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Feline chronic kidney disease (CKD) is one of the most frequently encountered diseases in veterinary 
practice, and the leading cause of mortality in cats over five years of age. While diagnosing advanced 
CKD is straightforward, current routine tests fail to diagnose early CKD. Therefore, this study aimed 
to identify early metabolic biomarkers. First, cats were retrospectively divided into two populations 
to conduct a case–control study, comparing the urinary and serum metabolome of healthy (n = 61) 
and CKD IRIS stage 2 cats (CKD2, n = 63). Subsequently, longitudinal validation was conducted in 
an independent population comprising healthy cats that remained healthy (n = 26) and cats that 
developed CKD2 (n = 22) within one year. Univariate, multivariate, and machine learning-based (ML) 
approaches were compared. The serum-to-urine ratio of 3-hydroxykynurenine was identified as a single 
biomarker candidate, yielding a high AUC (0.844) and accuracy (0.804), while linear support vector 
machine-based modelling employing metabolites and clinical parameters enhanced AUC (0.929) and 
accuracy (0.862) six months before traditional diagnosis. Furthermore, analysis of variable importance 
indicated consistent key serum metabolites, namely creatinine, SDMA, 2-hydroxyethanesulfonate, 
and aconitic acid. By enabling accurate diagnosis at least six months earlier, the highlighted 
metabolites may pave the way for improved diagnostics, ultimately contributing to timely disease 
management.
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Feline chronic kidney disease (CKD) poses a significant challenge in veterinary practice, with a considerable 
impact on mortality rates among cats over five years of age1,2. Despite its high prevalence, veterinarians face 
significant challenges in diagnosing early or non-azotemic CKD3. However, early detection and therefore timely 
therapeutic interventions are generally more effective when initiated in the early stages of the disease, improving 
prognosis and lifespan4,5.

While the measurement of glomerular filtration rate (GFR) is considered the most sensitive parameter for 
assessing renal function, its routine analysis is not practical in everyday veterinary practice due to its labour-
intensive and time-consuming nature5–7. As a result, CKD is typically diagnosed by evaluating a combination of 
medical history, clinical findings, routine blood tests to assess the presence of azotemia, combined with urinalysis 
to identify poorly concentrated urine5,8. However, these methods all come with significant shortcomings, 
including inadequate sensitivity and specificity9–11. As a result, kidney damage often goes undetected until 
approximately 75% of nephrons have been damaged5,12. Although the knowledge on renal biomarkers in feline 
CKD has progressed substantially over the last five years13, the available biomarkers are not thoroughly validated 
to accurately detect renal function deterioration at an early stage.

By focusing on the comprehensive analysis of small molecules present in cells, tissues, and body fluids, 
collectively known as the metabolome, metabolomics can offer a highly accurate representation of an organism’s 
pathophysiological status. Although this technology holds great promise, few studies have been conducted in the 
context of feline CKD. Existing studies, such as Rivera-Velez and Villarino’s urinary metabolomics analysis in 
healthy cats14, and the metabolomic profiling of serum in feline CKD by Nealon et al.15 underscore the potential 
of this approach in understanding feline physiology and diseases. However, by primarily focusing on one-off 
case–control comparisons, longitudinal assessments of potential biomarkers for early diagnosis are lacking, 
highlighting a significant research gap.

Recognizing the urgent need for more comprehensive approaches to identify reliable early biomarkers for feline 
CKD, this study aims to explore the potential of metabolomics in addressing the deficits of current diagnostic 
tools. By employing a targeted or "hypothesis-driven" approach, measuring ions from defined metabolites, this 
study seeks to unravel the comprehensive metabolic profile of feline CKD and validate predictive performance 
of potential biomarkers in an independent longitudinal cohort.

Results
Population demographics
The baseline study population consisted of 61 healthy cats, and 63 cats with CKD IRIS stage 2 (CKD2), classified 
according to the International Renal Interest Society (IRIS) guidelines16,17. The longitudinal population of 
initially healthy cats counted 26 cats remaining healthy and 22 cats developing CKD2. Demographics of both 
study groups are presented in Table 1, with data from three timepoints for the longitudinal population (i.e. at 
the point of traditional CKD diagnosis (T0), six (T-6) and twelve months (T-12) prior to diagnosis). Breeds for 
the baseline/longitudinal population included British Longhair (n = 1/1), British Shorthair (n = 18/5), Burmese 
(n = 1/0), Domestic Longhair (n = 1/0), Domestic Shorthair (n = 95/36), LaPerm (n = 0/1), Main Coone (n = 2/2), 
Oriental Shorthair (n = 1/0), Persian (n = 0/1), Ragdoll (n = 3/1), Russian Blue (n = 1/0) and Siamese (n = 1/1), 
respectively. Pairwise comparisons did not reveal a significant difference in age, gender, albumin, potassium, 
urinary protein-creatinine ratio (UPC) and urinary culture (i.e., positive or negative) between healthy cats and 
cats developing or having CKD2. The body condition score (BCS) and muscle condition score (MCS) were 
significantly lower in the baseline CKD2 population than in the healthy baseline cats, but not in the longitudinal 
follow-up study. For the systolic blood pressure (SBP), only cats developing CKD2 had a significant higher SBP at 
T-12 (42% with an SBP > 160 mmHg) compared to cats remaining healthy at T-12 (24% with an SBP > 160 mmHg), 
but this did not persist through the follow-up (CKD2: 29% and 38% with an SBP > 160  mmHg at T-6 and 
T0, healthy: 30% and 19% with an SBP > 160 mmHg at T-6 and T0, respectively). In the baseline population, 
these numbers were not significantly different, with 36% of CKD cats and 29% of healthy cats demonstrating 
a SBP > 160 mmHg. As expected, creatinine, symmetric dimethylarginine (SDMA), urea and urinary specific 
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Baseline population

Number

Healthy CKD2

P-value RIN = 61 N = 63

Sex (M, MC, F, FS) 1, 27, 3, 30 1, 28, 2, 32 0.9999c

Age (years) 12.6 (2.5) 14.9 (5.3) 0.0756b

BCS (/9) 5 (2) 4 (2) 0.0007b

MCS (/4) 2 (1) 2 (1) 0.0013b

SBP (mmHg) 151 (23) 153 (23) 0.6707a

Creatinine (µmol/L) 119 (26) 198 (29)  < 0.0001b 71–164

SDMA (µg/dL) 9.3 (3.2) 14.6 (4.4)  < 0.0001b 8.0–14.0

Urea (mmol/L) 9.1 (2.5) 14.4 (3.9)  < 0.0001b 5.8–12.0

Albumin (g/L) 39 (4) 39 (6) 0.7966b 29–44

Total calcium (mmol/L) 2.4 (0.2) 2.5 (0.2)  < 0.0001b 2.3–2.8

Phosphate (mmol/L) 1.3 (0.2) 1.4 (0.2) 0.0010a 1.0–2.4

Potassium (mmol/L) 4.4 0.4) 4.5 (0.5) 0.4223a 3.8–5.3

USG 1.047 (0.010) 1.021 (0.014)  < 0.0001b  ≥ 1.035

UPC 0.16 (0.11) 0.18 (0.18) 0.6104b  < 0.40

Pos urinary culture N = 1 N = 6 0.1134d

Longitudinal population

Number

Healthy → Healthy Healthy → CKD2

P-value RIN = 26 N = 22

Sex (MC, FS) 12, 14 8, 14 0.6953c

Age at inclusion (years) 12.0 (1.4) 13.4 (3.0) 0.0943a

BCS (/9)

T-12 5 (1) 5 (2.5) 0.2438b

T-6 5 (1.25) 4.5 (2) 0.2725b

T0 5 (2) 4 (1) 0.1673b

MCS (/4)

T-12 2 (0) 2 (1) 0.1982b

T-6 2 (0) 2 (0) 0.5754b

T0 2 (0) 2 (1) 0.8033b

SBP (mmHg)

T-12 150 (25) 167 (19) 0.0256a

T-6 150 (35) 150 (20) 0.5426b

T0 146 (19) 154 (22) 0.2187a

Creatinine (µmol/L)

T-12 122 (21) 131 (18) 0.1064a

71–164T-6 115 (15) 138 (15)  < 0.0001a

T0 126 (15) 182 (21)  < 0.0001b

SDMA (µg/dL)

T-12 9.5 (2.3) 11.2 (2.4) 0.0450a

8.0–14.0T-6 8.8 (2.2) 11.7 (2.8) 0.0791a

T0 7.4 (3.3) 12.8 (4.9) 0.0005b

Urea (mmol/L)

T-12 8.7 (1.7) 10.1 (3.1) 0.1053b

5.8-12.0T-6 8.6 (1.1) 11.6 (2.3) 0.0037a

T0 8.3 (1.5) 11.5 (4.8)  < 0.0001b

Albumin (g/L)

T-12 38 (3) 40 (5) 0.4299a

29–44T-6 36 (3) 38 (4) 0.2086a

T0 36 (4) 37 (3) 0.3679a

Total calcium (mmol/L)

T-12 2.4 (0.2) 2.4 (0.2) 0.8657b

2.3–2.8T-6 2.4 (0.1) 2.4 (0.1) 0.7229a

T0 2.4 (0.1) 2.5 (0.2) 0.1355b

Phosphate (mmol/L)

T-12 1.3 (0.3) 1.3 (0.2) 0.5948a

1.0–2.4T-6 1.3 (0.3) 1.4 (0.2) 0.5159a

T0 1.3 (0.3) 1.4 (0.2) 0.2804a

Potassium (mmol/L)

T-12 4.3 (0.4) 4.4 (0.3) 0.5574a

3.8–5.3T-6 4.4 (0.4) 4.5 (0.3) 0.4987a

T0 4.3 (0.4) 4.4 (0.6) 0.8209a

USG

T-12 1.045 (0.008) 1.037 (0.011) 0.0132b

 ≥ 1.035T-6 1.048 (0.007) 1.031 (0.009)  < 0.0001a

T0 1.045 (0.009) 1.019 (0.010)  < 0.0001b

Continued
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gravity (USG) were significantly different in the baseline population. While creatine and urea also significantly 
increased in cats developing CKD starting from T-6, SDMA fluctuated and only showed a significant difference 
at T0 and T-12. Finally, phosphate and total calcium were significantly different in the baseline population but 
not in the longitudinal population.

Metabolic alterations in CKD2 compared to healthy cats
Targeted metabolic profiling generated 80 serum (S) and 64 urinary (U) metabolites. A total of 61 metabolites 
were found to be common to both matrices, thus enabling the calculation of ratios between them (i.e. serum-
over-urine (S/U) and urine-over serum (U/S)). Based on CKD-associated pathways, ratios of 45 serum and 36 
urinary metabolites were calculated. This resulted in a total of 413 metabolites and metabolites ratios across 
both matrices and ratios of matrices (Supplementary Table S1). Univariate pairwise statistics were applied as 
a first exploratory step on both study groups to detect significantly altered metabolites and metabolite ratios 
(Supplementary Tables S1 until S3, Fig.  1). For the longitudinal population, no significant differences were 
detected at T-12. For T-6, a total of 92 significantly different metabolites and metabolites ratios were detected, 
with the most significant alterations in urine and ratios of matrices. This was similar for the comparison of 
CKD2 and healthy cats at T0 of the longitudinal population and the baseline population, with a total of 261 
significant differences (Supplementary Tables S1 until S3, Fig. 1a). From these data, S/U 3-hydroxykynurenine 
could be assigned a promising biomarker for early detection, as it remained stable (non-significantly different) 
in the healthy group but showed a gradual increase in cats developing CKD2 over the follow-up period (Fig. 1c). 
Moreover, the 3-hydroxykynurenine S/U ratio proved to be even more significant (Adj. P = 0.002) at T-6 compared 
to 3-hydroxykynurenine concentrations in serum (Adj. P = 0.526) or urine (Adj. P = 0.006) (Supplementary Fig. 
S1). The proposed predictive capacity of this metabolite in S/U was additionally validated through univariate 
logistic regression, as illustrated in Table 2.

Although some degree of overlap is evident, multivariate exploratory principal component analyses (PCA-X) 
demonstrated a certain clustering of the two groups in both matrices at T0, and even at T-6 (Fig. 1b). These 
findings support our hypothesis that potential biomarkers for early detection could be uncovered from our a 
priori selected panel of endogenous metabolites.

Predictive modelling for CKD2
In order to assess the predictive performance of individual biomarkers and panels, several strategies for data 
analysis were evaluated. Univariate binary logistic regression was employed to evaluate the predictive capacity 
of single metabolites and metabolite ratios. To assess whether a combination of candidate biomarkers could 
enhance performance, multivariate statistics, including least absolute shrinkage and selection operator (LASSO) 
regression and linear model for microarray data (LIMMA) with subsequent generalized linear modelling (GLM), 
were utilized. Furthermore, machine learning (ML)-based modelling was employed to make predictions with 
the full dataset, through the use of random forest (RF) and support vector machine (SVM).

First of all, performance metrics (i.e., area under the curve (AUC), accuracy, sensitivity and specificity) were 
determined for each individual metabolite and metabolite ratio in both matrices and ratios of matrices using 
univariate binary logistic regression, of which the top 15 are presented in Tables 2 and 3, and Supplementary 
Table S4. To evaluate their predictive performance prior to the point of traditional diagnosis, metabolites and 
metabolite ratios were sorted according to the highest AUC at T-6. The matrix ratio of S/U 3-hydroxykynurenine 
was confirmed as the best potential individual biomarker for early CKD, resulting in the highest performance 
at T0, T-6, and T-12 (Table 2). It is notable that, despite suggestions that serum SDMA may serve as an early 
biomarker of CKD, it was only identified as the 14th most predictive individual metabolite at T-6, however it did 
emerge as the 4th best predictor at T-12 when sorted on AUC.

The top 15 metabolites are presented, sorted according to the highest AUC-value at T-6.
In a second step, the predictive capacity of biomarker panels were evaluated through multivariate statistics, 

using LASSO regression and LIMMA with subsequent GLM for feature selection. With the tuning parameter λ 

Longitudinal population

Number

Healthy → Healthy Healthy → CKD2

P-value RIN = 26 N = 22

UPC

T-12 0.14 (0.06) 0.17 (0.06) 0.3078b

 < 0.40T-6 0.15 (0.05) 0.16 (0.11) 0.6106b

T0 0.14 (0.05) 0.14 (0.01) 0.5207b

Pos urinary culture

T-12 N = 2 N = 2 0.6080d

T-6 N = 1 N = 1 0.9999d

T0 N = 0 N = 1 0.4565d

Table 1.  Demographic and clinical characteristics in the baseline and longitudinal populations, on T-12, T-6 and 
T0. F female, FS female spayed, M male, MC male castrated, RI reference interval. Results are expressed as the 
mean (standard deviation) or the median (interquartile range), as appropriate. P-values resulting from pairwise 
comparisons are reported as well. Either a Welch two-sample t test (parametric dataa) or Wilcoxon rank-sum 
test (non-parametric data, b) was employed for continuous variables. For gender, the Chi-squared test (c) was 
applied. For urinary culture, the Fisher’s Exact test (d) was employed.
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Fig. 1.  Visualisation of changing serum and urinary metabolome in the longitudinal population on T-12, 
T-6 and T0. (a) Volcano plots illustrating significantly decreased (green and orange) and increased (blue 
and red) metabolites and metabolite ratios in serum and urine, respectively. (b) PCA-X score plots of all 
targeted serum and urinary metabolites and metabolite ratios for healthy cats remaining healthy (green and 
orange, respectively) and developing CKD2 (blue and red, respectively). (c) Box plot representation of S/U 
3-hydroxykynurenine in healthy cats remaining healthy (blue shades) and developing CKD2 (red shades). 
Significant differences (FDR (false discovery rate) corrected P-value < 0.05) in the CKD2 group could be 
observed from T-6 onwards.
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set at 0.003 for LASSO, a predictive model incorporating 21 serum metabolites achieved the highest performance 
at T0, T-6 and T-12 (Table 4).

More specifically, the logistic regression function to estimate the probability of developing CKD2 using the 
serum metabolites selected by LASSO was defined as

	
P (CKD2) = 1

1 + exp (−z)

with z = 0.055+6.424 × creatinine + 2.706×SDMA + 2.672 × 2-hydroxyethanesulfonate + 2.255 × 
3-hydroxykynurenine − 1.828 × tryptophan + 1.505 × dimethylglycine − 0.958 × serotonin + 0.923 × carnosine 
+ 0.764 × indole-3- acetic acid − 0.663 × uric acid + 0.578 × creatine + 0.509 × aconitic acid − 0.485 × 
guanidinoacetate + 0.249 × citramalic acid − 0.186 × ADMA − 0.173 × glutamine + 0.089 × indoxyl sulphate − 
0.085 × xanthine + 0.075 × p-cresol + 0.047 × 2-aminoisobutyric acid + 0.007 × picolinic acid.

As an alternative feature selection method, a combination of LIMMA with multivariate GLM modelling was 
applied to train models with the two to ten highest ranked metabolites and metabolite ratios (Supplementary 
Tables S5 and S6). The highest AUC and accuracy were once again obtained using serum metabolites (n = 8) 
(Table 4). The predictive model resulting from LIMMA with GLM was defined by the following logistic function 
using serum metabolites:

Matrix Metabolite

T0 T-6 T-12

AUC CI AUC CI AUC CI

S/U 3-Hydroxykynurenine 0.990 0.973–1.000 0.844 0.729–0.959 0.692 0.507–0.878

U/S 3-Hydroxykynurenine 0.990 0.973–1.000 0.844 0.729–0.959 0.692 0.507–0.878

S/U Isoleucine 0.834 0.700–0.969 0.842 0.714–0.970 0.613 0.402–0.824

S/U Creatinine 0.931 0.853–1.000 0.840 0.720–0.961 0.772 0.628–0.916

U/S Creatinine 0.931 0.853–1.000 0.840 0.720–0.961 0.772 0.628–0.916

S/U Kynurenic acid 0.905 0.819–0.990 0.833 0.701–0.964 0.669 0.499–0.840

U/S Kynurenic acid 0.905 0.819–0.990 0.833 0.701–0.964 0.669 0.499–0.840

U 3-Hydroxykynurenine 0.975 0.941–1.000 0.827 0.706–0.947 0.635 0.454–0.815

S Tryptophan/5-
hydroxyindole-3-acetic acid 0.901 0.816–0.987 0.813 0.686–0.939 0.685 0.514–0.856

U Serotonin 0.871 0.768–0.974 0.796 0.663–0.929 0.605 0.406–0.804

U Adenosine 0.913 0.818–1.000 0.794 0.659–0.930 0.699 0.532–0.866

U Creatine/guanidinosuccinate 0.849 0.726–0.972 0.781 0.637–0.924 0.575 0.395–0.755

U Creatinine/
guanidinosuccinate 0.849 0.726–0.972 0.781 0.637–0.924 0.575 0.395–0.755

S SDMA 0.904 0.821–0.986 0.778 0.642–0.914 0.715 0.553–0.878

S Trimethylamine-N-oxide 0.808 0.676–0.939 0.777 0.638–0.916 0.500 0.315–0.685

AUC CI AUC CI AUC CI

S/U 3-Hydroxykynurenine 0.913 0.792–0.976 0.804 0.661–0.906 0.804 0.571–0.858

U/S 3-Hydroxykynurenine 0.870 0.737–0.951 0.783 0.636–0.891 0.783 0.519–0.819

S/U Isoleucine 0.761 0.612–0.874 0.783 0.636–0.891 0.783 0.374–0.693

S/U Creatinine 0.783 0.636–0.891 0.717 0.565–0.840 0.717 0.545–0.839

U/S Creatinine 0.739 0.589–0.857 0.696 0.542–0.823 0.696 0.469–0.779

S/U Kynurenic acid 0.652 0.498–0.786 0.652 0.498–0.786 0.652 0.421–0.737

U/S Kynurenic acid 0.609 0.454–0.749 0.587 0.432–0.730 0.587 0.397–0.715

U 3-Hydroxykynurenine 0.787 0.643–0.893 0.674 0.520–0.805 0.674 0.480–0.784

S Tryptophan/5-
hydroxyindole-3-acetic acid 0.638 0.485–0.773 0.583 0.432–0.724 0.583 0.374–0.693

U Serotonin 0.681 0.529–0.809 0.587 0.432–0.730 0.587 0.256–0.567

U Adenosine 0.872 0.743–0.952 0.739 0.589–0.857 0.739 0.554–0.843

U Creatine/guanidinosuccinate 0.574 0.422–0.717 0.565 0.411–0.711 0.565 0.364–0.680

U Creatinine/
guanidinosuccinate 0.574 0.422–0.717 0.565 0.411–0.711 0.565 0.364–0.680

S SDMA 0.761 0.612–0.874 0.674 0.520–0.805 0.674 0.545–0.839

S Trimethylamine-N-oxide 0.587 0.432–0.730 0.630 0.475–0.768 0.630 0.307–0.626

Table 2.  Performance metrics (i.e. AUC and accuracy) of individual metabolites and metabolite ratios for the 
classification of healthy and CKD2 in the longitudinal population.
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 − 0.267 – 25.493 × isocitrate + 21.9967 × citric acid + 8.705 × creatinine + 6.602 × SDMA + 6.102 × aconitic 
acid + 2.110 × kynurenic acid + 1.991 × 1-methylhistidine + 1.189 × 2-hydroxyethanesulfonate.

Thirdly, ML techniques (i.e., RF and SVM) revealed similar results to LASSO and LIMMA, more specifically, 
the best predictive capacity was obtained using metabolites and metabolite ratios from the serum matrix (Table 
5). For these serum models, the optimal number of variables (mtry) at each split point of the tree when using 
RF was found to be 10. For SVM, the C-value was set at 0.6 and 2.0 for the linear and radial model, respectively.

In order to identify which statistical or ML-based approach could best predict CKD2, AUC and accuracy values 
were compared at T-6. For the univariate statistics, 3-hydroxykynurenine was selected for comparison since this 
metabolites yielded the highest predictive performance as an individual candidate biomarker. For LASSO and 
LIMMA, the serum biomarkers panels (n = 21 and n = 8, respectively) were chosen, and for RF and SVM, models 

N Timepoint AUC CI Accuracy CI

LASSO

 Serum 21

T0 0.973 0.937–1.000 0.894 0.769–0.965

T-6 0.816 0.693–0.940 0.750 0.604–0.864

T-12 0.736 0.584–0.888 0.659 0.494–0.799

 Urine 11

T0 0.489 0.319–0.660 0.468 0.321–0.619

T-6 0.367 0.198–0.537 0.370 0.232–0.525

T-12 0.370 0.194–0.547 0.429 0.277–0.590

 Combined 6

T0 0.874 0.773–0.975 0.783 0.636–0.891

T-6 0.652 0.489–0.815 0.630 0.475–0.768

T-12 0.638 0.456–0.821 0.610 0.445–0.758

LIMMA

 Serum 8

T0 0.974 0.940–1.000 0.872 0.743–0.952

T-6 0.823 0.702–0.944 0.771 0.627–0.880

T-12 0.746 0.596–0.896 0.659 0.494–0.799

 Urine 12

T0 0.618 0.454–0.782 0.617 0.464–0.755

T-6 0.519 0.345–0.693 0.500 0.349–0.651

T-12 0.462 0.276–0.647 0.429 0.277–0.590

 Combined 12

T0 0.926 0.848–1.000 0.870 0.737–0.951

T-6 0.778 0.645–0.911 0.674 0.520–0.805

T-12 0.726 0.567–0.884 0.659 0.494–0.799

Table 4.  Predictive performance of models using LASSO regression and LIMMA with subsequent GLM 
in serum, urine and both matrices combined. N = number of metabolites included in the biomarker panel. 
AUC and accuracy were evaluated at T-12, T-6 and T0. For LIMMA, only the models obtaining the highest 
performance at T-6 are presented for each matrix.

 

Matrix Metabolite Estimate SE OR CI P-value

S/U 3-Hydroxykynurenine 3.563 0.738 35.270 8.299–149.893  < 0.0001

U/S 3-Hydroxykynurenine -3.668 0.756 0.026 0.006–0.112  < 0.0001

S/U Isoleucine 0.720 0.333 2.054 1.069–3.946 0.0308

S/U Creatinine -0.356 0.320 40.122 8.520–188.994  < 0.0001

U/S Creatinine 3.692 0.791 0.018 0.003–0.093  < 0.0001

S/U Kynurenic acid -4.043 0.852 4.036 1.243–13.107 0.0202

U/S Kynurenic acid 1.395 0.601 0.285 0.119–0.681 0.0048

U 3-Hydroxykynurenine -1.255 0.445 0.144 0.036–0.571 0.0058

S Tryptophan/5-hydroxyindole-3-acetic acid -1.940 0.703 0.093 0.037–0.237  < 0.0001

U Serotonin 0.228 0.312 0.225 0.109–0.463 0.0001

U Adenosine -0.461 0.393 0.120 0.045–0.322  < 0.0001

U Creatine/guanidinosuccinate -2.372 0.477 0.172 0.075–0.396  < 0.0001

U Creatinine/guanidinosuccinate -0.534 0.372 0.172 0.075–0.396  < 0.0001

S SDMA 0.810 0.150 2.248 1.674–3.020  < 0.0001

S Trimethylamine-N-oxide 1.285 0.415 3.614 1.601–8.155 0.0020

Table 3.  Metrics of logistic regression using a binomial GLM for the top 15 metabolites and metabolite ratios 
for the classification of healthy and CKD2 in the baseline population. Statistical significance was evaluated 
using the Wald test. SE standard error, OR odds ratio.
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utilising all serum metabolites were employed for comparison. While 3-hydroxykynurenine demonstrated the 
highest accuracy (0.804), the confidence intervals exhibited substantial overlap for all approaches (Fig. 2). A 
similar pattern could be observed for the AUC values, with the radial SVM model performing best (0.876) 
(Fig. 3). Identical accuracy values were observed for LIMMA, RF and SVM (0.771). This was attributed to an 
identical number of accurate predictions for healthy and CKD combined (Supplementary Fig. S2). However, 
the number of cases and controls with correct predictions varied between models, as well as which cats were 
correctly classified. Additionally, sensitivity and specificity were also calculated as presented in Supplementary 
Tables S4 and S7, demonstrating a reasonable sensitivity and specificity at T-6 for S/U 3-hydroxykynurenine 
(0.750 and 0.846, respectively), while multivariate and ML-based serum models demonstrated slightly higher 
sensitivity (i.e., between 0.773–0.864), and lower specificity (i.e., between 0.692–0.731).

A thorough analysis of variable importance was performed on the models built with the baseline population, 
indicating consistent identification of key metabolites in the multivariate and ML-based models. The relative 
variable importance of the selected metabolites is presented in Fig.  3, containing all included variables for 
the LASSO and LIMMA models, and the top 15 variables for RF and SVM. No difference was observed in 
variable importance between the linear and radial SVM. Overall, creatinine, SDMA, 2-hydroxyethanesulfonate 
and aconitic acid consistently emerged as important variables across all multivariate and ML-based models. 
Furthermore, a comparison of the LIMMA, RF and SVM models revealed that the first eight metabolites are 
similar, although the order differs. The same analysis was conducted for the urinary and combined models, and 
the results are presented in Supplementary Fig. S4 and S5, together with the corresponding predictive functions.

Predictive modelling for CKD2 using metabolites and clinical parameters
We also evaluated whether the clinical parameters as described in Table 1 could enhance the longitudinal 
predictive capacity. These additional variables included age, SBP, BCS, MCS, urea, albumin, total calcium, 
phosphate, potassium, UPC, USG and urinary culture (i.e. positive or negative), and were collectively 
incorporated alongside the metabolite data for model development. In accordance with the findings of our 
preceding analysis, models incorporating serum metabolites once again exhibited the highest degree of predictive 

Timepoint AUC CI Accuracy CI

RF

 Serum

T0 0.974 0.937–1.000 0.915 0.796–0.976

T-6 0.818 0.698–0.938 0.771 0.627–0.880

T-12 0.687 0.519–0.855 0.634 0.469–0.779

 Urine

T0 0.712 0.561–0.863 0.660 0.507–0.791

T-6 0.544 0.370–0.718 0.478 0.329–0.631

T-12 0.496 0.308–0.684 0.429 0.277–0.590

 Combined

T0 0.950 0.897–1.000 0.848 0.711–0.937

T-6 0.757 0.612–0.902 0.761 0.612–0.874

T-12 0.623 0.445–0.801 0.585 0.421–0.737

SVM linear

 Serum

T0 0.978 0.946–1.000 0.915 0.796–0.976

T-6 0.864 0.756–0.972 0.771 0.627–0.880

T-12 0.756 0.607–0.906 0.683 0.519–0.819

 Urine

T0 0.922 0.843–1.000 0.766 0.620–0.877

T-6 0.562 0.382–0.741 0.500 0.349–0.651

T-12 0.519 0.327–0.711 0.357 0.216–0.520

 Combined

T0 0.964 0.919–1.000 0.891 0.764–0.964

T-6 0.783 0.648–0.917 0.674 0.520–0.805

T-12 0.662 0.481–0.842 0.512 0.351–0.671

SVM radial

 Serum

T0 0.989 0.970–1.000 0.915 0.796–0.976

T-6 0.876 0.774–0.977 0.771 0.627–0.880

T-12 0.751 0.593–0.909 0.707 0.545–0.839

 Urine

T0 0.820 0.696–0.944 0.681 0.529–0.809

T-6 0.521 0.345–0.697 0.522 0.369–0.671

T-12 0.585 0.401–0.770 0.500 0.342–0.658

 Combined

T0 0.975 0.942–1.000 0.891 0.764–0.964

T-6 0.802 0.668–0.936 0.674 0.520–0.805

T-12 0.710 0.549–0.871 0.585 0.421–0.737

Table 5.  Predictive performance of ML-based models, including RF and SVM, both linear and radial in 
serum, urine and both matrices combined. AUC and accuracy were evaluated at T-12, T-6 and T0.
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capacity, a phenomenon that persisted even when clinical parameters were included. While urea was included 
in the LASSO (n = 5, λ = 0.1) and LIMMA model (n = 12) following the automated feature selection procedure, 
no other clinical parameters were selected in the model building phase. Furthermore, urea also positioned in the 
top 15 variables based on analysis of variable importance for the RF (mtry = 6) and SVM (linear: C = 0.6, radial: 
C = 4.0) models. By adding the clinical parameters to model building phase, both AUC and accuracy could be 
enhanced for all models at T-6 and T-12 (Table 6), compared to the models employing solely metabolites from 
the targeted panel (Tables 4 and 5). Besides urea, other variables that showed high importance in all models 
included creatinine, SDMA, 2-hydroxyethanesulfonate and aconitic acid (Fig. 4), similar as the models built 
without clinical parameters.

To predict CKD2 development using the combined serum metabolites and clinical parameters selected by 
LASSO, the following logistic regression function can be applied:

	
P (CKD2) = 1

1 + exp (−z)

with z = -0.488 + 1.359 × creatinine + 1.087 × 2-hydroxyethanesulfonate + 0.418 × SDMA + 0.027 × urea + 
0.001×aconitic acid.

For LIMMA with GLM modelling, z equals:
-37.405 + 136.937 × isocitrate − 123.796 × citric acid + 50.994 × creatinine + 35.149×SDMA + 

14.537×allantoin − 13.129×ADMA − 8.883 × 5-hydroxyindoleacetic acid − 8.831 × kynurenic acid + 6.352 × 
2-hydroxyethanesulfonate + 3.970 × 1-methylhistidine + 3.097 × urea − 3.011 × aconitic acid.

Discussion
This study highlights the potential of metabolomics to overcome the diagnostic challenges of early feline CKD. 
Using a metabolic profiling approach, we identified several key metabolites and metabolite ratios that allow earlier 
detection of CKD, up to six months before traditional diagnosis. Multi-biomarker panels included creatinine, 
2-hydroxyethanesulfonate, 1-methylhistidine, aconitic acid and various kynurenine-related compounds, 
resulting from multivariate and ML-based modelling. In addition, S/U 3-hydroxykynurenine showed potential 
as an individual biomarker.

3-Hydroxykynurenine exhibited the highest predictive performance in the univariate regression analysis. 
As the principal route of tryptophan degradation, 3-hydroxykynurenine is metabolised via the kynurenine 
pathway18,19. Since the kidneys play a crucial role in tryptophan metabolism20, renal pathologies can greatly 
disturb this pathway. As kynurenines are eliminated via urinary excretion21, a decreased GFR can lead to 
increased plasma and tissue concentrations of tryptophan metabolites, as demonstrated in several human and 
rodent studies on CKD22–25. More specifically, the study of Pawlak et al. (2009) demonstrated a 184–306% 
increase in human patients with CKD.22 Furthermore, the accumulation of kynurenines may result in oxidative 
cell damage, dysregulation of calcium homeostasis and mitochondrial dysfunction in cells, leading to severe 
metabolic disorders and inflammatory processes19,26–29.

Although of great importance in all models, 2-hydroxyethanesulfonate or isethionic acid has only been 
reported to a limited extent in the context of CKD. It is an alkanesulfonate that is involved in (hypo)taurine 

Fig. 2.  Accuracy dot plots and ROC curves for predictions on T-6. The corresponding accuracy and AUC 
values with 95% CI are reported for S/U 3-hydrokykynurenine, both multivariate serum models (i.e. LASSO 
regression and LIMMA with subsequent GLM) and ML-based serum models (i.e. RF and SVM).
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metabolism30. The human CKD metabolomics study of Boelaert et al. (2017) identified 2-hydroxyethanesulfonate 
as a novel uremic solute and reported its downregulation in urine, while our results suggest elevated levels in 
both serum and urine in feline CKD31. Despite the absence of a definitive explanation for these contradictory 
findings, we postulate that these may stem from fundamental differences in taurine metabolism between species. 
More specifically, cats exhibit a markedly reduced capacity to synthesize taurine, rendering it an essential amino 
acid32. While humans can utilize both taurine and glycine in the synthesis of conjugated bile acids, cats almost 
exclusively employ taurine33. Moreover, as the feline urinary excretion mechanism of 2-hydroxyethanesulfonate 
has not been described yet in detail, we can only hypothesize that these discrepancies may be of influence. 
Additionally, Kimura et al. (2016) highlighted elevated plasma levels of 2-hydroxyethanesulfonate as a predictor 
for end-stage human CKD34, in line with the increased serum concentrations from our study. Moreover, patients 
in the top tertile (n = 3) of this metabolite had the highest adjusted hazard ratio compared to the other significant 
metabolite predictors.

The citric acid cycle (TCA) intermediate aconitic acid was identified in all multivariate and ML-based 
predictive models. Its cis-isomer is formed from citrate by the enzyme aconitase, which is then converted into 
isocitrate. Given the high sensitivity of aconitase to oxidative damage35, its activity has been reported to be 
reduced in rats and mice with CKD as a result of the corresponding oxidative stress36,37. In addition, aconitase 
activity has been shown to decline with a decreasing kidney function38. Trans-aconitic acid is a non-enzymatic 
byproduct of cis-aconitic acid. By inhibiting the aconitase enzyme, it supresses the TCA cycle and respiration 
in tissues and induces reactive oxygen species, causing oxidative stress and cell damage39,40. A significant 
association of cis- and trans-aconitic acid with renal function has been reported in several human studies39,41,42, 
suggesting their potential as a candidate biomarker for the detection of early CKD.

Fig. 3.  Variable importance of the selected serum metabolites resulting from LASSO regression and LIMMA 
with subsequent GLM, and the top 15 metabolites from the RF and SVM models. The relative importance of 
each metabolite is quantified by assigning a weight between 0 and 100. Metabolites exhibiting higher values 
are deemed to exert greater influence within the model. Dark blue represents increased metabolites, while light 
blue indicates a decrease in the CKD2 population. ADMA asymmetric dimethylarginine.
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Fig. 4.  Variable importance of the selected serum metabolites and clinical parameters resulting from LASSO 
regression and LIMMA with subsequent GLM, RF and SVM models. For the latter two, only the top 15 
variables are presented. The relative importance of each variable is quantified by assigning a weight between 
0 and 100. Variables exhibiting higher values are deemed to exert greater influence within the model. All 
presented variables were increased in the CKD2 population.

 

Model Timepoint AUC CI Accuracy CI

LASSO (n = 5)

T0 0.989 0.965–1.000 0.967 0.828–0.999

T-6 0.864 0.724–1.000 0.759 0.565–0.897

T-12 0.766 0.595–0.938 0.724 0.528–0.873

LIMMA (n = 12)

T0 1.000 1.000–1.000 0.967 0.828–0.999

T-6 0.877 0.753–1.000 0.793 0.603–0.920

T-12 0.818 0.667–0.969 0.724 0.528–0.873

RF

T0 0.979 0.934–1.000 0.933 0.779–0.992

T-6 0.864 0.729–0.999 0.793 0.603–0.920

T-12 0.740 0.559–0.992 0.759 0.565–0.897

SVM linear

T0 0.984 0.949–1.000 0.967 0.828–0.999

T-6 0.929 0.826–1.000 0.862 0.683–0.961

T-12 0.792 0.621–0.963 0.759 0.565–0.897

SVM radial

T0 0.984 0.949–1.000 0.967 0.828–0.999

T-6 0.929 0.826–1.000 0.828 0.642–0.942

T-12 0.838 0.683–0.992 0.724 0.528–0.873

Table 6.  Predictive performance of multivariate and ML-based models developed using serum metabolites 
and clinical parameters. AUC and accuracy were evaluated at T-12, T-6 and T0.
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Finally, serum SDMA and creatinine also exerted high variable importance in all multivariate and ML-
based models. Moreover, when incorporating the clinical parameters to the model building phase, urea was also 
identified as an important metabolite in CKD2 prediction. While SDMA has been proposed as an early stand-
alone biomarker for CKD diagnosis, the study of Brans et al. (2021) already demonstrated that the sensitivity 
of plasma SDMA as an individual biomarker is not superior over creatinine in azotemic and non-azotemic 
cats.10 Our study also demonstrated that other promising metabolites, including 3-hydroxykynurenine, 
exhibited enhanced predictive capabilities in comparison to SDMA at T-6. Despite SDMA being the 4th best 
predictor based on AUC at T-12, it is important to keep in mind that the models were trained using the baseline 
population, in which the group classification was based on SDMA and creatinine values, leading to a perfect 
separation. However, similar as to Brans et al. (2021), our study also demonstrated poor sensitivity values for 
SDMA on T0, T-6 and T-12 (0.571, 0.350 and 0.400, respectively), thereby corroborating their assertion regarding 
the limited added value of SDMA as a single diagnostic biomarker. Although creatinine is regarded as a rather 
late individual biomarker for CKD diagnosis5,12, our results revealed accurate diagnosis in the non-azotemic 
stage when creatinine is combined with other metabolites in the multivariate and ML-based models, similar to 
SDMA. While Finch et al. (2018) proposed serum creatinine as a more useful marker for serial monitoring of 
renal function in azotemic cats, we did not assess the longitudinal changes of this or other metabolites, as our 
models were constructed using the cross-sectional data of the baseline population43. Although models could 
also be developed using the longitudinal data, thereby taking into account longitudinal changes in metabolite 
concentrations, we elected to proceed in the opposite manner. This approach would enable us to obtain a more 
adequate sample size and to conduct longitudinal evaluation of predictive performance in an independent 
population. As for urea, while this metabolite can be influenced by extrarenal factors (i.e. protein-rich diet), 
gastrointestinal bleeding, increased protein metabolism through clinical conditions such as infections and fever, 
malnutrition, and certain medication (i.e., glucocorticoids and tetracyclines), it enhanced AUC and accuracy 
of the multivariate and ML-based model. Urea was also incorporated in the predictive model for feline CKD of 
Bradley et al. (2019), together with creatinine, USG and age in a recurrent neural network model, resulting in a 
high specificity (99%) but moderate sensitivity (63%) one year before diagnosis44.

Notably, while pairwise comparisons revealed more significant metabolic alterations in urine and ratios of 
both matrices (i.e. S/U and U/S), especially on T-6, multivariate statistics and ML-based models demonstrated 
superior predictive performance when utilizing serum metabolites. This can be explained by the inherent 
strengths of multivariate and ML-based approaches. Although individual metabolites may not show significance 
alone, their combined effects can reveal patterns that distinguish CKD from healthy states.

One of the most recently published studies regarding metabolomics in early feline CKD is that of Nealon et 
al. (2024), identifying lipids and amino acids as the primary discriminant metabolite classes between healthy 
cats and cats with CKD1-2, using untargeted metabolomics15. Although lipids were not included in our 
targeted panel, there were some similarities regarding significantly altered (histidine, trimethylamine-N-oxide, 
tryptophan and valine) and non-significantly altered (choline, leucine, lysine, methionine) amino acids when 
performing univariate comparisons. However, while our study identified significantly different concentrations of 
indoxyl sulphate, isoleucine, p-cresol sulphate and taurine, this was not the case in the aforementioned study. In 
contrast, the study identified significant alterations in arginine and phenylalanine, which could not be confirmed 
in our study. Besides CKD2 (n = 14), their population also included CKD1 cats (n = 3), which could influence 
the mean concentration of certain metabolites, leading to discrepant results in univariate pairwise comparisons. 
Furthermore, sample sizes were limited and there was a paucity of feline-specific optimised and validated serum 
extraction and analysis protocols. As they propose further investigation of these metabolites as potential early 
biomarkers for feline CKD, our study makes a significant contribution to this field by not only evaluating single 
metabolites as potential biomarkers, but also assessing metabolite and matrix ratios, and metabolite panels 
in both serum and urine. Moreover, our study transcends the limitations of a cross-sectional study design by 
evaluating performance in an independent longitudinal population, preceding the point of traditional CKD 
diagnosis.

Despite the potential of metabolomic analysis to elucidate biochemical pathways and discover biomarkers, 
translating metabolomic findings into routine clinical assays faces obstacles. Mass spectrometry (MS) platforms, 
while powerful, are hindered by labour-intensive sample preparation and the duration of analytical runs45,46. 
However, emerging ambient ionisation techniques enable direct analysis of crude samples, thereby simplifying 
diagnostics and expanding screening capabilities to detect e.g. early renal deterioration, in combination with other 
diseases47. Moreover, liquid chromatography-mass spectrometry (LC–MS) platforms are already employed by 
commercial laboratories for a number of routine tests, including the measurement of SDMA (Medvet, Antwerp), 
as was done in this study. While these types of platforms are particularly interesting in the measurement of 
multiple metabolites, other analytical approaches such as enzyme-linked immunoassays may be applied for 
individual biomarkers, as already commercially available for human and mouse 3-hydroxykynurenine in serum, 
plasma and body fluids. In view of the availability of such assays, the measurement of the aforementioned 
metabolites could be integrated into regular longitudinal health screenings for senior cats, in accordance with 
the recommendations set forth by the Feline Senior Care Guidelines of the American Association of Feline 
Practitioners (AAFP)48.

One of the key strengths of our study is the use of two independent cohorts: a baseline population for 
biomarker discovery and model training, and a longitudinal population for model testing and validation. The 
baseline population consisted of CKD2 cats, who were allowed to receive a renal diet or CKD medication. This 
inclusion introduced the potential for variability in the metabolome due to dietary and medication influences, 
which may be a contributing factor to the observed discrimination between the healthy and CKD2 group49. 
However, as none of the study patients in the longitudinal population received any therapeutic interventions 
during the follow-up period, we hypothesized that although dietary and/or pharmacological interventions can 
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lead to metabolic variations50, they are not suspected to be the primary drivers of the observed discrimination 
between the metabolomes, as accurate predictions could be made on the longitudinal population using the 
baseline model. Although the sample sizes were too limited to perform statistical comparisons for each type of 
therapeutic intervention, the successful validation of our proposed biomarkers in this cohort may suggest that 
they are robust and specific to renal pathology, irrespective of external dietary or pharmacological influences. 
However, additional studies are required to statistically elucidate the effect of therapeutic interventions.

It is also important to consider the relatively small sample size, although larger than that of previous 
metabolomics studies in feline CKD12,14,15,49,51,52. Furthermore, whereas IRIS guidelines define CKD IRIS 
stage 1 (CKD1) as the earliest stage, only cats with CKD2 were included. Diagnosis of CKD1 is based on renal 
abnormalities such as poorly concentrated urine, persistent proteinuria, abnormal renal imaging results, or 
consistently elevated SDMA levels, in the absence of renal azotemia and clinical signs17,53. However, these 
changes are not specific for feline CKD, making accurate diagnosis of CKD1 challenging, which may result into 
less reliable models when used for model development5. On the other hand, it is not excluded that CKD2 cats 
from the longitudinal might already have CKD1 at T-6, which could lead to overestimations of performance. 
Additionally, the absence of GFR measurements and renal ultrasonography further restricted the ability to detect 
these potential CKD1 cats. Finally, the selection of candidate biomarkers was based on previous knowledge from 
human and rodent studies31,54–59. This metabolic profiling approach ensured accurate compound annotation but 
might not fully capture the unique metabolic signatures of feline CKD, limiting the panel’s efficacy. Although 
metabolic fingerprinting could aid in this, compound annotation still remains the greatest bottleneck60. Despite 
these challenges, our targeted analysis revealed several key metabolites that show potential in predicting feline 
CKD.

Despite the absence of evidence indicating that diagnosing CKD and thus initiating treatment at an earlier 
stage, prior to CKD1, can enhance clinical outcomes or prognosis, Lees et al. have postulated that prompt 
intervention may influence the progression rate and extend lifespan4. It is therefore important to ascertain 
whether therapeutic interventions at an even earlier stage of CKD may result in further improvements in clinical 
outcome.

Conclusions
This study highlights the potential of metabolomics in addressing the diagnostic challenges associated with early 
feline CKD. By employing a targeted metabolomic approach, we detected several metabolites and metabolite ratios 
that exhibit significant alterations in cats with CKD2. By incorporating univariate and multivariate statistical 
analyses and ML-based techniques, we developed predictive models that can accurately distinguish between 
healthy cats and those with CKD2. The results demonstrated that specific individual metabolites, particularly 
S/U 3-hydroxykynurenine, showed significant potential as early biomarkers of CKD, with an accuracy of 0.804 
and AUC of 0.844, six months prior to traditional diagnosis. Linear support vector machine-based ML modelling 
employing metabolites and clinical parameters resulted in an even higher AUC of 0.929, and accuracy of 0.862. 
In addition, consistent identification of key serum metabolites based on variable importance was demonstrated, 
including creatinine, SDMA, urea, 2-hydroxyethanesulfonate, and aconitic acid. These findings pave the way for 
improved diagnostic tools, ultimately contributing to better disease management for affected cats. Future studies 
to determine the specificity and influence of comorbidities including hyperthyroidism are warranted to validate 
these findings and explore the practical implementation of metabolomic diagnostics in veterinary medicine.

Methods
Ethics declarations
The research protocol received approval from the ethical committees of the Faculties of Veterinary Medicine and 
Bioscience Engineering for animal ethics (EC2020-081), the Committee for Medical Ethics for human ethics 
(EC2024-26), and the deontological committee. For animal ethics, all procedures were approved by the above 
mentioned institution and performed in accordance with the relevant guidelines and regulations, including 
the ARRIVE guidelines (Animal Research: Reporting of In Vivo Experiments). In addition, procedures were 
approved by the above-mentioned institution for human ethics and conducted in accordance with the relevant 
guidelines and regulations. Owners were informed about the objectives of the study and provided informed 
consent.

Study population and design
Cats included in this study were privately-owned and pro-actively recruited via the Small Animal Clinic at 
the Faculty of Veterinary Medicine, Ghent University, and through first- and second-line veterinary practices 
(n = 15), located in Flanders, Belgium. For the latter, a mobile team from the Small Animal Clinic visited the 
practices on-site to perform health screenings including sample collection. Control visits were performed every 
six months for two years, according to the 2021 feline life stage guidelines for senior cats61. All samples were 
retrospectively selected from the follow-up cohort, containing healthy cats and cats with previously diagnosed 
CKD at enrolment. The latter ones were selected as CKD2 cats for the baseline population, since no samples 
were available from a previous healthy state. For the CKD2 cats in the longitudinal population, cats were 
included that had control visits six and twelve months before first CKD diagnosis. There were no common 
cats in both study populations. Physical examination including blood pressure measure, complete blood count, 
serum biochemistry including total thyroxine (T4), infectious serological testing (feline leukaemia virus and 
feline immunodeficiency virus, only tested on first visit) and urinalysis (including dip stick testing, UPC, 
USG, microscopic sediment analysis, and bacterial culture) were performed in all cats to assess general health 
status62–66. Owners were asked to complete a questionnaire related to their cat’s health status, living environment, 
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daily activity, feeding practices, and disease history (Supplementary information). Cats receiving medication 
(except CKD-related medication for the CKD cats, i.e. angiotensin-converting enzyme inhibitors, angiotensin 
receptor blockers, phosphate binders and amlodipine) within one month prior to inclusion were excluded. CKD 
diagnosis was based on a compatible history and physical examination combined with appropriate laboratory 
findings (i.e. renal azotemia > 161.8 µmol/L as defined by Ghys et al.67 and USG < 1.0355). Subsequently, only 
cats with CKD IRIS stage 2 were selected. To be included as a healthy cat, the above examinations could not 
reveal any clinically relevant abnormalities, except for a non-persistent decrease of USG (< 1.035) or increased 
UPC (> 0.4) of non-renal origin. Cats were excluded from the healthy group if, after a 6-month follow-up, 
they showed an increase in creatinine or SDMA within (i.e. exceeding their biologic variation68) or above the 
reference interval, if they maintained suboptimal USG values, or if they developed proteinuria that could not be 
attributed to a post-renal cause (i.e. lower urinary tract inflammation or hemorrhage during cystocentesis). For 
CKD cats, CKD-related abnormalities were allowed (e.g., hypertension, hyperphosphatemia and proteinuria), 
but no significant comorbidities (e.g., hyperthyroidism, IBD, neoplasia).

Sample collection
Both urine and serum samples were obtained within a time frame of 15 min. Sterile urine was obtained through 
ultrasound-guided cystocentesis using a 10 mL syringe with a 22-gauge needle. Serum samples were collected 
via jugular or cephalic venipuncture using a 5 mL syringe with a 23-gauge needle. Subsequently, the urine and 
serum samples underwent centrifugation (447 × g for 3 min at room temperature, 2190 × g for 5 min at 2 °C, 
respectively). The resulting supernatants were aliquoted into plastic Eppendorf® tubes and stored at -80 °C until 
further analysis.

Reagents and chemicals
Deuterium-labelled internal standards (Supplementary Table S8) and analytical reference standards 
(Supplementary Table S9) were obtained from Sigma-Aldrich (St-Louis, Missouri, USA), LGC standards 
(Teddington, London, UK) and MedChemExpress MCE (New Jersey, Princeton, USA). Solvents including 
acetone, acetonitrile (ACN) and methanol (MeOH) were purchased from Fisher Scientific (Loughborough, UK) 
and VWR International (Darmstadt, Germany). Ultrapure water (UPW) was obtained via the Arium® 611UV 
purification system from Sartorius (Göttingen, Germany).

Instrumentation
The instrumental method involved the utilization of ultra high-performance liquid chromatography coupled 
with quadrupole orbitrap high-resolution mass spectrometry (UHPLC-Q-Orbitrap HRMS), in accordance with 
the metabolomics protocol outlined in the publication by Vanden Broecke et al.69. Chromatographic separation 
was performed using a Dionex UltiMate 3000 XRS UHPLC system (Thermo Fisher Scientific, San José, CA, 
USA), equipped with an Acquity HSS C18 column T3 (1.8 µm, 150 mm × 2.1 mm) (Waters, Manchester, UK). A 
consistent column oven temperature of 45 °C was maintained. A binary solvent system was employed, utilizing 
a gradient elution program at a constant flow rate of 0.4 ml/min consisting of UPW and ACN, both acidified 
with 0.1% formic acid. Samples were injected at a volume of 10 µL, with a maximum injection time of 150 µs. 
For the HRMS, a Thermo Fisher Scientific Exploris 120 Q-Orbitrap benchtop mass spectrometer (San José, CA, 
USA) was employed. The analysis was preceded by heated electrospray ionization (HESI-II source) in polarity 
switching mode. The mass scan range spanned from 50 to 800 Da, with a mass resolution of 120,000 full width 
at half maximum at 1 Hz.

For each matrix, sample extracts were pooled and included as Quality Control (QC) samples in duplicate 
after every ten samples throughout the analytical run. At the beginning, middle and end of the analysis, a 
mixture of analytical standards (Supplementary Table S9) was injected to verify the operational performance 
of the instrument and gather data for metabolite annotation. A panel of endogenous metabolites was selected 
based on their biological relevance in CKD, as described in previous reports on important urinary and serum 
metabolites in humans and rodents with CKD31,54–59.

Analytical method
The extraction and analysis methods for serum and urine samples (Supplementary information) consisted 
of matrix- and species-specific in-house protocols. Targeted (n = 77 metabolites) and untargeted (n = 1,949 
features) validation of the serum method showed excellent precision (i.e., instrumental, intra-assay and inter-
day) (coefficient of variation (CV) ≤ 15% or 30%, respectively), satisfactory linearity (coefficient of determination 
(R2) ≥ 0.99 or 0.90, respectively) and an appropriate targeted recovery, ranging between 70 and 130%. For the 
targeted (n = 70 metabolites) and untargeted (n = 2,348 features) validation of the urinary protocol, exquisite 
instrumental and intra-assay precision were noted (CV ≤ 15% or 30%, respectively)69.

Data processing
Targeted data processing was performed by Xcalibur™ 3.0 (Thermo Fisher Scientific, San José, CA, USA). 
Annotation was performed comparing the mass-to-charge ratio (m/z-value), retention time (Rt) and 13C/12C 
isotope ratio with analytical standards, applying a mass deviation ≤ 5 ppm, maximum retention time shift of 
2.5% and signal-to-noise ratio ≤ 1070–72. Additionally, to confirm targeted metabolite annotation, MS/MS 
fragmentation was performed on urinary and serum QC samples (n = 5 for both matrices) and authentic 
reference standards using three different collision energies (i.e., 30, 50, and 70 eV). To ensure the quality and 
reliability of the serum and urinary metabolomics data, normalization was performed using the average signal of 
two consecutive QC samples to correct for instrumental drift. In multivariate statistical analysis and ML-based 
modelling, logarithmic transformation and Pareto scaling (1/√SD, where SD represents the standard deviation) 
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were applied to induce normality and standardize the range of peak intensities73. As SDMA was not included in 
the targeted metabolomics panel, LC–MS abundances were utilized from the commercial laboratory (Medvet, 
Antwerp) that was initially engaged to perform the health screenings.

Data analysis
Statistical and ML-based data analysis were performed using R (version 2023.03.0)74. In order to comprehensively 
map metabolic alterations associated with CKD, univariate statistical analysis was undertaken as an initial 
exploratory step in both matrices. This approach sought to identify individual metabolites that exhibit significant 
statistical differences between healthy and CKD affected cats. For the pairwise comparisons, either a Welch two-
sample t test (parametric data) or Wilcoxon rank-sum test (non-parametric data) was employed. FDR corrected 
P-values (< 0.05) for multiple testing were calculated following the Benjamini–Hochberg procedure75. In addition 
to individual metabolites, ratios of metabolites within CKD-associated pathways were computed, encompassing 
the tryptophan metabolism (including the indole, kynurenine and serotonin pathway), the urea cycle, the 
carnitine and purine metabolism. Furthermore, ratios of the same metabolite in both matrices were computed. 
This dynamic approach has the potential to provide insights into the intricate processes of renal filtration and 
tubular function76. Univariate statistical analysis was employed for all metabolites including metabolite and 
matrix ratios, while the ratios were omitted from multivariate and ML-based analysis to circumvent confounding 
effects through correlation. Unsupervised principal component analysis (PCA-X) was utilized to assess natural 
clustering among analysed samples, identify outliers, and confirm instrument stability using QC samples.

To develop a model, the first step was to compare metabolite abundances from the baseline population (healthy 
n = 61, CKD2 n = 63), retain the predictive features and determine the metabolite coefficients. Consequently, this 
model was evaluated in an independent longitudinal population ( healthy n = 26, CKD2 n = 22). This allowed us 
to assess the predictivity of the model in a new population to and avoid overestimation of performance and as 
such ensure that our findings were eligible for generalization. Additionally, this longitudinal evaluation enabled 
the determination of the predictive capacity of the models across multiple timepoints (i.e., T-12, T-6 and T0).

For the development of predictive panel with a subset of metabolites, two feature selection methods with 
subsequent modelling were compared. In order to create a predictive model with a subset of the a priori selected 
endogenous metabolites and ratios, both LASSO regression and LIMMA with subsequent GLM modelling 
were applied. LASSO has been demonstrated to be effective in both predictive modelling and the selection of 
metabolites77,78. By introducing a penalty term lambda (λ) during model estimation, LASSO pushes regression 
coefficients of correlated or unimportant independent variables to zero, thereby falling out of the model79. 
LIMMA is a software package developed within the R/Bioconductor framework. Although originally designed 
to facilitate differential expression analysis in the context of RNA-sequencing and microarray studies, it is now 
being employed in a growing number of other applications, including metabolomics, due to similar data types 
(i.e., small sample sizes with a large number of features)80,81. The topTable function from the limma package 
was employed to construct models comprising the top-ranked metabolites (n = 2–10) according to their FDR 
corrected P-value.

Predictive models were also built with ML techniques, including RF and SVM, using the entire dataset. For 
SVM, both the simple linear kernel (further referred to as ‘SVM linear’) for straight-line data and radial basis 
function kernel (further referred to as ‘SVM radial’) for more complex patterns were employed82. These ML 
algorithms have been among the most frequently employed algorithms in metabolomic studies83, including for 
the successful development of predictive models for human CKD84–86.

In addition to the metabolites from the targeted metabolomics panel, the clinical parameters from Table 1 
(i.e., age, SBP, BCS, MCS, UPC, USG, urinary culture, urea, albumin, phosphate, total calcium and potassium) 
were also incorporated into the model building phase in a subsequent data analysis experiment, to ascertain 
whether these variables could enhance its predictive capacity.

The R caret package was employed for all univariate, multivariate and ML-based modelling. The optimal 
hyperparameters were identified through a tenfold cross-validation procedure based on the model’s predictive 
accuracy87. This was also performed for λ to determine shrinkage in LASSO regression, mtry for the number of 
variables at each split in RF and C for controlling the trade-off between maximizing the margin and minimizing 
training errors in SVM. Cross-validation was implemented using the trainControl function. In order to enable 
the corresponding statistical approach, the method argument of the train function was set as glmnet for LASSO 
regression, glm for GLM modelling following LIMMA, rf for RF, and svmLinear and svmRadial for SVM.

Data availability
The datasets generated and/or analysed during the current study are available from the corresponding author on 
reasonable request, as well as the R codes used for the statistical analysis.
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