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Machine learning approaches revealed metabolic signatures of
incident chronic kidney disease in persons with pre-and type 2 diabetes
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ABSTRACT

Early and precise identification of individuals with pre-diabetes and type 2 diabetes
(T2D) at risk of progressing to chronic kidney disease (CKD) is essential to prevent
complications of diabetes. Here, we identify and evaluate prospective metabolite
biomarkers and the best set of predictors of CKD in the longitudinal, population-based
Cooperative Health Research in the Region of Augsburg (KORA) cohort by targeted
metabolomics and machine learning approaches. Out of 125 targeted metabolites,
sphingomyelin (SM) C18:1 and phosphatidylcholine diacyl (PC aa) C38:0 were
identified as candidate metabolite biomarkers of incident CKD specifically in
hyperglycemic individuals followed during 6.5 years. Sets of predictors for incident
CKD developed from 125 metabolites and 14 clinical variables showed highly stable
performances in all three machine learning approaches and outperformed the currently
established clinical algorithm for CKD. The two metabolites in combination with five
clinical variables were identified as the best set of predictors and their predictive
performance yielded a mean area value under the receiver operating characteristic curve
of 0.857. The inclusion of metabolite variables in the clinical prediction of future CKD
may thus improve the risk prediction in persons with pre- and T2D. The metabolite link

with hyperglycemia-related early kidney dysfunction warrants further investigation.
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INTRODUCTION

Chronic kidney disease (CKD) affects about 9.1% of the general population worldwide
(1). From 1990 to 2017, the global all-age mortality rate due to CKD increased by
41.5%, resulting in 1.2 million deaths only in 2017 (1).

Among the established risk factors for CKD, diabetes mellitus accounts for
30%-50% of all CKD cases (2) and its microvascular complication, diabetic
nephropathy, is the leading cause of end-stage kidney disease (3). Moreover,
undiagnosed diabetes and pre-diabetes have been related with high prevalence of CKD
in US, European and Asian populations (4-7). Early screening of hyperglycemic
individuals under risk of developing CKD is therefore crucial for effective prevention
and management of incident CKD in the framework of an integrated personalized
diabetes management (8).

Increased urinary albumin-to-creatinine ratio (UACR) and reduced estimated
glomerular filtration rate (eGFR) are two clinical biomarkers of kidney-related
structural damage and functional decline used to diagnose CKD (9). UACR, eGFR, age
and sex were reported to be highly predictive for progression of CKD (10). Albuminuria
and eGFR were also found to be the most important variables to predict onset and
progression of early CKD in individuals with type 2 diabetes (T2D). However, their
predictive ability was modest with an externally validated c-statistic of 0.68 even when
combined with age and sex (11). Since the traditional risk factors for CKD are

insufficient for reliable prediction of CKD in individuals with T2D, there is an urgent
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need for more sensitive and specific biomarkers for CKD prognosis in (pre-) diabetes
management.

A comprehensive individual profiling by means of metabolomics is a promising
approach to discover previously unconsidered associations between metabolic
signatures and clinical outcomes such as obesity, pre-diabetes and T2D (12-19). Several
studies investigated the metabolite profiles of CKD, both in the general and T2D
population (20-22). However, to the best of our knowledge, none of them had explored
the metabolites associated with future development of CKD in persons with (pre-) T2D.

In this study, we applied priority-Lasso and multivariate logistic regression
(MLR) to identify metabolites associated with incident CKD in the population-based
adult cohort KORA (Cooperative Health Research in the Region of Augsburg) (23; 24).
Using three machine learning approaches (support vector machine (SVM), random
forest (RF), adaptive boosting (AdaBoost)), we furthermore assessed the predictive
power of predictor sets constructed with metabolites and clinical phenotypes and
compared their performance with the typically used clinical algorithm for CKD. We
finally presented the best set of predictors for incident CKD in individuals with (pre-)

T2D.
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RESEARCH DESIGN AND METHODS

Study design and participants

We investigated the two follow-ups of the longitudinal cohort KORA survey 4
conducted in the area of Augsburg, Southern Germany. The first follow-up (F4)
involved 3,080 individuals (aged 32—81 years) examined between 2006 and 2008. The
second follow-up (FF4) examined 2,269 participants from 2013 to 2014 (23). Because
the metabolomics data and the clinical variables of CKD (eGFR and UACR) were
measured in the F4 study, we used F4 as baseline.

Individuals with hyperglycemia and normal glucose tolerance (NGT) were
classified according to baseline fasting and two hour post load glucose (2-h glucose)
values using the World Health Organization diagnostic criteria (25). Hyperglycemic
group comprised participants with pre-diabetes and newly diagnosed T2D (i.e., fasting
glucose > 110 mg/dl and/or 2-h-glucose glucose > 140 mg/dl), as well as known T2D
that was diagnosed by physician validated self-reporting and/or current use of anti-
diabetes agents (13; 23).

We examined 2,142 individuals who participated in both KORA F4 and FF4.
Exclusion criteria were: 1) non-fasting samples (n = 5 at F4); 2) missing eGFR and
UACR (n =16 at F4, n = 64 at FF4) or covariate values (n = 19 at F4); 3) diagnosis for
type 1 diabetes (n = 6 at F4), unclear type of diabetes mellitus (n = 21 at F4) or CKD
(n =173 at F4). The remaining dataset comprised 385 hyperglycemic participants and

1,453 individuals with NGT (Fig. 1, Table 1). The hyperglycemic participants were



Diabetes

used to identify candidate metabolite biomarkers for incident CKD and to develop and
evaluate sets of metabolite and clinical predictors. The NGT participants were used for
sensitivity analyses of candidate biomarkers.

All study participants gave written informed consent. The KORA study was
approved by the ethics committee of the Bavarian Medical Association, Munich,
Germany.

Outcome definition

The eGFR was calculated from serum creatinine (mg/dl) and cystatin-C (mg/dl) (IDMS
and IFCC standardized values) using the Chronic Kidney Disease Epidemiology
Collaboration (CKD-EPI) equation (26). Non-CKD was defined as an eGFR > 60
ml/min/1.73 m?and an UACR < 30 mg/g at both F4 and FF4 (9). Incident cases of CKD
consisted of participants that were non-CKD at baseline (F4) but had reduced kidney
function (eGFR < 60 ml/min/1.73 m?) and/or kidney damage (UACR > 30 mg/g) at

follow-up (FF4).

Metabolite quantification and normalization

The serum samples from participants in the KORA F4 study were measured with the
Absolute/DO™ p150 Kit (BIOCRATES Life Sciences AG, Innsbruck, Austria) (24;
27). In total, 3,061 serum samples of the F4 study were quantified for 163 metabolites

in 38 randomly distributed kit plates (Table S1). Each plate also contained three quality
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control (QC) samples (gender mixed human plasma provided by the manufacturer) and
one zero sample (PBS).

Identical QC procedures were used (13). Each metabolite met two criteria: 1)
average value of the coefficient of variance in the three QCs < 25%; 2) 50% of all
measured sample concentrations above 3 times median of the 38 zero samples. In total,
125 metabolites passed the criteria and were used in the subsequent analysis (Table S1).
To minimize the plate effect, metabolite concentrations were adjusted for the plate
normalization factors (NFs). For each metabolite, the plate NFs were calculated by
dividing the mean of QC sample values in each plate with the mean of all QC sample
values in 38 plates. As shown in Fig. S1, plate normalization efficiently corrected the
inter-plate variations in metabolite concentration.

To ensure comparability between different metabolites, their concentrations
were natural-log transformed and scaled to a mean value of zero and standard deviation

(SD) of one.

Three-step feature selection
Since feature reduction is an important aspect of predictive modeling we defined a
three-step feature selection procedure.

In order to decrease the false positive rate of the final discovery, we firstly used
MLR adjusted for the two sets of covariates based on medical knowledge (11). Basic

model was adjusted for age, sex, BMI, systolic blood pressure (BP), smoking status,
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triglyceride, total cholesterol, HDL cholesterol and fasting glucose. Full model was
additionally adjusted for the use of lipid-lowering, antihypertensive and anti-diabetic
medication, and for baseline eGFR and UACR (Fig. 1). Metabolites that were
significantly associated with incident CKD in the full model (P < 0.05) were retained.

Secondly, we applied the machine learning method priority-Lasso to deal with
multi-collinearity of included variables and to retain metabolite and clinical variables
with non-zero coefficients. Priority-Lasso is a Lasso-based intuitive procedure that
utilizes prior knowledge of the study outcome by defining the blocks of different types
of predictor variables (28). We defined 14 clinical variables in the full model as block
1 whereas the metabolites retained after the first-step screen were defined as block 2.
The penalization parameters A in each block were determined as values with maximum
area under the receiver operating characteristic curve (AUC) estimated in a 10-fold
cross-validation.

Thirdly, we used logistic regression with backward stepwise selection according
to the Akaike information criterion (4/C) to select for the most strongly associated
variables with incident CKD and reduce model complexity (Fig. 1).

After the three-step feature selection, the selected metabolites from the 385

hyperglycemic individuals were regarded as candidate biomarkers.

Sensitivity analyses of candidate biomarkers

We conducted four sensitivity analyses to reduce the possibility of chance

Page 10 of 51



Page 11 of 51

Diabetes

findings (Fig. 1): 1) a nearest-neighbor propensity score matching in nested case-
control study design was used to balance cases and controls on conventional risk factors
of CKD. MLR analysis was used to generate propensity scores using incident CKD as
outcome and covariates from the full model. The caliper was defined as 0.1. After 1-
to-1 propensity score matching, we investigated the association of candidate
biomarkers with incident CKD by conditional logistic regression; 2) we investigated
whether the predictive effect of candidate biomarkers for incident CKD was dependent
of the hyperglycemic status. We examined the association of the candidate biomarkers
with incident CKD in 1453 normoglycemic participants by MLR; 3) we explored the
interaction effects of candidate biomarkers with glucose levels for incident CKD in
1838 individuals and performed a stratified analysis by MLR. We next examined the
multiplicative interaction effects between candidate biomarkers and glucose groups by
adding related multiplicative terms in the MLR models. The significance of interaction
terms was tested by ANOVA LRT-test; 4) we examined the association of candidate
biomarkers with UACR-based (UACR > 30 mg/g) and eGFR-based (eGFR < 60

ml/min/1.73 m?) incident CKD separately in hyperglycemic participants.

Development and evaluation of predictor sets
We performed the three-step feature selection with 100 random repeats of 10-fold
cross-validation to develop the sets of metabolite and clinical predictors for incident

CKD in hyperglycemia (Fig. 1). Their predictive performances were evaluated using
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AUC. The AUC values of developed predictors were compared with the established
prediction model consisting of age, sex, eGFR, and UACR (10; 11). These four clinical
variables were used as reference predictors.

In each 10-fold cross-validation, the data from 385 hyperglycemic individuals
were randomly partitioned into 10 non-overlapping subsets. Each of these 10 subsets
was regarded in turn as testing data, whereas the remaining nine subsets were used as
training data (Fig. 1). In each iteration, a set of metabolite and clinical variables for
incident CKD was identified with the three-step feature selection procedure using one
of the training datasets. The identified predictor set and the reference predictors were
used to develop respective prediction models with SVM. In this way, two prediction
models were built using one training dataset. The AUC values of respective two models
were computed for the testing data only (Fig. 1). The average AUC value over 10
iterations of one 10-fold cross-validation was calculated and finally presented. In order
to assess the robustness of the predictive results, the predictive models were
furthermore built using another two machine learning approaches (i.e., RF and
AdaBoost) and the corresponding AUC values were reported.

SVM models were fitted with the R e1071 package (29). The kernel parameter
was defined as radial (i.e., Gaussian radial basis function). The corresponding
parameters gamma and cost (i.e. cost of constraints violation) of radial basis kernel
were defined as the values with the best performance estimation using 10-fold cross-

validation with a grid search over supplied value ranges; RF models were fitted with

11
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the R randomForest package, which implements Breiman’s classic algorithm (30). The
two RF parameters, nTree (i.e., the number of trees to grow for each forest) and mTry
(i.e., the number of input variables randomly chosen at each split), were set to 600 and
the default setting (floor of square root of the number of features), respectively. The R
ada package was used to fit the AdaBoost models (31). The three AdaBoost parameters
loss (i.e., loss function), type (i.e., type of boosting algorithm to perform) and iter (i.e.,
number of boosting iterations to perform) were set to ada (corresponding to the default
boosting under exponential loss), discrete (discrete boosting) and 200, respectively.

In total, we performed 100 repeats of 10-fold cross-validations including 1000
times of three-step feature selection. The most frequently selected set of metabolites
and clinical variables among these 1000 selection rounds was subsequently defined as
the best set of predictors for incident CKD in hyperglycemia.

All statistical analyses were performed in R (version 3.5.0) and two-sided P-

value < 0.05 was considered as statistically significant.

Data and resource availability
The KORA F4/FF4 data sets are not publicly available because of data protection
agreements but can be provided upon request through the KORA-PASST (Project

application self-service tool, www.helmholtz-muenchen.de/kora-gen).
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RESULTS

Baseline characteristics of study participants

Among 1,838 eligible, non-CKD participants of the KORA F4 study, 200 individuals
developed CKD during a mean follow-up of 6.5 years (Fig. 1, Table 1). Incident CKD
was diagnosed more frequently in hyperglycemic participants (22.1%) than in
individuals with NGT (7.9%) (Table 1). Compared with non-CKD individuals, the
incident cases of CKD in hyperglycemic and NGT groups were significantly older and
had significantly higher baseline values of HbA 1c, fasting and 2-h glucose and UACR,
whereas their baseline eGFR values were significantly lower. They also self-reported

a significantly higher intake of anti-hypertensive and lipid-lowering medication (Table

1.

Identification of metabolite biomarkers for incident CKD in hyperglycemia

Of 125 analyzed metabolites in 385 hyperglycemic participants, the baseline values of
13 metabolites were nominally associated (P < 0.05) with incident CKD, both in basic
and full MLR models (Fig. 2A, Table S2). Among the 13 metabolites, nine
corresponded to sphingomyelins (SMs) and SM C18:1 remained significant after
stringent Bonferroni correction (Figs. 2A, S2). Of the 13 metabolites, four metabolites
were selected by priority-Lasso and two (SM C18:1 and phosphatidylcholine diacyl
(PC aa) C38:0) remained significant after stepwise A/C selection (Fig. 1). The relative

concentrations of the two metabolites were significantly higher in 85 incident CKD

13
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cases when compared to 300 non-CKD individuals (Fig. 2B). For example, a SD
increase in the In-transformed SM C18:1 concentration at baseline was associated with
a 122% increased odds of CKD at follow-up (full model P = 3.315E-04; Table S2).
The results of the three-step feature selection thus identified two metabolites,
SM Cl18:1 and PC aa C38:0, as candidate biomarkers of incident CKD in

hyperglycemic individuals.

Sensitivity analyses consolidate the candidate CKD biomarkers

Propensity score matching in 385 hyperglycemic individuals resulted in 62 one-to-one
matched incident CKD and non-CKD pairs. All covariates from the full model showed
similar characteristics between the cases and matched controls (Table S3) and the two
candidate biomarkers showed significant risk associations with incident CKD (Table
S4).

Both metabolites were not significantly associated with incident CKD in 1453
normoglycemic individuals, i.e. when 115 incident CKD cases were compared with
1338 non-CKD individuals that were both NGT at baseline (Tables 1 and S5, Fig. 2B).
This result indicates that the two candidate biomarkers of incident CKD are specific for
hyperglycemia.

Their specificity for hyperglycemia was further confirmed by metabolite-
glucose interaction analysis. The risk estimates of SM C18:1 and PC aa C38:0

association with incident CKD were significant only in the hyperglycemic subgroup as
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well as in the top tertile of fasting and 2-h glucose, respectively (Table S5). Moreover,
SM C18:1 demonstrated significant multiplicative interaction effects with glycemic
status and 2-h glucose (Fig. 3, Table S5).

The fourth sensitivity analysis aimed to address the UACR- and eGFR-based
outcomes separately. Among 385 hyperglycemic participants, 32 and 65 developed
incident CKD according to UACR- and eGFR criteria, respectively. Both metabolites
showed consistently significant risk effects for the UACR-based incident CKD in
hyperglycemic participants, both in basic and full MLR (Table S6). Moreover, SM
C18:1 was a significant predictor for eGFR-based incident CKD in the basic MLR

(Table S6).

Superior discrimination ability and the best set of predictors of incident CKD in
hyperglycemia

During 100 times of 10-fold cross-validation, the median AUC values of our developed
sets of predictors (i.e. metabolites and clinical variables) were stable in all three
machine learning algorithms with corresponding values above 0.813 (Fig. 4 and Table
S7). When compared to the reference predictors (age, sex, eGFR, UACR), the median
AUC value of our developed sets of predictors increased by 2.5% and reached 0.825
(95% CI = 0.801-0.849, SVM algorithm, Table S7), thereby outperforming the
reference predictors in 97 out of 100 times of 10-fold cross-validation (Table S7). The

improvement remained consistent after applying other two machine learning

15
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approaches, RF (2.9% absolute increase in median AUC value) and AdaBoost (1.6%)
(Table S7). These results suggest that our developed sets of predictors outperform the
established clinical predictors for incident CKD.

We further identified the best set of predictors for incident CKD, which
consisted of two metabolites (SM C18:1, PC aa C38:0) and five clinical variables (age,
total cholesterol, fasting glucose, eGFR, UACR). This set was the most frequently
selected set with 113 times over 1000 selection rounds (Table S8). Moreover, these
seven variables were the most important ones, and metabolites SM C18:1 and PC aa
C38:0 were selected 857 and 593 times over these 1000 rounds (Table S9). The mean
AUC value of the best set of predictors for incident CKD was 0.857, which was 4.8%
higher than the corresponding AUC value of the full model containing 14 clinical

variables including two known CKD biomarkers eGFR and UACR (Table S10).

DISCUSSION

This longitudinal study revealed significant accumulation of sphingo- and
glycerophospholipids (SM C18:1 and PC aa C38:0) in (pre-) T2D individuals up to 6.5
years before their clinical onset of CKD. These candidate metabolite biomarkers of
incident CKD were specific for hyperglycemic state, i.e. individuals with increased
fasting and/or 2-h glucose levels. Highly stable performances of the sets of predictors
for incident CKD developed from 125 metabolites and 14 clinical variables were

furthermore independently confirmed with three machine learning algorithms. The best
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set of predictors consisted of the two metabolites (SM C18:1, PC aa C38:0) and five
clinical variables (age, total cholesterol, fasting glucose, eGFR, UACR) and showed
the best predictive power for early discrimination of hyperglycemic individuals at high
risk of progressing to CKD.

Despite the relatively low coverage of our targeted metabolomics approach, i.e.
lack of ceramides and other sphingolipids, our results support evidence on
sphingomyelin accumulation in glomerular diseases of genetic and non-genetic origin
(32). Out of 125 analyzed metabolites comprising amino acids, acylcarnitines, hexoses,
glycerophospho- and sphingolipids (Table S1), SMs represented the majority of
metabolites associated with incident CKD in hyperglycemic participants (P < 0.05, Fig.
2A). Increased SM levels in relation with CKD were also reported in individuals with
Type 1 Diabetes (T1D) (33) and T2D (34), except for the non-targeted lipidomic study
of T1D (35). Isomer annotation of the top significant metabolite SM C18:1 in our study
revealed that it may consist of several sphingoid backbones (d16:1, d18:0, d18:1, d18:2,
d19:1) bound to mainly saturated or monounsaturated fatty acyls with 16-18 carbons
(36). A similar preference for saturated fatty acyl chains was found for PC aa C38:0
and PC aa C42:0, two diacyl PCs with positive association trends with incident CKD
(Fig. 2A).

Circulatory levels of several other metabolites associated with CKD in our study
(SM C16:0, SM C16:1, SM C24:1 and PC aa C38:0) have previously been shown to

positively associate with coronary artery disease mortality (37). SM C16:0 and SM

17
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C16:1 were also found to be positively associated with myocardial infarction (38).
Moreover, higher plasma SMs were found in patients with coronary artery disease and
causally related with progression of atherosclerosis lesions in animal models (39; 40).
The PC aa C32:2 that showed an inverse association with incident CKD in our study
was previously found to be protective for coronary artery disease mortality (37).These
observations suggest that metabolic alterations associated with incident CKD may also
reflect underlying cardiovascular disease, for which CKD is an independent risk factor
(41).

Circulatory accumulation in SMs and saturated PCs in individuals with pre-
diabetes and T2D may also reflect early stages of diabetic nephropathy such as
mesangial matrix expansion, podocyte injury and glomerular enlargement (42). The
sphingomyelin SM (d18:1/16:0) was reported to accumulate in the enlarged glomeruli
of diabetic and obese mice and was detected in the glomeruli and vasculature of human
kidney (43). SM (d18:1/16:0) is one of the possible isomers for SM C16:0 that was
positively associated with incident CKD in our study (Fig. 2A) and highly correlated
with our top hit SM C18:1 (Pearson’s correlation coefficient = 0.66, P < 2.2e-16, Fig.
S2). Renal accumulation in SM (d18:1/16:0) was related with reduced enzyme activity
of AMP-activated protein kinase (AMPK) in the diabetic kidney glomeruli,
mitochondrial dysfunction and CKD progression (43).

The altered levels of certain SM and PC species in hyperglycemic individuals

under increased risk for CKD could be caused by fluctuations in their fatty acid profile,
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which influences the first rate-limiting step in de novo SM synthesis, due to nutritional
oversupply, dyslipidemia (44) or gut microbiome (45). The severity of CKD correlates
with increased levels of saturated and mono-unsaturated fatty acids (46) and enzymes
involved in de novo synthesis and the ceramide-sphingomyelin homeostasis such as
sphingomyelin synthase 2 (SMS2) show fatty acyl-chain specificity and may determine
the regional expression of SM species in the kidney (47). Reduced SM levels in the
plasma membranes and lipoproteins improves whole-body insulin sensitivity (48) and
SMS2 inhibition was suggested as a potential therapeutic target for controlling
inflammatory responses and atherosclerosis (49; 50). Whether SMS2 inhibition could
prevent the development of CKD in hyperglycemic individuals requires further
investigation.

The current predictive models for CKD mainly rely on clinical variables (10;
11; 51; 52). Our study demonstrates that two candidate metabolite biomarkers, in
combination with five clinical variables, yield the best performing set of predictors for
incident CKD in hyperglycemic individuals. Furthermore, we show the power of
appropriate combination of state-of-the-art machine learning and classical statistical
approaches to reveal novel biomarkers and improve the performance of classical
clinical predictors of CKD. The three-step feature selection, which we define in this
study, was able to capture as few predictors as possible but achieve better predictive
performance, which fulfills the ideal setting of clinical practice. Many epidemiological

studies have used inappropriate ways to evaluate the performance of the identified
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variables, in which, for example, certain variables were selected from the whole data
set and then the predictive performance was only evaluated on those selected variables
using resampling approaches on the same data set (53). Consequently, this could have
potentially strongly overestimated the predictive performance, because the testing data
set has been included as part of the whole data set to perform variable selection, and it
cannot be regarded as testing data set anymore (53). In our study, we employed cross-
validation in a combination with three-step feature selection and applied stringent
internal validation procedures to evaluate the performance of the identified sets of
predictors. In each round, the variable selection was only conducted in the training data
and the performance evaluation was only performed in the testing data. In this way, we
were able to attain accurate and unbiased internal AUC estimates. Given these
advantages as described above, the consistent improvement of our developed sets of
predictors on top of four established reference predictors in all three machine learning
algorithms can be regarded as a significant progress.

Our study has several additional advantages. We used a well-characterized,
population-based human cohort that allows to adjust for the influence of demographic
parameters, medication and other clinical variables. Our stringent QC of metabolite
profiles and adjustment for plate effects reduced the noise among all 3,061 measured
samples. We performed sensitivity analyses to confirm the candidate metabolite

biomarkers and investigate their interaction with glycemia.
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A limitation of our study is a missing replication (of ten international human
cohorts, none included at least 50 incident CKD cases in hyperglycemia and metabolites
we measured). Discriminatory power of the candidate biomarkers and the best set of
predictors cannot be generalized due to lack of external validation. Thus, we are aware
that larger prospective studies are needed to validate our discoveries.

In summary, we identified two candidate metabolite biomarkers and the best set
of predictors for incident CKD that are specific for individuals with pre-diabetes and
T2D. This study demonstrates the value of metabolomics and appropriate combination
of predictors in the improvement of accurate detection of hyperglycemic individuals
with enhanced risk for CKD. With rising worldwide prevalence and burden of (pre)-
diabetes-related CKD, combining metabolite and clinical predictors is a promising
approach for effective predictions of future CKD in the framework of an integrated

personalized diabetes management.
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Table 1. Characteristics of the KORA study population
KORA participants were classified according to their hyperglycemic status at baseline
(F4) and incident chronic kidney disease status at follow-up (FF4). Unless indicated,
variables show baseline measurements. Mean + standard deviation is provided for
quantitative variables if not indicated otherwise. P-values were calculated by
univariate logistic regression. P-values shown in bold represent statistical significance

at 0.05 level.

Abbreviations: CKD, chronic kidney disease; HbA,., glycated hemoglobin; 2-h
glucose, two hour post load glucose; NGT, normal glucose tolerance; BP, blood
pressure; eGFR, estimated glomerular filtration rate; UACR, urinary albumin-to-

creatinine ratio.

Clinical variables

Hyperglycemic participants

NGT participants

Incident CKD Non-CKD P-value Incident CKD Non-CKD P-value
N =385 N =300 N=115 N = 1338

Age, years 67.78 £ 8.78 59.44+9.39 1.29E-10 60.97 + 12 50.05 +10.82 4.81E-20

Sex, male, % 55.29 58.00 0.656 46.09 46.64 0.910

BMI, kg/m? 30.11 £4.58 29.74 + 4.80 0.522 27.39+4.51 26.29 £ 4.09 0.007

HbA,. (%) 6.06 = 0.86 5.82+0.57 0.004 5.49+0.29 5.33+0.30 3.71E-08

HbA . (mmol/mol) 42.81 £9.32 40.14 £ 6.24 0.004 36.56 +3.24 34.76 + 3.39 1.03E-07

Fasting glucose, mg/dl 116.02 £+ 28.6 110.23 +£18.82 0.031 93.61 +7.42 91.4+7.56 0.003

2-h glucose, mg/dl 173.59 £43.17° 159.82 +£39.87° 0.019 102.7 +£20.68 96.37 £ 20.53 0.002

Systolic BP, mmHg 132.01 +£18.72 128.78 £ 17.16 0.135 124.73 £18.42 117.69 + 15.87 9.59E-06

Diastolic BP, mmHg 75.14 +£9.53 78.25+9.47 0.009 76.36 +£10.51 74.81+£9.3 0.089

Triglyceride, mg/dl? 130.0 [93 - 186] 133.5[94.8 - 195.3] 0.859 107 [75 - 143] 91 [63 - 130] 0.220

Total cholesterol, mg/dl 212.87 £38.32 225.2+39.7 0.012 219.39 +40.24 213.45+37.75 0.108

HDL cholesterol, mg/dl 51.87+11.64 51.66 + 13.66 0.897 57.06 £ 15.27 58.00 + 14.70 0.514

LDL cholesterol, mg/dl 130.64 +35.47 144.77 £ 34.47 0.001 138.45 +35.56 134.03 £ 33.84 0.180

Baseline eGFR, 7842+ 13.6 90.48 +12.48 2.18E-11 83.13+15.85 98.38 £ 12.79 1.39E-25

mL/min/1.73 m?

Follow-up eGFR, 57.5+18.3 81.67+£13.12 66.68 +19.32 89.5+13.48

mL/min/1.73 m?

Baseline UACR, mg/g? 10.22 [4.8 - 15.0] 5.45[3.8-9.1] 2.54E-07 7.16 [4.7 - 13.8] 4.64[3.2-7.2] 3.81E-13

Follow-up UACR, mg/g? 14.47 [6.02 - 41.02] 5.54[3.34-9.47] 18.51[5.4-54.11 4.22[2.9-6.6]

Smoking, % 0.321 0.699
Non-smoker 47.06 41.33 Ref. 41.74 42.15 Ref.
Former smoker 47.06 48.00 0.558 41.74 38.57 0.676
Current smoker 5.88 10.67 0.159 16.52 19.28 0.607

Medication usage, %

Lipid-lowering 30.59 11.33 3.20E-05 15.65 6.28 2.78E-04
Antihypertensive 71.76 42.67 4.49E-06 50.43 16.07 8.88E-17
Anti-diabetic 16.47 11.33 0.208 0 0 -

2 values are presented as median [25%-75% percentile];

Y In the hyperglycemic participants, 2-h glucose levels were only available in 61 individuals with incident CKD and

254 individuals without CKD.

34



Diabetes

FIGURE LEGENDS

Figure 1. Study design

Abbreviations: CKD, chronic kidney disease; BP, blood pressure; eGFR, estimated
glomerular filtration rate; UACR, urinary albumin-to-creatinine ratio; A/C, Akaike
information criterion; SVM, support vector machine; RF, random forest; AdaBoost,
adaptive boosting.

Figure 2. Serum metabolite associations with incident chronic kidney disease

A, Volcano plot of the association results for 125 metabolites with incident CKD in
hyperglycemic individuals. Odds ratios and P-values are from logistic regression
analysis adjusted for age, sex, BMI, systolic blood pressure, smoking status,
triglyceride, total cholesterol, HDL cholesterol, fasting glucose, use of lipid lowering
drugs, antihypertensive and anti-diabetic medication, and baseline values of estimated
glomerular filtration rate and urinary albumin-to-creatinine ratio. The upper and the
lower interrupted lines represent Bonferroni-corrected and uncorrected (P = 0.05)
significance levels, respectively. B, Mean residuals (with standard errors) of SM C18:1
and PC aa C38:0 for non-CKD and incident CKD in hyperglycemic and NGT
individuals, respectively. Metabolite residuals were calculated with linear regression
models adjusted for age, sex, BMI, systolic blood pressure, smoking status, triglyceride,
total cholesterol, HDL cholesterol, and fasting glucose. Abbreviations: CKD, chronic
kidney disease; SM, sphingomyelin; PC aa, phosphatidylcholine diacyl; NGT, normal
glucose tolerance.

Figure 3. Stratified associations of candidate biomarkers with incident chronic
kidney disease according to glucose status

Associations of SM C18:1 and PC aa C38:0 with incident chronic kidney disease
stratified by hyperglycemic status (A), and each tertile of fasting glucose (B) and 2-h
glucose (C) values. Regression coefficients in NGT, first and second tertile of fasting
and 2-h glucose were adjusted for age, sex, BMI, systolic blood pressure, smoking
status, triglyceride, total cholesterol, HDL cholesterol, fasting glucose, use of lipid
lowering drug and antihypertensive medication, and baseline values of estimated
glomerular filtration rate and urinary albumin-to-creatinine ratio. Regression
coefficients in hyperglycemic group and the top tertile of fasting and 2-h glucose were
additionally adjusted for anti-diabetic medication. Abbreviations: NGT, normal
glucose tolerance; 2-h glucose, two hour post load glucose; SM, sphingomyelin; PC aa,
phosphatidylcholine diacyl.

Figure 4. Prediction performance of incident chronic kidney disease in
hyperglycemic individuals in three machine learning approaches

The boxplots show the AUC values of two models applying three machine learning
approaches over 100 times of 10-fold cross-validation. Reference predictors: baseline
age, sex, estimated glomerular filtration rate and urinary albumin-to-creatinine ratio.
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Developed sets of predictors: combination of metabolites and clinical variables which
were identified by the three-step feature selection in each round. For the resampling
rounds, in each iteration of each 10-fold cross-validation, the three-step feature
selection procedure was conducted and metabolites and clinical variables were selected
in the training data. The set of selected metabolites and clinical variables and the
reference predictors were used to develop respective prediction models with the three
approaches in the training data. The AUC values were computed for the test data only.
The ten AUC values of each model of each approach were averaged to produce a single
estimate that was displayed in boxplots. The procedure of 10-fold cross-validation was
randomly repeated 100 times, which generated 100 cross-validation AUC values of
each prediction model for each approach. Abbreviations: AUC, area under the receiver
operating characteristic curve.
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Fig. 1
Discovery human cohort
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Figure 1. Study design Abbreviations: CKD, chronic kidney disease; BP, blood pressure; eGFR, estimated
glomerular filtration rate; UACR, urinary albumin-to-creatinine ratio; AIC, Akaike information criterion; SVM,

3. Interactions with glucose groups: N = 1838 (Fig. 3, Table S5)
4. UACR- and eGFR-based incident CKD: N = 32 & N = 65 (Table S8)

Pathway analysis

» Mechanistic exploration

support vector machine; RF, random forest; AdaBoost, adaptive boosting.
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Figure 2. Serum metabolite associations with incident chronic kidney disease
A, Volcano plot of the association results for 125 metabolites with incident CKD in hyperglycemic individuals.
Odds ratios and P-values are from logistic regression analysis adjusted for age, sex, BMI, systolic blood
pressure, smoking status, triglyceride, total cholesterol, HDL cholesterol, fasting glucose, use of lipid-
lowering drugs, antihypertensive and anti-diabetic medication, and baseline values of estimated glomerular
filtration rate and urinary albumin-to-creatinine ratio. The upper and the lower interrupted lines represent
Bonferroni-corrected and uncorrected (P = 0.05) significance levels, respectively. B, Mean residuals (with
standard errors) of SM C18:1 and PC aa C38:0 for non-CKD and incident CKD in hyperglycemic and NGT
individuals, respectively. Metabolite residuals were calculated with linear regression models adjusted for
age, sex, BMI, systolic blood pressure, smoking status, triglyceride, total cholesterol, HDL cholesterol, and
fasting glucose. Abbreviations: CKD, chronic kidney disease; SM, sphingomyelin; PC aa, phosphatidylcholine

diacyl; NGT, normal glucose tolerance.
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Figure 3. Associations of candidate biomarkers with incident CKD stratified according to glucose status
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Machine learning approaches revealed metabolic signatures of incident
chronic kidney disease in persons with pre- and type 2 diabetes
Supplementary Tables
Table S1. Metabolite panel of baseline KORA F4 study
The abbreviations and biochemical names of 163 metabolites are shown in the first and second column,
respectively. The third column shows the missing rate of each metabolite among 3,061 KORA F4
individuals. The non-detectable rate was defined as the number of the non-detectable values divided by
the number of all measured values. The fourth column presents the arithmetic means of the coefficients
of variance (CV) of 114 quality controls samples (i.e. three on each kit plate). The percentage of
individuals above the limit of detection (LOD) among 3,061 KORA F4 participants is shown in the fifth
column. The sixth column presents the mean value of metabolite concentration (uM) in 3,061 KORA
F4 participants after adjusting for plate effects. The last column shows the status (used/excluded) for
each metabolite.
Metabolite Biochemical name Non- Ccv Above Mean Application
Detectable (%) LOD (%) Concentration
Rate (%) (nM)
Co Carnitine 0.0 7.50 99.97 35.89 Used
C10 Decanoylcarnitine 0.0 12.40 98.30 0.36 Used
C10:1 Decenoylcarnitine 0.0 10.45 36.20 0.17 Excluded
C10:2 Decadienylcarnitine 0.0 15.61 58.58 0.04 Used
C12 Dodecanoylcarnitine 0.0 10.63 89.51 0.13 Used
Cl12:1 Dodecenoylcarnitine 0.0 13.51 2.16 0.15 Excluded
C12-DC Dodecanedioylcarnitine 0.0 15.71 0.00 0.06 Excluded
Cl4 Tetradecanoylcarnitine 0.0 11.80 47.60 0.05 Excluded
Cl4:1 Tetradecenoylcarnitine 0.0 20.10 99.97 0.15 Used
C14:1-OH Hydroxytetradecenoylcarnitine 0.0 17.88 76.54 0.02 Used
Cl14:2 Tetradecadienylcarnitine 0.0 11.19 99.44 0.03 Used
Cl14:2-OH Hydroxytetradecadienylcarnitine 0.0 24.24 44.10 0.01 Excluded
Cl16 Hexadecanoylcarnitine 0.0 10.02 99.97 0.12 Used
Cl6:1 Hexadecenoylcarnitine 0.0 10.39 2.48 0.04 Excluded
Cl16:1-OH Hydroxyhexadecenoylcarnitine 0.0 17.20 1.31 0.01 Excluded
Cl16:2 Hexadecadienylcarnitine 0.0 19.46 77.56 0.01 Used
C16:2-OH Hydroxyhexadecadienylcarnitine 0.0 20.19 1.08 0.01 Excluded
C16-OH Hydroxyhexadecanoylcarnitine 0.0 21.99 3.23 0.01 Excluded
C18 Octadecanoylcarnitine 0.0 12.52 99.90 0.05 Used
C18:1 Octadecenoylcarnitine 0.0 13.30 99.93 0.13 Used
C18:1-OH Hydroxyoctadecenoylcarnitine 0.0 25.50 1.14 0.01 Excluded
C18:2 Octadecadienylcarnitine 0.0 11.00 99.97 0.05 Used
C2 Acetylcarnitine 0.0 9.62 99.97 8.26 Used
C3 Propionylcarnitine 0.0 10.28 99.97 0.40 Used
C3:1 Propenonylcarnitine 0.0 37.84 0.49 0.01 Excluded
C3-OH Hydroxypropionylcarnitine 0.0 98.90 7.64 0.03 Excluded
C4 Butyrylcarnitine 0.0 11.20 99.97 0.23 Used
C4:1 Butenylcarnitine 0.0 35.99 10.42 0.02 Excluded
C4-OH (C3-DC) Hydroxybutyrylcarnitine 0.0 34.81 9.64 0.09 Excluded
Cs Valerylcarnitine 0.0 15.83 99.97 0.12 Used
C5:1 Tiglylcarnitine 0.0 26.40 1.83 0.03 Excluded
C5:1-DC Glutaconylcarnitine 0.0 51.54 13.92 0.02 Excluded
C5-DC (C6-OH) Glutarylcarnitine 0.0 36.29 58.05 0.03 Excluded
C5-M-DC Methylglutarylcarnitine 0.0 48.62 3.82 0.03 Excluded
C5-OH Hydroxyvalerylcarnitine 0.0 2431 14.05 0.04 Excluded
C6 (C4:1-DC) Hexanoylcarnitine (Fumarylcarnitine) 0.0 14.19 87.62 0.07 Used
Cé6:1 Hexenoylcarnitine 0.0 36.13 3.50 0.02 Excluded
C7-DC Pimelylcarnitine 0.0 29.31 73.21 0.05 Excluded
C8 Octanoylcarnitine 0.0 9.73 50.38 0.23 Used
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Phosphatidylcholine diacyl C38:5
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Phosphatidylcholine diacyl C40:1
Phosphatidylcholine diacyl C40:2
Phosphatidylcholine diacyl C40:3
Phosphatidylcholine diacyl C40:4
Phosphatidylcholine diacyl C40:5
Phosphatidylcholine diacyl C40:6
Phosphatidylcholine diacyl C42:0
Phosphatidylcholine diacyl C42:1
Phosphatidylcholine diacyl C42:2
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Phosphatidylcholine diacyl C42:5
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Phosphatidylcholine acyl-alkyl C30:2
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0.0
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0.0
0.0
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0.0
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1.68
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105.98
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Table S2. List of 26 metabolites significantly associated with incident chronic kidney disease in

either basic or full model in hyperglycemic individuals

Odds ratios (ORs) with 95% CI and P-values of multivariable logistic regression are shown. The basic
model was adjusted for age, sex, BMI, systolic blood pressure, smoking status, triglyceride, total
cholesterol, HDL cholesterol, and fasting serum glucose. The full model was additionally adjusted for
use of lipid lowering drugs, antihypertensive and anti-diabetic medication, baseline estimated
glomerular filtration rate and urinary albumin-to-creatinine ratio. P-values shown in bold represent
statistical significance at 0.05 level. Abbreviations: SM, sphingomyelin; PC aa, phosphatidylcholine
diacyl; PC ae, phosphatidylcholine acyl-alkyl.

Metabolites Basic Model Full Model

OR (95% CI) P-value OR (95% CI) P-value
C10 1.42 (1.03 - 1.98) 3.317E-02 1.24 (0.86 - 1.80) 2.495E-01
Cl12 1.49 (1.09 - 2.05) 1.268E-02 1.35(0.95-1.92) 9.131E-02
Cl4:1 1.37 (1.04 - 1.83) 2.919E-02 1.36 (0.99 - 1.89) 5.751E-02
C18 1.44 (1.06 - 1.98) 2.331E-02 1.30 (0.92 - 1.84) 1.376E-01
C18:1 1.44 (1.07 -1.97) 1.892E-02 1.39 (0.99 - 1.96) 6.293E-02
C6 (C4:1-DC) 1.41 (1.05 -1.89) 2.244E-02 1.25(0.90 - 1.75) 1.884E-01
C8 1.39 (1.02 -1.90) 3.948E-02 1.21 (0.85 - 1.71) 2.919E-01
Arginine 1.40 (1.07 -1.89) 2.154E-02 1.25(0.93 - 1.73) 1.577E-01
Proline 1.38 (1.01 -1.89) 4.453E-02 1.39(0.98 - 1.97) 6.337E-02
PC aa C32:2 0.72 (0.56 - 0.93) 1.275E-02 0.74 (0.56 - 0.99) 3.690E-02
PC aa C38:0 1.51 (1.12 - 2.07) 8.059E-03 1.56 (1.12 - 2.21) 1.043E-02
PC aa C42:0 1.41(1.04 - 1.92) 2.686E-02 1.40 (1.01 - 1.96) 4.801E-02
PC ae C38:6 1.41 (1.01-1.99) 4.573E-02 1.40 (0.96 - 2.06) 8.386E-02
PC ae C40:5 1.42 (1.04 - 1.95) 3.009E-02 1.32 (0.94 - 1.88) 1.181E-01
PC ae C40:6 1.54 (1.12 - 2.14) 9.600E-03 1.57 (1.10 - 2.27) 1.358E-02
PC ae C42:5 1.43 (1.06 - 1.96) 2.234E-02 1.29 (0.92 - 1.81) 1.457E-01
SM (OH) C14:1 1.50 (1.06 - 2.13) 2.277E-02 1.56 (1.07 - 2.32) 2.382E-02
SM (OH) C16:1 1.59 (1.14 - 2.24) 6.923E-03 1.63 (1.14 - 2.39) 9.614E-03
SM (OH) C22:2 1.58 (1.09 - 2.33) 1.880E-02 1.50 (1.00 - 2.30) 5.674E-02
SM C16:0 1.91 (1.29-2.91) 1.811E-03 1.82 (1.17-2.91) 9.378E-03
SM C16:1 1.91 (1.29 - 2.88) 1.557E-03 1.85(1.19-2.94) 7.145E-03
SM C18:0 1.86 (1.34 - 2.63) 2.839E-04 1.80 (1.26 - 2.63) 1.754E-03
SM C18:1 2.25(1.54 - 3.39) 4.976E-05 2.22 (1.46 - 3.49) 3.315E-04
SM C20:2 1.40 (1.05-1.93) 3.045E-02 1.51(1.10 - 2.14) 1.411E-02
SM C24:1 1.62 (1.15 - 2.31) 7.066E-03 1.57 (1.08 - 2.33) 2.061E-02
SM C26:1 1.41 (1.05-1.93) 2.564E-02 1.57 (1.13 - 2.23) 8.215E-03
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Table S3. Baseline characteristics of propensity scores matched case-control hyperglycemic
individuals

Clinical variables of incident CKD patients (= cases) matched with non-CKD participants (= controls)
are shown. Mean + standard deviation is provided when appropriate; P-values were calculated by
univariate conditional logistic regression. P-values shown in bold represent statistical significance at
0.05 level. Abbreviations: CKD, chronic kidney disease; eGFR, estimated glomerular filtration rate;
UACR, urinary albumin-to-creatinine ratio.

Clinical variables Incident CKD Non-CKD P-value
N =62 N =62

Age, years 65.81 £9.3 65.48 +£7.62 0.777
Sex, Male, n (%) 54.84 64.52 0.261
BMI, kg/m? 30.53+4.84 29.79 £ 3.97 0.335
Fasting glucose, mg/dl 112.68 +27.31 114.32 £ 19.32 0.676
Systolic blood pressure, mmHg 130.03 = 19.79 130.83 +16.38 0.819
Triglyceride, mg/dl 2 136.5[99.5 - 186] 129 [93.5 - 182.75] 0.784
Total cholesterol, mg/dl 215 +38.05 211 +33.11 0.481
HDL cholesterol, mg/dl 51.81+11.59 51.66 + 14.29 0.951
eGFR, mL/min/1.73 m? 80.17 + 14.79 81.95+10.92 0.339
UACR, mg/g? 8.89 [4.44 - 13.41] 6.8 [4.85 - 14.36] 0.842
Smoking, %

Non-smoker 43.55 41.94 Reference

Former smoker 50 53.23 0.704

Current smoke 6.45 4.84 0.729
Medication usage, %

Lipid-lowering 19.35 25.81 0.396

Antihypertensive 62.9 61.29 0.842

Anti-diabetic 14.52 16.13 0.796

2 values are presented as median [25th- 75th percentile].

Table S4. Results of sensitivity analyses - the two metabolites significantly associated with incident
chronic kidney disease in the propensity scores matched case-control hyperglycemic individuals

Odds ratios (ORs) per standard deviation (SD) with 95% CI and P-values of conditional logistic
regression results are shown. P-values shown in bold represent statistical significance at 0.05 level.
Abbreviations: SM, sphingomyelin; PC aa, phosphatidylcholine diacyl.

SM C18:1 PC aa C38:0
OR (95% CI), per SD 1.77 (1.14 - 2.73) 1.71 (1.12 - 2.62)
P-value 0.011 0.014
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Table S5. Results of sensitivity analyses - interaction effects of the two metabolites with different
glucose subgroups

Odds ratios (ORs) with 95% CI and P-values of multivariate logistic regression results are shown.
Piieraction TEpresents P-value of multiplicative interaction effects between metabolite and different
glucose groups. P-values shown in bold represent statistical significance at 0.05 level. Abbreviations:
SM, sphingomyelin; PC aa, phosphatidylcholine diacyl; NGT, normal glucose tolerance; 2-h glucose,
two hour post load glucose.

SM C18:1 PC aa C38:0
Group (95°O/fCI) P - values Piyteraction (95°0A)RCI) Povatues  Pracion
Glycemic status 1.774E-03¢ 0.417¢
YT s o 0.057 ©s5T1ssy 0124
Hyperglycemia® a .4§'_2§.49) 3.315E-04 (. 1;'_532 I 0.010
Fasting glucose 0.241¢ 0.609¢
Ist ter‘cflea (0.42'—7?.36) 0.372 (0'7;_1?77) 0.579
N tertflea 056127 0.412 054-1sy 0106
Top tertile® (1.02;'-53.1 b 0.019 (1.1(1)'?303) 0.010
2-h glucose 0.010° 0.538¢
B teﬁflea ©33-092) 0.023 T
2nd tertTlea (0.48._7411. ” 0.172 (0.8;'_2?88) 0231
Top tertile® " ! ._52;37) 0.022 (1_1;_6(2’.23) 0.004

2 with adjustments for age, sex, BMI, systolic blood pressure, smoking status, triglyceride, total cholesterol, HDL cholesterol,
fasting glucose, use of lipid lowering drugs, antihypertensive medication, baseline estimated glomerular filtration rate and
baseline urinary albumin-to-creatinine ratio.

b with adjustment for the covariates shown in  as well as use of anti-diabetic medication.

¢ The model setting : logit(P) = S, + f1*metabolite + §,*glycemic status + f3* metabolite * glycemic status + fs*covariates +
€. The covariates including the covariates shown in 2 as well as use of anti-diabetic medication.

4The model setting : logit(P) = B + B *metabolite + B ,* three tertiles group of fasting glucose + S 3* metabolite * three tertiles
group of fasting glucose + f,*covariates + €. The covariates included the covariates shown in 2 as well as use of anti-diabetic
medication except fasting glucose.

¢ The model setting : logit(P) = Sy + fi*metabolite + §,* three tertiles group of 2-h glucose + f ;* metabolite * three tertiles
group of 2-h glucose + f;*covariates + €. The covariates included the covariates shown in  except fasting glucose.
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Table S6. Results of sensitivity analyses - association of two candidate biomarkers with UACR-
and eGFR- based incident CKD in hyperglycemic participants

Odds ratios (ORs) with 95% CI and P-values of each metabolite with UACR-based and eGFR-based
incident CKD in basic and full multivariable logistic regression models are shown, respectively. UACR-
based incident CKD was defined as UACR > 30 mg/g at follow-up (FF4). eGFR-based incident CKD
was defined as eGFR < 60 ml/min/1.73 m? at follow-up (FF4). Basic model was adjusted for age, sex,
BMLI, systolic blood pressure, smoking status, triglyceride, total cholesterol, HDL cholesterol and fasting
glucose. Full model was additionally adjusted for use of lipid lowering drugs, antihypertensive and anti-
diabetic medication, baseline eGFR and UACR. P-values shown in bold represent statistical significance
at 0.05 level. Abbreviations: CKD, chronic kidney disease; eGFR, estimated glomerular filtration rate;
UACR, urinary albumin-to-creatinine ratio; SM, sphingomyelin; PC aa, phosphatidylcholine diacyl.

SM C18:1 PC aa C38:0
Basic model Full model Basic model Full model
UACR- based incident CKD (N = 32) & non-CKD (N = 353)
P-value 0.024 0.040 0.022 0.004

OR (95 % CI) , per SD 1.79 (1.10 - 3.03) 1.80 (1.05 - 3.25) 1.66 (1.08 - 2.58) 2.17 (1.31-3.76)

eGFR- based incident CKD (N = 65) & non-CKD (N = 320)

P-value 0.008 0.107 0.061 0.247

OR (95% CI),per SD  1.77 (1.17 - 2.75) 150 (0.93-2.5)  1.38(0.99-1.94)  1.25(0.86- 1.85)

Table S7. Comparison of the predictive performances of two sets of predictors of incident chronic
kidney disease in hyperglycemic individuals with three machine learning approaches

The median AUC (95% CI) of three machine learning approaches over 100 random repeats of 10-fold
cross validation are shown. Reference predictors consists of baseline age, sex, estimated glomerular
filtration rate and urinary albumin-to-creatinine ratio. Developed sets includes combined metabolites
and clinical variables that were selected by the three-step feature selection in each round. Abbreviation:
AUC, area under the receiver operating characteristic curve.

Absolute
. . . Outperform
Algorithms Models Median tnerease in times over
g AUC (95% CI) median :
e 100 times
prediction
Support Reference predictors 0.800 (0.783 - 0.816) 2.5% 97
Vector Machine  Developed sets 0.825 (0.801 - 0.849) =
Random Reference predictors 0.789 (0.771 - 0.807) 2 0% 100
Forest Developed sets 0.818 (0.794 - 0.836) 770
Adaptive Reference predictors 0.798 (0.781 - 0.813) L6% g7
Boosting Developed sets 0.814 (0.787 - 0.832) o7
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Table S8. The total selected times for three most frequently selected sets of metabolites and clinical
variables over 1000 selection rounds in 100 times of 10-fold cross validation

The three most frequently selected sets of metabolites and clinical variables, as well as their total
selected times over 1000 selection rounds are shown. Abbreviations: eGFR, estimated glomerular
filtration rate; UACR, urinary albumin-to-creatinine ratio, SM, sphingomyelin; PC aa,
phosphatidylcholine diacyl.

Sets of metabolites and clinical variables Selected times
SM C18:1, PC aa C38:0, age, total cholesterol, fasting glucose, eGFR, UACR 113
SM C18:1, age, total cholesterol, fasting glucose, eGFR, UACR 78
SM C18:1, PC aa C38:0, proline, age, total cholesterol, fasting glucose, eGFR, UACR 67

Table S9. The selected times for 15 most important variables over 1000 selection rounds in 100
times of 10-fold cross validation

Out of 125 metabolites and 14 clinical variables, 15 most frequently selected variables and their total
selected times over 1000 selection rounds are shown. Abbreviations: UACR, urinary albumin-to-
creatinine ratio; eGFR, estimated glomerular filtration rate; SM, sphingomyelin; PC aa,
phosphatidylcholine diacyl.

Variables Selected times
UACR 1000
eGFR 1000

Age 999

Total cholesterol 996
Fasting glucose 942
SM C18:1 857
PC aa C38:0 593

Triglyceride 270
Proline 229

PC aa C32:2 156
Tyrosine 129

SM C26:1 109

C18:1 108
PC aa C36:4 92
Use of lipid lowering drugs 81
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Table S10. Predictive performance of the best set of predictors and the full model of incident CKD
in hyperglycemia

Mean AUC values of the best set of predictors and the full model of incident CKD in hyperglycemia are
shown. The mean AUC value of the best set of predictors was the average value of the AUC values of
the 113 selected times, in which the models were fitted with support vector machine. The average AUC
value of the full model was obtained using logistic regression with 10 times of 10-fold cross validation.
Abbreviations: CKD, chronic kidney disease; AUC, area under the receiver operating characteristic
curve; UACR, urinary albumin-to-creatinine ratio; eGFR, estimated glomerular filtration rate; SM,
sphingomyelin; PC aa, phosphatidylcholine diacy]l.

Models Mean AUC Absolute increase in
mean prediction

The best set of predictors
(i.e., SM C18:1, PC aa C38: 0, age, total cholesterol, fasting glucose, 0.857
eGFR and UACR) :

The full model
(i.e., age, sex, BMI, systolic blood pressure, smoking status,
triglyceride, total cholesterol, HDL cholesterol, fasting glucose, use of
lipid lowering drugs, antihypertensive and anti-diabetic medication,
¢GFR and UACR

4.8%

0.809
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Supplementary Figures
Figure S1. Technical normalization across the study

Comparison of before and after normalization of plate effect of metabolite data using
phosphatidylcholine diacyl (PC aa) C34:2 as an example. Metabolite concentration drifts at 38 plates

were independently corrected by conducting plate effect normalization in quality controls samples (QCs,
shown in plots A and B) and KORA F4 individual samples (plots C and D).

Fig. S1
A 114 QCs before normalization B 114 QCs after normalization
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Figure S2. Correlation of nine sphingomyelins in 385 hyperglycemic participants

Pearson’s correlation coefficients values of nine sphingomyelins (SMs) in 385 participants with pre-
diabetes and T2D are shown. Both the size of the cycle and intensity of color indicate the degree of
correlation between the metabolites. The numeric values of Pearson’s correlation coefficients are shown

in the bottom triangle.

Fig. S2
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