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Abstract

Metabolomics provides a comprehensive snapshot of small-molecule intermediates and end products
of cellular processes and, thereby links genotype, environment, and phenotype in human disease (1, 2,
9, 39). Over the last decade, advances in liquid chromatography—mass spectrometry (LC—MS) and
nuclear magnetic resonance (NMR) spectroscopy have enabled high-throughput profiling of thousands
of metabolites from microliter volumes of clinical samples (1, 7, 36). Clinical metabolomics is now
emerging as a tool for disease diagnosis, risk prediction, therapeutic monitoring, and mechanistic
discovery across cardiometabolic, neurologic, renal, and inflammatory disorders. In diabetic kidney
disease, metabolomics has identified early alterations in amino-acid, lipid, and energy pathways and
candidate biomarkers that precede albuminuria or decline in estimated glomerular filtration rate
(eGFR) (24, 35). In Alzheimer’s disease, targeted and untargeted metabolomics in plasma,
cerebrospinal fluid (CSF), and brain tissue have highlighted disturbances in branched-chain amino
acids, nicotinamide adenine dinucleotide (NAD") homeostasis, polyamine and L-arginine metabolism,
and tryptophan—kynurenine pathways, some of which correlate with amyloid and tau biomarkers and
cognitive decline (16—24). Despite impressive discovery output, translation into clinical tests remains
limited, impeded by issues of analytical standardization, inter-laboratory reproducibility, causal
inference, and regulatory and implementation barriers (3, 35, 40, 42). This review summarizes
principles of clinical metabolomics, highlights key disease-related metabolites in diabetic kidney
disease and Alzheimer’s disease, and discusses the main technical, statistical, and translational
challenges for bringing metabolomic biomarkers and signatures into routine clinical practice (1, 4).
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INTRODUCTION

Metabolomics aims to quantify, in a single experiment, a broad array of low-molecular-weight
compounds in biological specimens such as blood, urine, CSF, and tissue [1, 2, 3]. These metabolites
integrate genomic variation, epigenetic regulation, microbiome composition, environmental
exposures, diet, and pharmacologic interventions, offering a proximal readout of physiologic and
pathophysiologic states [2, 4, 5]. The clinical
objective is to derive metabolic signatures that
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improve disease detection, refine risk stratification,
and guide therapy beyond current clinical and
biochemical markers [2, 3, 6, 7-9].

Large-scale cohort studies have shown that
selected metabolite panels can predict incident type
2 diabetes, cardiovascular events, and renal
outcomes independent of traditional risk factors.
Parallel work in neurodegeneration has linked
metabolic changes to amyloid and tau pathology,
neuroinflammation, and synaptic dysfunction, often
decades before clinical symptoms. Yet outside rare
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inborn errors of metabolism, very few metabolomic tests are implemented in routine clinical workflows,
underscoring a translational gap between discovery and application [10, 11].

PRINCIPLES OF CLINICAL METABOLOMICS
Analytical Platforms

LC-MS, including reversed-phase and hydrophilic interaction chromatography coupled to
high-resolution mass analyzers, is the dominant platform in both untargeted and targeted clinical
metabolomics [1, 12, 13]. LC-MS offers high sensitivity and broad dynamic range, capturing several
thousand features per run, but demands rigorous control of matrix effects, ion suppression, and batch
variability [13, 14]. NMR spectroscopy provides absolute quantification and excellent reproducibility
but lower sensitivity and narrower coverage, making it well suited for standardized clinical panels of
abundant metabolites [10, 15, 16].

Chemical derivatization can enhance detection of low-abundance or poorly ionizing metabolite
classes, enabling more comprehensive coverage from limited clinical samples. Sample preparation
methods, including protein precipitation, solid-phase extraction, and lipid-class—specific protocols, are
tailored to the biological matrix and metabolite classes of interest. Proper pre-analytical handling
(fasting status, time to processing, storage conditions, freeze—thaw cycles) is critical to minimize
artifactual variation [10, 13, 14].

Targeted vs. Untargeted Approaches

Untargeted metabolomics aims to capture as many features as possible without pre-specifying
analytes, facilitating the discovery of novel biomarkers and pathways [1, 3, 12-14, 16]. However,
annotation of unknown features, multiple testing, and reproducibility across platforms and cohorts
remain major challenges [10, 16, 17]. Targeted metabolomics focuses on predefined panels with
authentic standards and validated quantification, trading breadth for accuracy and standardization
suitable for regulatory approval and clinical deployment [1, 3, 18].

Study Design and Data Analysis

Prospective cohort and nested case—control designs allow assessment of temporal relationships
between baseline metabolic profiles and incident disease or progression [2, 3, 19, 20-22]. In diabetic
kidney disease, several longitudinal studies have used metabolomics to identify blood and urine
metabolites that change years before clinical onset of albuminuria or eGFR decline [20]. In Alzheimer’s
disease, metabolomics integrated with amyloid positron-emission tomography (PET), CSF biomarkers,
and detailed neuropsychological testing has enabled the identification of metabolic alterations that track
with preclinical and prodromal stages.

Feature extraction, normalization, batch correction, and quality-control pipelines are essential to
reduce technical noise and drift. Multivariable regression, penalized regression, and machine-learning
classifiers (random forests, gradient boosting, neural networks) are used to derive predictive signatures,
but the risk of overfitting is high, particularly in small datasets with thousands of variables. External
validation, calibration assessment, and comparison with existing risk scores are necessary before
considering clinical implementation [2, 3, 6, 7].

METABOLOMICS IN DIABETIC KIDNEY DISEASE
Pathophysiologic Background

Diabetic kidney disease is a leading cause of chronic kidney disease and end-stage kidney disease
worldwide and develops in approximately 30-40% of people with diabetes [23, 24, 25]. Hyperglycemia,
glomerular hyperfiltration, renin—angiotensin—aldosterone activation, oxidative stress, and
inflammation jointly contribute to progressive glomerulosclerosis and tubulointerstitial fibrosis [23,
24]. Traditional biomarkers, such as serum creatinine and albuminuria, lack sensitivity for early disease
and do not fully capture heterogeneity in progression risk.
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Metabolomics provides a window into renal substrate handling, mitochondrial and peroxisomal
function, and systemic metabolic reprogramming under chronic hyperglycemic stress. Longitudinal
studies suggest that specific metabolite changes precede microalbuminuria and rapid eGFR decline,
raising the prospect of earlier risk stratification and targeted intervention [11, 20].

Early Diagnostic and Prognostic Metabolites

A systematic review and meta-analysis of prospective metabolomics studies in diabetic kidney
disease, encompassing 39 studies and over 31,000 participants, evaluated 170 blood and 12 urine
metabolites; 65 plasma and 11 urinary metabolites showed significant associations with incident or
progressive diabetic kidney disease. Enrichment analysis implicated reprogramming of amino-acid,
lipid, and energy metabolism pathways in early disease [20].

In an untargeted LC-MS study, lower urinary levels of N-methylnicotinamide (NMP) and its
precursor trigonelline were associated with more rapid decline in kidney function among individuals
with diabetic kidney disease, outperforming the albumin-to-creatinine ratio as predictors in
machine-learning models [21, 26-28]. The same analysis identified urinary threonic acid and a plasma
cholesteryl ester (CE-C-0218) as strong markers of rapid eGFR decline. Other studies have reported
altered levels of acylcarnitines, branched-chain amino acids, kynurenine pathway intermediates, and
phospholipids in association with diabetic kidney disease development and progression. Table 1
summarizes key metabolite findings in diabetic kidney disease.

Table 1. Selected metabolite alterations in diabetic kidney disease.

Metabolite (matrix) Direction vs. Associated outcome Pathway/interpretation Ref.
lower-risk group

N-methylnicotinamide Decreased Rapid eGFR decliners vs |Impaired NAD* metabolism, [29]

(urine) non-decliners tubular stress.

Trigonelline (urine) Decreased Rapid eGFR decline Precursor of NMP, altered [29]
methylation/niacin handling.

Threonic acid (urine) Increased Rapid eGFR decline Vitamin C catabolism, oxidative | [29]
stress.

CE-C-0218 (plasma Increased Rapid eGFR decline Dysregulated lipid handling. [29]

cholesteryl ester)

Multiple amino acids Altered (panel)  |Incident or progressive  |Reprogrammed amino-acid and [2]

(plasma) DKD across 52 cohorts  |energy metabolism.

Acylcarnitines (plasma) Increased in Incident DKD and Mitochondrial B-oxidation [2, 30]

several studies progression inefficiency.

Integration with Existing Risk Markers

Several metabolite panels improve discrimination and reclassification for diabetic kidney disease
incidence or progression when added to conventional risk factors, including age, sex, duration of
diabetes, HbAlc, blood pressure, and albuminuria. Some markers, such as urinary N-methylnicotinamide,
retain prognostic value after adjustment for baseline albuminuria and eGFR, suggesting that they
capture aspects of tubular or metabolic dysfunction not reflected in traditional markers [20, 27, 31, 32].
However, most studies remain at the discovery or early validation stage and have not yet led to clinically
deployed tests.

METABOLOMICS IN ALZHEIMER’S DISEASE
Pathophysiologic Background

Alzheimer’s disease is characterized by extracellular amyloid-f deposition, intracellular tau
aggregation, neuroinflammation, synaptic failure, and neurodegeneration, typically developing over
10-25 years before clinical dementia. Multiple functionally interconnected pathways, including
energy metabolism, lipid remodeling, oxidative stress, and neurotransmitter cycling, are perturbed
long before symptom onset. Metabolomics offers an opportunity to capture these changes in
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accessible biospecimens and to complement established biomarkers such as amyloid PET and CSF
AP42 and phosphorylated tau [20, 33].

Key Metabolic Pathways and Biomarkers

Integrative analyses of plasma and CSF have delineated dysregulation in branched-chain amino-acid
metabolism, nicotinamide/NAD* homeostasis, bile-acid signaling, and redox balance in Alzheimer’s
disease [20, 33]. One comprehensive profiling study identified metabolites, such as octadecanedioic
acid, prolinamide, leucine, and ascorbic acid, as components of an integrated network of metabolic
dysfunction associated with Alzheimer’s disease status and neurodegeneration markers [33, 34, 35, 36].
Eupatilin, glyceraldehyde, and guanine showed specific correlations with phosphorylated tau and
APOE4, whereas valine levels were inversely associated with phosphorylated taul81 [33, 35, 36].

Polyamine and L-arginine metabolism have emerged as recurrently perturbed pathways in
comparisons of healthy controls, individuals with mild cognitive impairment (MCI), and Alzheimer’s
disease [5, 36, 37]. In one study, both stable MCI and MCI converters exhibited increased plasma
L-arginine and decreased L-ornithine, with more pronounced alterations of polyamine metabolism than
L-arginine metabolism. Gamma-aminobutyric acid (GABA) was reduced in stable MCI but did not fall
further in converters, suggesting that early GABA decline may contribute to cognitive impairment [38].

Tryptophan—kynurenine pathway metabolites also appear important: 3-hydroxyanthranilate can
inhibit amyloid-f1-42 oligomerization, whereas quinolinic acid exerts neurotoxic effects and may
promote disease progression. Metabolites in these pathways may thus act as both biomarkers and
mechanistic mediators. Table 2 summarizes key metabolite and pathway alterations in Alzheimer’s
disease [20, 33, 37, 39].

Table 2. Selected metabolite and pathway changes in Alzheimer’s disease.

Metabolite/pathway Direction in Linked biomarker or Interpretation Ref.
AD/prodromal stages phenotype

Branched-chain amino acids |Altered; valine Phosphorylated taul81, |Energy and [10]

(e.g., valine, leucine) inversely with neurodegeneration neurotransmitter precursor
p-taul81 imbalance.

Nicotinamide / NAD* Dysregulated AD status and Impaired redox and [6, 10]

homeostasis neurodegeneration mitochondrial function.

L-arginine 1, L-ornithine | |Altered in MCland  |Stable MCI and Perturbed urea cycle and [4, 6]
AD converters polyamine synthesis.

Polyamine metabolism Strongly affected HC vs MCI vs AD Neuronal growth, survival, | [4, 6]
across comparisons and cell-death regulation.

GABA (plasma) | Reduced in stable MCI |Early cognitive Inhibitory [6]

impairment neurotransmission
disturbance.

3-hydroxyanthranilate Inhibits AB1-42 Experimental models Potentially neuroprotective | [6]
oligomerization kynurenine metabolite.

Quinolinic acid Neurotoxic, promotes |Experimental and clinical |Excitotoxicity, [6]
AD progression correlations neuroinflammation.

Cross-Disease Themes: Cardiometabolic and Inflammatory Disorders

Beyond diabetic kidney disease and Alzheimer’s disease, metabolomics has advanced understanding
of type 2 diabetes and cardiovascular disease, particularly in relation to lipid, amino-acid, and energy
metabolism [2, 3, 6, 7, 33, 37]. For example, adding a small panel of metabolites to a contemporary
cardiovascular risk model for people with type 2 diabetes significantly improved the prediction of
10-year cardiovascular events. In inflammatory joint disease, distinct elevations of gluconic acid,
glycolytic intermediates, and tricarboxylic-acid cycle substrates in osteoarthritis, and cardiolipins and
glycosphingolipids in rheumatoid arthritis, have provided mechanistic and biomarker insights. Table 3
highlights recurring classes of metabolites across major disease groups [40, 41, 42].
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Table 3. Recurrent metabolite classes across clinical disorders.

Disease area Prominent metabolite Typical direction / Possible implications Ref
classes pattern
Type 2 diabetes Branched-chain AAs, Often increased BCAASs, |Insulin resistance, [1, 3]
acylcarnitines, sphingolipids |acylcarnitines mitochondrial stress.
Cardiovascular Phospholipids, ceramides, Disease-specific panels  |Atherogenesis, [3, 40]
disease acylcarnitines myocardial metabolism.
Diabetic kidney NMP, trigonelline, Early shifts before Tubular and [2, 29, 30]
disease amino-acids, acylcarnitines  |albuminuria mitochondrial
dysfunction.
Neurodegeneration  |Polyamines, L-arginine, Stage-dependent Synaptic, inflammatory, | [4, 6, 10]
tryptophan metabolites alterations and redox pathways.
Inflammatory Glycolytic and TCA Disease-specific Immune cell activation, [40]
arthritis intermediates, cardiolipins elevations mitochondrial changes.

TECHNICAL AND METHODOLOGIC CHALLENGES
Pre-Analytical and Analytical Variability

Inter-individual metabolic variation is large, and pre-analytical factors, such as fasting status,
circadian rhythms, medication use, diet, and physical activity, can have substantial effects on metabolite
levels [10, 16, 14, 17]. Standardized protocols for patient preparation, sampling, processing, and storage
are crucial but not universally adopted, contributing to poor reproducibility across studies. On the
analytical side, differences in LC-MS platforms, chromatographic gradients, ionization modes, and
data-processing pipelines can yield heterogeneous feature sets and quantification.

Identification, Quantification, and Harmonization

A sizeable fraction of features in untargeted datasets remain unidentified or only partially annotated,
limiting biological interpretation and replication [10, 13, 14, 17]. Even for known metabolites, absolute
quantification requires authentic standards and calibration curves, which are impractical for thousands
of analytes in discovery studies. Harmonization efforts, including shared reference materials and
inter-laboratory ring trials, are underway but are not yet universally implemented.

Statistical, Bioinformatic, and Causal-Inference Issues

High-dimensional data with relatively modest sample sizes creates a multiple-testing and overfitting
problem [10, 13, 14, 17, 43]. Many reported signatures have been derived using cross-sectional or case—
control designs and have not been validated in external cohorts. Machine-learning models may achieve
high apparent discrimination but often lack transparency, complicating biological interpretation and
clinical adoption.

Establishing whether metabolites are causal mediators, downstream epiphenomena, or compensatory
responses is challenging. Integration with genomics (metabolite quantitative-trait loci and Mendelian
randomization), proteomics, and imaging, as well as interventional studies targeting specific pathways,
are needed to disentangle causal relationships. Table 4 lists major analytic challenges and mitigation
strategies.

Table 4. Common analytic challenges in clinical metabolomics.

Challenge Consequence for clinical Potential mitigation strategies Ref.
translation
Pre-analytical variability |Spurious or non-reproducible  [Standardized protocols, recording covariates. [1,12]
signals

Batch effects / drift Confounded associations Randomization, pooled QC samples, batch [1,12]
correction.

Multiple testing, False positives, unstable models |Penalization, cross-validation, external [1,3,12]

overfitting validation.

Incomplete metabolite  |Limited biology and replication |Library expansion, MS/MS, community [1,12]

1D annotation efforts.

Platform heterogeneity |Poor cross-study comparability |Reference materials, harmonized reporting. [1,40]
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TRANSLATIONAL PATH TO CLINICAL PRACTICE
Assay Development and Validation

Translation from discovery to practice requires converting exploratory signatures into targeted,
analytically validated assays that meet regulatory standards for precision, accuracy, linearity, and
robustness. Candidate metabolite panels must be locked down and cut-points or risk scores must be
defined a priori and tested in independent cohorts that mirror intended clinical populations. Cost,
throughput, and turnaround time are crucial considerations if metabolomic tests are to be integrated into
existing clinical laboratory infrastructure [10, 11, 17, 18, 44, 45].

Clinical Utility and Implementation

For adoption, metabolomic tests must demonstrate incremental value over current practice by
improving diagnostic accuracy, risk prediction, or therapeutic decision-making and by ultimately
affecting patient-centered outcomes [10]. This typically requires prospective studies in which
metabolomic information is used to guide management strategies, with comparison to standard care [6,
7, 19]. Integration into electronic health records, clinical decision-support systems, and laboratory
information systems will be needed to ensure that results are interpretable and actionable at the point of
care. Table 5 outlines key steps and barriers in the translational pipeline.

Table 5. From discovery to clinical metabolomic tests.

Stage Key requirements Typical barriers Ref.
Discovery (untargeted) Broad coverage, robust statistics Multiple testing, incomplete [1,12]
annotation.

Replication and validation  |Independent cohorts, standardized Platform differences, population [1,2,30]
assays diversity.

Targeted assay development |Analytical validation, QC, reference  |Cost, need for standards. [1,40]
ranges

Clinical utility studies Impact on decisions and outcomes Trial complexity, funding. [1, 3, 40]

Health-system Integration into labs and EHRs Infrastructure, reimbursement, [1,40]

implementation training.

FUTURE DIRECTIONS

Advances in high-throughput LC—-MS, microfluidics, and data-independent acquisition are likely to
increase depth and reproducibility, while reducing sample volume and cost [6, 10, 14]. Integration with
genomics, transcriptomics, proteomics, microbiome, and imaging data in large, deeply phenotyped
cohorts will accelerate causal inference and mechanistic insights [4, 6, 17]. Artificial-intelligence
approaches may help to identify robust metabolic signatures and to develop interpretable models for
risk prediction and treatment response [10, 18, 41].

In diabetic kidney disease, near-term priorities include validating early metabolite markers, such as
urinary N-methylnicotinamide, trigonelline, and related panels, in diverse populations and testing
whether they can guide earlier initiation of kidney-protective therapies. In Alzheimer’s disease,
combining metabolomic markers of polyamine, L-arginine, and tryptophan pathways with established
amyloid and tau biomarkers could refine staging and identify patients most likely to benefit from
disease-modifying treatments [20, 33]. Table 6 summarizes selected promising metabolite panels and
next steps.

Table 6. Selected promising metabolite signatures and next steps.

Condition Signature components (examples) Potential Key next steps Ref.
application
Diabetic kidney |Urinary NMP, trigonelline, threonic Early detection, Multi-center validation, | [2, 29, 30]
disease acid, plasma CE-C-0218 progression risk targeted assay
development.

Type 2 diabetes— [Panel of 7 plasma metabolites added to |10-year CVD risk  |Prospective impact [3]
CVD SCORE2-Diabetes prediction studies.
Alzheimer’s Polyamine and L-arginine pathway Staging, prognosis, |Harmonized multi-omic | [4, 6, 10]
disease metabolites, BCAAs, NAD*-related trial enrichment cohorts, intervention

metabolites studies.
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CONCLUSION

Clinical metabolomics has evolved from a discovery-driven research discipline into a promising
translational science with the potential to reshape precision medicine. By capturing dynamic alterations
in small molecule intermediates and end products of metabolism, metabolomics provides a functional
readout that integrates genomic variation, environmental exposures, microbiome interactions, and
disease-related reprogramming. As such, it offers a uniquely proximal link between molecular
mechanisms and clinical phenotypes.

In disorders, such as diabetic kidney disease and Alzheimer’s disease, metabolomic investigations,
have revealed early and reproducible perturbations in amino acid, lipid, redox, and energy pathways. In
diabetic kidney disease, alterations in NAD* related metabolites (e.g., urinary N-methylnicotinamide),
acylcarnitines, and lipid species reflect mitochondrial dysfunction, oxidative stress, and impaired
tubular metabolism that may precede albuminuria or eGFR decline. In Alzheimer’s disease,
dysregulation of branched chain amino acids, polyamine and L-arginine metabolism, and tryptophan—
kynurenine pathways highlight disturbances in synaptic signaling, neuroinflammation, and redox
balance that correlate with amyloid and tau pathology. These findings underscore that metabolomic
signatures are not merely biomarkers but may illuminate actionable disease mechanisms.

Despite substantial discovery output, translation into routine clinical testing remains limited. Major
barriers include pre-analytical variability, platform heterogeneity, incomplete metabolite annotation,
overfitting in high-dimensional data, and insufficient external validation. Moreover, establishing
causality — distinguishing mediators from downstream bystanders — requires integration with genomics,
proteomics, imaging, and interventional studies. Without rigorous harmonization, replication in diverse
populations, and demonstration of incremental clinical utility, promising signatures risk remaining
confined to research settings.

The path forward lies in converting exploratory panels into analytically validated, targeted assays;
embedding metabolomic data within prospective outcome-driven trials; and aligning biomarker
development with regulatory and health system requirements. Advances in high-resolution LC-MS,
data independent acquisition, multi-omic integration, and interpretable artificial intelligence models are
expected to enhance robustness and reproducibility while reducing cost and complexity.

Ultimately, the clinical impact of metabolomics will depend not on the number of metabolites
measured, but on whether metabolic signatures can meaningfully improve diagnosis, risk stratification,
therapeutic monitoring, and patient outcomes beyond existing standards of care. With continued
methodological refinement and translational rigor, clinical metabolomics is poised to transition from a
powerful discovery platform to an integral component of precision diagnostics and mechanism-
informed therapy.
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