In the three non-diabetic cohorts
109 metabolic measures were consistently associated with eGFR (P 0.001) (Supplementary Table 2). 83 of these
were associated with renal function only in non-diabetics but not in the diabetic group. Cholesterol and triglyceride levels in VLDL particles of all sizes were negatively associated with eGFR. In contrast, phospholipid in large
HDL were positively associated with renal function in non-diabetic populations cross-sectionally (phospholipids to total lipids ratio in very large HDL:
0.69 [0.32:1.06], p 2.8 10 4) and longitudinally (phospholipids in very large HDL: 0.04 [0.02:0.05], p 1.3 10 5) in TwinsUK (Supplementary Tables 2 and 4). Also, this
lipid ratio predicted longitudinal change of eGFR independently of baseline eGFR in KORA (0.04 [0.01:0.07],
p 3.7 10 3) (Supplementary Table 5).

Four metabolites were
positively associated with eGFR in diabetics, while they were negatively associated in the non-diabetic individuals at P 0.001. However, the e ect directions of these metabolites were not consistent throughout all
cohorts. ese include the amino acids alanine (T2D:
3.32 [1.92:4.72], non-T2D: 1.39 [ 1.75: 1.03]),
valine (T2D: 4.48 [3.08: 5.88], non-T2D: 0.88 [ 1.27: 0.48]), the glycolysis product pyruvic acid (T2D: 3.37
[1.93: 4.82], non-T2D: 0.70 [ 1.06: 0.34]), and albumin (T2D: 2.55 [1.16: 3.93], non-T2D: 0.70 [ 1.06:
0.35]) (Supplementary Table 2). Albumin also predicted the longitudinal change of eGFR (0.18 [0.06: 0.30]
p 3.8 10 3) in the GenodiabMar and KORA cohorts (Supplementary Table 5). Also, there was a trend towards
an increase of small, medium, and large LDL particles rich in phospholipids and cholesterol with better eGFR in
T2D, that followed an opposite albeit non-signi cant association in non-diabetic populations (Fig. 4).
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diabetics
Class
Amino Acid

Trait

N

Glycine

887

Phenylalanine
Citrate

Glycolysis

Signs

905
913

non-diabetics
Beta [95% CI]
8.37 [ 9.73: 7.02]
7.92 [ 9.27: 6.57]
3.34 [ 4.78: 1.90]

p
7.28
1.19
5.68

N

Signs

Beta [95% CI]

p

10

34

4632

1.29 [ 1.66: 0.92]

6.33

10

12

10

30

4716

1.69 [ 2.07: 1.32]

1.11

10

18

10

6

4705

1.82 [ 2.18: 1.47]

7.06

10

24

3695

Glycerol

551

1.25

10

9

7.54

10

16

Apolipoproteins

Apolipoprotein A-I

926

3.62 [2.14: 5.10]

1.63

10

6

4817

0.81 [0.43: 1.19]

3.09

10

5

Cholesterol

Total cholesterol in HDL2

924

4.05 [2.59: 5.50]

4.94

10

8

4817

1.32 [0.91: 1.72]

1.51

10

10

Total cholesterol

Total cholesterol in very large
HDL

926

3.18 [1.74: 4.61]

1.41

10

5

4817

1.14 [0.74: 1.53]

1.62

10

8

4817

1.18 [0.78: 1.58]

6.55

10

9

5.57 [ 7.37: 3.77]

1.77 [ 2.19: 1.34]

Total cholesterol in HDL

925

3.65 [2.19: 5.11]

9.65

10

7

Free cholesterol

Free cholesterol in medium
HDL

926

3.47 [2.03: 4.90]

2.22

10

6

4817

0.75 [0.39: 1.11]

5.25

10

5

Cholesterol esters

Cholesterol esters in very large
HDL

926

3.14 [1.71: 4.57]

1.60

10

5

4817

1.05 [0.66: 1.44]

1.43

10

7

Concentration of very large
HDL particles

926

2.62 [1.17: 4.07]

4.13

10

4

4817

1.21 [0.80: 1.62]

5.90

10

9

Concentration of medium HDL
particles

926

3.33 [1.89: 4.76]

5.41

10

6

4817

0.76 [0.40: 1.12]

3.27

10

5

Lipoprotein subclasses

Total Lipids

Total lipids in very large HDL

926

2.97 [1.52: 4.42]

5.71

10

5

4817

1.28 [0.87: 1.69]

8.36

10

10

Total lipids in medium HDL

923

3.33 [1.88: 4.77]

6.29

10

6

4813

0.82 [0.46: 1.18]

8.81

10

6

1.02

10

5

4817

0.78 [0.42: 1.14]

2.40

10

5

1.07

10

4

4005

2.21

10

6

Phospholipids

Phospholipids in medium HDL

926
739

Total cholesterol (%)

Total cholesterol to total lipids
ratio in chylomicrons and
extremely large VLDL
Total cholesterol to total lipids
ratio in IDL

916

5.43 [4.08: 6.77]

2.65

10

15

4805

0.83 [0.48: 1.18]

3.60

10

6

Cholesterol esters to total lipids
ratio in very small VLDL

920

3.67 [2.28: 5.06]

2.25

10

7

4808

0.76 [0.40: 1.12]

3.13

10

5

Cholesterol esters to total lipids
ratio in IDL

917

5.45 [4.10: 6.79]

2.05

10

15

4807

0.67 [0.32: 1.03]

1.66

10

4

Triglycerides to total lipids ratio
in very small VLDL

924

3.68 [ 5.07: 2.30]

1.93

10

7

4814

1.05 [ 1.42: 0.68]

3.28

10

8

Triglycerides to total lipids ratio
in large LDL

923

5.70 [ 7.04: 4.36]

9.08

10

17

4813

0.96 [ 1.32: 0.61]

7.75

10

8

Triglycerides to total lipids ratio
in medium LDL

913

5.43 [ 6.79: 4.08]

4.05

10

15

4808

0.80 [ 1.15: 0.44]

9.26

10

6

Triglycerides to total lipids ratio
in small LDL

913

5.00 [ 6.37: 3.63]

8.91

10

13

4807

0.92 [ 1.28: 0.57]

3.73

10

7

Triglycerides to total lipids ratio
in IDL

923

5.75 [ 7.10: 4.40]

8.20

10

17

4811

1.15 [ 1.51: 0.80]

2.40

10

10

Triglycerides to total lipids ratio
in large HDL

886

4.17 [ 5.60: 2.75]

9.49

10

9

4612

1.34 [ 1.70: 0.98]

1.71

10

13

Phospholipids to total lipids
ratio in very small VLDL

923

2.34

10

5

4808

4.27

10

7

Cholesterol esters (%)

Triglycerides (%)

Phospholipids (%)

3.24 [1.80: 4.68]
3.02 [ 4.55: 1.49]

3.01 [1.61: 4.40]

0.90 [ 1.28: 0.53]

0.94 [0.58: 1.31]

Table 2. Metabolic traits consistently associated with renal function in diabetic and non-diabetic cohorts.
26 metabolic traits from 14 metabolic classes, listed here, were associated with eGFR consistently across both
diabetic and non-diabetic cohorts. Signs represent the directions of the regression coe cients in each diabetic
(GenodiabMar, diabetics-TwinsUK, diabetics-KORA) and non-diabetic (TwinsUK, KORA, YoungFinns)
cohort. Results were meta-analyzed for diabetic and non-diabetic cohorts separately. Association magnitudes
are eGFR per 1-SD (log-transformed) concentration. For detailed list of associations of all 227 analyzed
metabolic traits see Supplementary T2.

In the largest study of its kind, including 926 T2D diabetics and 4838 non-diabetics from four independent
European cohorts, we identi ed 142 metabolic traits consistently associated with renal function at P 0.001 and
with concordant e ects across cohorts: 59 in diabetics, 109 in non-diabetics, with an overlap of 26 traits. When
comparing the e ect directions, associations were largely concordant between diabetic and non-diabetic cohorts
(R2 0.60, Fig. 2). However, there were some notable exceptions. For instance, phospholipids and CE in IDL and
LDL were positively correlated with eGFR only in diabetic individuals, while phospholipid content in HDL was
positively associated with eGFR both cross-sectionally and longitudinally only in non-diabetics. We additionally identi ed four traits, valine, alanine, pyruvate, and albumin that were negatively associated with eGFR in
non-diabetics, and positively associated in diabetics, though the positive associations were not consistent across
all cohorts but driven by the GenodiabMar cohort that has a wider range of renal function impairment.
e metabolic measures identi ed fall into three categories: amino acids, energy-related metabolites, and
lipoprotein subclasses particles and their lipids composition.
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Figure 2. Comparison of metabolic associations with renal function between type 2 diabetics and nondiabetics. We compared associations of metabolic measures with eGFR between diabetic and non-diabetic
cohorts. Figure shows e ect sizes per 1-SD metabolite concentration from both meta-analyses, colored
according to signi cance level in diabetics (blue), non-diabetics (green) and both (cyan). Non-signi cant
associations are shown in grey (details are shown in Supplementary Table 2).

Figure 3. Metabolic traits associated with eGFR in diabetic and non-diabetic cohorts. As for lipoprotein
subclasses, associations with eGFR were calculated for several additional metabolic traits. E ect sizes per 1-SD
in metabolite concentration and respective 95% con dence intervals are shown for each cohort individually
and combined (black). e complete list of results including estimates for cohort heterogeneity can be found in
Supplementary Table 2.

Phenylalanine, serves as precursor for tyrosine in the liver and kidneys13. It has been previously
associated with insulin resistance, increased risk of T2D14 17 and is a predictor of CV events18. Moreover, reduced
rates of conversion of phenylalanine to tyrosine were observed in CKD19,20, leading to decreased circulating levels
of tyrosine and increased levels of phenylalanine. While previous studies found the negative association of eGFR
with tyrosine stronger than its positive associations with phenylalanine21, we found tyrosine levels decreased
only in diabetic patients (P 0.001) Also, the log-fold change of phenylalanine over tyrosine correlated stronger
SCIENTIFIC
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Figure 4. Lipoprotein classes associated with eGFR in diabetic and non-diabetic cohorts. Associations of
lipoprotein subclasses with eGFR were calculated in three type 2 diabetic (T2D) and three non-diabetic
(non-T2D) cohorts and results were meta-analyzed (black). Here we report regression coe cients and their
respective 95% con dence interval per 1-SD (log-transformed) metabolite concentration for each cohort and
the meta-analyses. For detailed list of results, including heterogeneity of e ect estimates, and full metabolites
names see Supplementary Table 2.
with eGFR in GenodiabMar than either individually (
13.13 [11.38:14.88], p 5.2 10 42). While increased
concentration of phenylalanine was associated with worse renal function in both diabetics and non-diabetics, it
was not predictive for disease progression in this study. is suggests that phenylalanine might not be a predictor
of renal decline but rather a consequence of renal dysfunction and a maker of vascular damage18. Indeed, phenylalanine was also associated at p 0.05 with DR and albuminuria suggesting an association with endothelial
microvascular damage.
Similarly, glycine is converted to serine in the kidneys22,23. us, impairment of renal function leads to accumulation of glycine, which was consistently observed in both diabetic and non-diabetics. Glycine also correlated
with albuminuria and DR at P 0.001 but did not predict longitudinal change of renal function. Previous studies
report glycine to be negatively associated with CV risk factors and T2D17, but renal function was not included
as a covariate. Also, eGFR usually increases in early stages of diabetes, before renal function declines. us, the
observed associations with risk for T2D might be confounded by renal function. Our results highlight the importance of including renal function as cofactor when studying diabetes, and are in line with T2D experimental
animal model studies, that revealed a lower urine excretion of glycine and accumulation of this metabolite in
diabetic kidney tissues12.
Alanine is a major precursor of hepatic and renal gluconeogenesis and glycolysis via pyruvate pathways. Together with glycerol, which was also negatively associated with eGFR, and glutamine, they constitute 90% of the substrates of gluconeogenesis. Metabolic acidosis induced by CKD leads to
increased abundance of circulating alanine, glutamine, and glutamate23. However, in the diabetic milieu, glucose
metabolism is heavily disturbed with an increased rate of gluconeogenesis24. Consequently, the decline of renal
function has a di erent impact on gluconeogenesis in diabetics, as evidenced by the di erent directions of associations for alanine and pyruvate in this study.
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