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 Abstract
[bookmark: _GoBack]Diabetes mellitus remains a major global health challenge, and the invasiveness, cost, and logistical constraints of current diagnostic methods limit early detection and effective monitoring. Breathomics, the analysis of volatile organic compounds (VOCs) in exhaled breath, has emerged as a promising non-invasive approach for diabetes detection and metabolic monitoring. Breath VOCs reflect a range of interconnected physiological processes involved in diabetes pathophysiology, including altered glucose and lipid metabolism, ketogenesis, oxidative stress, inflammation, and host–microbiome interactions. This review summarizes current evidence on diabetes-associated breath VOCs, with emphasis on ketone-related compounds, alcohols, hydrocarbons, aldehydes, and sulfur-containing metabolites. We also examine analytical technologies used for VOC detection, from mass spectrometry–based platforms to sensor-based systems and emerging point-of-care devices, alongside statistical and machine learning approaches for identifying complex breath signatures. Importantly, interpreting breath VOC profiles remains challenging due to the high dimensionality of VOC datasets and the influence of physiological, environmental, and behavioral confounders. Breath-based diagnostics, therefore, involve substantial analytical and computational complexity, as disease-related signals must be distinguished from background biological variability and external contamination. Clinical applications in diabetes screening, glycemic monitoring, and risk assessment are discussed, including emerging studies in low-resource and special population settings. However, significant barriers to clinical translation remain, including biological variability, methodological heterogeneity, difficulties in interpreting complex VOC patterns, and the lack of large-scale validation and regulatory approval. Future directions should prioritise standardization of breath sampling and analysis, integration with multi-omics and digital health frameworks, and robust multicenter clinical validation. Overall, this review provides a balanced assessment of the opportunities and challenges of breath-based diagnostics and positions breathomics as a promising complementary tool in precision diabetology rather than a replacement for established biochemical testing.
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1. Introduction
Diabetes mellitus is one of the biggest and fastest-growing public health issues in the world. Urbanization, sedentary lifestyles, dietary changes, and population ageing are the main causes of its rising incidence in both high- and low-income nations(Hossain et al., 2024). Because a significant percentage of people with diabetes or prediabetes go years without receiving a diagnosis, growing metabolic dysfunction causes microvascular and macrovascular problems. This makes early detection crucial. Diagnostic methods that allow for the early, scalable, and patient-friendly detection of dysglycemia are therefore desperately needed, especially in environments with limited access to laboratory facilities(Campagnoli et al., 2025).
The current diagnostic standards, such as the oral glucose tolerance test (OGTT), fasting plasma glucose (FPG), and glycated haemoglobin (HbA1c), have significant limitations in addition to their recognized clinical value. Anaemia, hemoglobinopathies, and chronic renal disease are among the disorders that might impact red blood cell turnover(Samajdar et al., 2026). HbA1c measures the average glycaemic exposure over the previous months. FPG measures glucose levels just once and might not detect postprandial dysregulation, whereas OGTT is sensitive but time-consuming, cumbersome, and not well adapted for recurrent monitoring or large-scale screening. When taken as a whole, these limitations make early risk classification, frequent assessment, and widespread population-level deployment impractical(Iafusco et al., 2023).
The methodical examination of volatile organic compounds (VOCs) in exhaled breath, or breathomics, has become a viable non-invasive option for the detection and tracking of metabolic diseases(Tian et al., 2025). Endogenous metabolism, oxidative stress, lipid peroxidation, and host-microbiome interactions are all real-time biochemical activities that are reflected in exhaled volatile organic compounds (VOCs). variations in acetone and related chemicals, as well as variations in insulin signalling, ketogenesis, and glucose and fatty acid metabolism, produce distinctive volatile organic compound (VOC) signatures in breath(Oyerinde et al., 2023a). Developments in sensor technology, analytical chemistry, and computer modelling have significantly increased breath-based metabolic profiling's sensitivity, specificity, and interpretability(Kokkotis et al., 2025).
The objective of this review is to critically evaluate the most recent studies on exhaled volatile organic compounds (VOCs) as biomarkers for diabetes monitoring and diagnosis. Specifically, we look at the molecular causes of VOCs linked to diabetes, analyse breath analysis using analytical and computational methods, review clinical validation trials, and pinpoint important methodological, translational, and regulatory issues. This study attempts to elucidate the practical potential of breathomics as a tool for non-invasive, precision-oriented diabetes diagnoses and management by combining developments, constraints, and future directions.
2. Biological Basis of Exhaled VOCs in Diabetes
Determining the diagnostic significance of volatile organic compounds (VOCs) in exhaled breath requires an understanding of their biological sources. Instead of being haphazard results, breath volatile organic compounds (VOCs) are a reflection of integrated physiological, inflammatory, and metabolic activities that take place all throughout the body. Breath VOC profiles fluctuate in predictable ways as a result of diabetes's unique alterations to numerous of these activities(Moura et al., 2023a).
2.1 Origin of VOCs in Human Breath
Endogenous Metabolic Pathways
Endogenous metabolism is a major source of exhaled volatile organic compounds. Small volatile molecules are produced by normal physiological functions such as the metabolism of carbohydrates, lipids, and amino acids. These molecules can diffuse into the bloodstream and eventually be expelled through the lungs(Chou et al., 2024a). The synthesis and relative abundance of these molecules are changed in metabolic diseases by changes in substrate utilisation and enzymatic flux. For instance, the spectrum of hydrocarbons, ketones, alcohols, and aldehydes found in breath is directly impacted by alterations in glycolysis, β-oxidation, and amino acid catabolism(Liu et al., 2025).
Oxidative Stress and Lipid Peroxidation
Under physiological conditions, reactive oxygen species (ROS) produced during normal metabolism are strictly controlled. Through processes like mitochondrial malfunction, the production of advanced glycation end products, and the activation of pro-oxidant pathways, chronic hyperglycemia and insulin resistance in diabetes contribute to oxidative stress(Ibiam et al., 2023; Masenga et al., 2023). Polyunsaturated fatty acids undergo lipid peroxidation to form volatile hydrocarbons and aldehydes (such as pentanal, hexanal, and ethane), many of which are volatile enough to be breathed. These substances function as indirect indicators of systemic metabolic stress and oxidative damage(Dragoev, 2024).
Microbiome–Host Metabolic Interactions
The human volatilome is greatly influenced by the gut bacteria. Alcohols, short-chain fatty acids, sulfur-containing chemicals, and other volatile organic compounds (VOCs) that can enter the bloodstream are produced by microbial fermentation of food substrates(Oyerinde et al., 2023b). Diabetes is linked to changes in the makeup and function of the gut microbiota, which may alter the patterns of VOC generation. A growing body of research indicates that microbiome dysbiosis has a role in diabetes-specific breath profiles, notwithstanding the difficulty in distinguishing host-derived from microbiome-derived volatile organic compounds(Okafor et al., 2024; Shi et al., 2024).
Pulmonary Gas Exchange Mechanisms
Depending on their blood–air partition coefficients, volatile organic compounds (VOCs) in the circulation diffuse across the alveolar–capillary membrane. Real-time reflection of systemic metabolic conditions is made possible by compounds with high volatility and appropriate solubility, which quickly equilibrate between blood and alveolar air(Stiekema et al., 2025). VOC concentrations are thus influenced by pulmonary ventilation, perfusion, and lung function, highlighting the significance of standardised breath collecting procedures to reduce physiological variability unrelated to metabolic disease(Xinliang et al., 2024).
2.2 Pathophysiological Links Between Diabetes and VOC Profiles
Altered Glucose and Fatty Acid Metabolism
Diabetes is characterized by impaired glucose uptake and utilization, accompanied by increased reliance on fatty acid oxidation for energy production. This metabolic change results in different flow across the tricarboxylic acid cycle and β-oxidation pathways, generating unique volatile organic compounds such as alcohols and alkanes(Stratmann et al., 2022). The potential of VOCs for early illness identification is highlighted by the fact that these alterations can be identified even before overt hyperglycemia manifests clinically(C. Li et al., 2024a).
Ketogenesis and Acetone Production
Acetone is one of the most often reported VOCs linked to diabetes. Hepatic ketogenesis is triggered in conditions of insulin resistance or insufficiency by decreased cellular glucose availability(Gladding et al., 2022). Acetone is created through the spontaneous decarboxylation of acetoacetate, while β-hydroxybutyrate and acetoacetate are formed as alternative energy substrates. Due to its high volatility, acetone is easily detected in exhaled breath and is associated with glycaemic control, the degree of ketosis, and the risk of diabetic ketoacidosis, especially in type 1 diabetes(Sha et al., 2022a).
Insulin Resistance–Associated Metabolic Shifts
Insulin resistance causes more subtle metabolic changes in type 2 diabetes and prediabetes than in overt ketosis(Aedh et al., 2023). Low-grade mitochondrial inefficiency, altered amino acid metabolism, and enhanced lipolysis are a few of these. Rather than relying just on individual molecules, these alterations result in complex VOC patterns rather than single dominant biomarkers, which supports the employment of multivariate and pattern-based analytical techniques(T. Wang et al., 2026).
Inflammatory and Oxidative Pathways
Diabetes is characterised by chronic low-grade inflammation, which also causes tissue damage, insulin resistance, and endothelial dysfunction. VOCs produced by lipid and protein oxidation are further increased by inflammatory signalling, which intensifies oxidative stress(Weinberg Sibony et al., 2024). The necessity for disease-specific VOC panels and strong validation is highlighted by the fact that many VOCs linked to diabetes overlap with those found in other chronic metabolic and inflammatory disorders due to the coexistence of oxidative and inflammatory pathways(Z. Wang et al., 2024a). 
The main basic processes by which diabetes-related metabolic dysregulation results in disease-specific volatile organic molecules that can be found in exhaled breath are depicted in Figure 1.
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Figure 1. Mechanistic pathways linking diabetes-related metabolic dysregulation to exhaled volatile organic compounds. Insulin resistance and hyperglycemia brought on by diabetes change how glucose and fats are metabolised, increasing fatty acid oxidation and hepatic ketogenesis. Aldehydes and hydrocarbons are produced by these activities, which also produce reactive oxygen species that cause oxidative stress and lipid peroxidation, as well as ketone bodies like acetone. Moreover, diabetes-induced changes in the makeup of the gut microbiota and hepatic metabolism produce more volatile metabolites at the same time. During pulmonary gas exchange, circulating volatile organic compounds (VOCs) migrate across the alveolar–capillary membrane and are then found in exhaled breath, where they may be used as non-invasive indicators of metabolic failure.
3. Key VOC Biomarkers Associated with Diabetes
Recurrent volatile organic compounds (VOCs) linked to diabetes have been found in an expanding body of breathomics research. Oxidative stress, host-microbiome interactions, and underlying metabolic dysregulation are all reflected in these volatile organic compounds. Crucially, combinations of volatile organic compounds (VOCs) and their relative abundance patterns have better diagnostic and prognostic value than any single VOC that is entirely specific to diabetes(Z. Wang et al., 2024b).
3.1 Ketone-Related VOCs
In the study of diabetes, ketones are the most often reported and biologically interpretable indicators(Veneti et al., 2023).
In exhaled breath, acetone is the most common ketone found. Acetoacetate's spontaneous decarboxylation during hepatic ketogenesis is the main cause of it. Increased fatty acid oxidation results in increased ketone body formation in conditions of insulin insufficiency or impaired glucose utilisation, and acetone's high volatility makes it easy for it to diffuse into the alveolar air(Manolis et al., 2023).
There is evidence from several studies that the concentrations of breath acetone are correlated with blood ketone levels and, to a lesser degree, with HbA1c and plasma glucose(Huang et al., 2023). Acetone levels are very high in:
· Type 1 diabetes
· Poorly controlled type 2 diabetes
· Diabetic ketoacidosis (DKA)
Although less volatile and less frequently detected than acetone, acetoacetate-derived volatile organic compounds (VOCs) indirectly contribute to breath ketone signatures. The mechanistic connection between changed energy metabolism and exhaled VOC patterns is supported by their presence(Chou et al., 2024b).
Key limitation: Acetone can rise with extended fasting, ketogenic diets, or vigorous activity; it is not unique to diabetes. Consequently, its diagnostic utility is greatest when analysed in the context of multivariate VOC patterns and clinical settings.
3.2 Aldehydes and Hydrocarbons
Aldehydes and hydrocarbons are primarily associated with lipid peroxidation and oxidative stress, two processes that are persistently elevated in diabetes(Dong & Tong, 2025).
Ethanal (acetaldehyde) may come from oxidative mechanisms, microbial fermentation, or endogenous metabolism. Individuals with diabetes have been found to have elevated levels, although confounding factors linked to food and alcohol use need to be carefully managed(Goldman et al., 2025).
Pentanal and hexanal are byproducts of polyunsaturated fatty acid lipid peroxidation. Their presence in exhaled breath is indicative of systemic oxidative damage, which is strongly associated with inflammatory signalling, mitochondrial malfunction, and persistent hyperglycemia in diabetes(Oyerinde et al., 2023c).
Isoprene, one of the most prevalent hydrocarbons in human breath, is a result of the mevalonate pathway, which is used to biosynthesise cholesterol(Sukul et al., 2023). Diabetes has been linked to altered isoprene levels, which may be a reflection of altered muscle metabolism, oxidative stress, and lipid metabolism.. However, the stand-alone diagnostic value of isoprene is limited by its high sensitivity to physiological parameters such as age, sex, physical activity, and circadian rhythm(F. Zhang et al., 2024a).
3.3 Alcohols, Sulfur-Containing Compounds, and Other VOCs
Alcohols and chemicals containing sulphur constitute a more diverse group of VOCs linked to diabetes and are highly impacted by hepatic metabolism and microbial activity(Oyerinde et al., 2023d).
Methanol and ethanol in breath can originate from food sources, intestinal microbial fermentation, or endogenous metabolic activities. Diabetes has been linked to altered levels, which may be the result of altered hepatic clearance ability and gut microbiota composition. However, there are significant external confounders; interpretation must be done carefully(Andaloro et al., 2025).
Dimethyl sulfide (DMS) and associated sulfur-containing volatile organic compounds are generated by hepatic sulphur amino acid pathways and microbial metabolism(Hansen & Venkatachalam, 2023). Impaired hepatic metabolism and metabolic dysfunction, which are prevalent in diabetes and insulin resistance, have been associated with elevated DMS. Rather than directly addressing glucose metabolism, these substances may offer indirect insight into disruptions in the liver-gut axis(Contreras-Zentella et al., 2025). 

Table 1 lists the main volatile organic compounds (VOCs) linked to diabetes, emphasising their suggested metabolic origins, reported direction of change, and possible clinical importance in order to put the variety of VOCs reported in diabetes breathomics research into context.

Table 1. Major VOCs Implicated in Diabetes
	VOC
	Biochemical Origin
	Direction of Change in Diabetes*
	Clinical Relevance

	Acetone
	Ketogenesis (acetoacetate decarboxylation)
	↑
	Marker of ketosis, glycemic control, DKA risk

	Acetoacetate derivatives
	Hepatic fatty acid oxidation
	↑
	Reflect altered energy metabolism

	Ethanal (acetaldehyde)
	Oxidative stress, microbial metabolism
	↑
	An indicator of metabolic and oxidative stress

	Pentanal / Hexanal
	Lipid peroxidation
	↑
	Marker of oxidative damage

	Isoprene
	Cholesterol biosynthesis (mevalonate pathway)
	Variable
	Reflects lipid metabolism and physiological stress

	Methanol
	Microbial fermentation, endogenous metabolism
	Variable
	Gut–liver axis involvement

	Ethanol
	Microbial metabolism, hepatic clearance
	Variable
	Influenced by the microbiome and liver function

	Dimethyl sulfide
	Sulfur amino acid metabolism, microbiome
	↑
	An indicator of metabolic and hepatic dysfunction


The term "direction of change" describes patterns found in several studies; there is significant inter-individual heterogeneity.

4. Analytical Technologies for Breath VOC Detection
In order to detect volatile organic compounds (VOCs) in exhaled breath accurately and consistently, the analytical platform used is essential. Clinical readiness, throughput, sensitivity, and specificity of diabetic breathomics technologies vary greatly. It is crucial to comprehend these variations in order to evaluate translational potential and understand published results(Mortazavi et al., 2025a).
4.1 Mass Spectrometry–Based Approaches
As a result of their great sensitivity and chemical specificity, mass spectrometry (MS)-based methods are regarded as the analytical gold standard for breath VOC identification and quantification(Schulz et al., 2023).
Gas Chromatography–Mass Spectrometry (GC–MS)
Complex volatile organic compounds (VOCs) can be separated using GC-MS and then identified at the chemical level using mass spectrum libraries. It is especially useful for biomarker discovery and mechanistic research since it provides outstanding specificity and permits structural validation of individual VOCs(Palmisani et al., 2025). A common method for characterising VOCs linked to diabetes, including acetone, aldehydes, and hydrocarbons, is GC-MS(C. Li et al., 2024b).
However, the relevance of GC-MS for point-of-care or large-scale screening applications is limited because it necessitates substantial sample preparation, trained operators, and laboratory equipment(Rozsypal, 2026).
Proton Transfer Reaction–Mass Spectrometry (PTR–MS)
PTR-MS allows high-sensitivity, real-time VOC detection without the need for chromatographic separation. Acetone and other tiny volatile compounds can be dynamically monitored with it. Compound identification may be complicated by the technique's weakness in processing(Epping & Koch, 2023a).
Selected Ion Flow Tube–Mass Spectrometry (SIFT–MS)
Another real-time method that measures VOCs using established ion-molecule reaction kinetics is SIFT-MS. It provides reliable quantification and less sample preparation. Its compound coverage is limited to predetermined target analytes, just like PTR-MS, and thorough profiling is less practical than GC-MS(Swift et al., 2023).
Sensitivity, Specificity, and Reproducibility Considerations
Although the analytical performance of MS-based techniques is unmatched, inter-study variability is still a problem(Lv et al., 2025). Reproducibility between cohorts and laboratories can be greatly impacted by variations in breath collecting techniques, ambient background correction, calibration techniques, and data processing pipelines. Standardisation is still a crucial unmet requirement(Son et al., 2024).
4.2 Sensor and Electronic Nose (e-Nose) Technologies
Even though MS-based methods have unparalleled analytical performance, inter-study variability remains an issue. Differences in breath collection methods, ambient background adjustment, calibration methods, and data processing pipelines can significantly affect reproducibility between cohorts and labs. One important unmet need is standardisation(Westphal et al., 2022).
Metal Oxide Semiconductor (MOS) Sensors
VOCs are detected using MOS sensors by the use of variations in electrical resistance following gas adsorption. They are affordable, durable, and amenable to miniaturisation. They react to large classes of volatile organic compounds (VOCs) rather than specific ones, and they are extremely sensitive to changes in temperature and humidity(Epping & Koch, 2023b).
Nanomaterial-Based Sensors
Sensors based on metal nanoparticles, graphene, and carbon nanotubes have been made possible by developments in nanotechnology. In comparison to traditional MOS sensors, these materials provide enhanced sensitivity and adjustable selectivity(Bakhshpour-Yücel et al., 2025). Although there has been little clinical validation, nanomaterial-based sensors in diabetes research have shown the capacity to distinguish between the breath patterns of people with and without diabetes(X. Wang et al., 2023).
Pattern Recognition vs Compound-Specific Detection
E-nose systems usually do not name specific volatile organic compounds (VOCs), in contrast to MS-based techniques(Aghili et al., 2023). Rather, multivariate statistics or machine learning are used to analyse the composite response patterns that are produced. Although this pattern-based method can be quite effective in diagnosis, it has issues with cross-platform reproducibility, regulatory approval, and biological interpretability(Shtepliuk et al., 2025).
4.3 Emerging Technologies
Current technology advancements are designed to close the gap between clinical usability and analytical rigour(Livieri et al., 2025).
Microfluidic Breath Analyzers
Breath sampling, VOC separation, and detection are all integrated into small devices with small sample volumes using microfluidic platforms. These tools provide less chance of contamination and more control over sample settings. They show promise for standardised and scalable breath analysis, albeit still being primarily experimental(Azimzadeh et al., 2025).
Wearable and Point-of-Care Breath Sensors
A potential paradigm change for frequent or continuous metabolic monitoring is represented by wearable breath sensors and portable point-of-care devices(Vitazkova et al., 2024). Outside of clinical contexts, these devices may make it possible to track metabolic states over time, such as ketosis and glycaemic excursions. But issues with long-term dependability, calibration stability, and sensor drift are still unsolved(Alhaddad et al., 2023).

For diabetic breathomics, mass spectrometry-based methods now offer the most accurate and comprehensible data, especially during the discovery and validation stages(F. Zhang et al., 2024b). Although sensor-based and emerging technologies have great potential for clinical translation, routine clinical use cannot be verified until additional standardisation, extensive validation, and regulatory review are completed(Mennella et al., 2024).

5. Data Analysis and Pattern Recognition in Breathomics
Breathomics produces high-dimensional datasets made up of many VOC properties that are connected(Sadaka et al., 2024). Robust computational techniques are necessary to extract clinically significant patterns because of the biological variability of diabetes and the impact of physiological and environmental factors. At this point, analytical rigour plays a major role in determining diagnostic performance and reproducibility(Farnoosh et al., 2025).
5.1 Multivariate Statistical Approaches
Principal Component Analysis (PCA)
In exploratory breathomics research, PCA is a commonly employed unsupervised dimensionality reduction method(Jacokes et al., 2025). Using PCA, correlated VOC variables are converted into orthogonal principle components, which makes it easier to see how groups with and without diabetes cluster. PCA is useful for identifying outliers, batch effects, and dominating variance structures even though it does not immediately offer diagnostic classification(N. Zhang et al., 2024).
Partial Least Squares–Discriminant Analysis (PLS-DA)
A supervised technique called PLS-DA is frequently used to model class separation based on specified labels (diabetes vs. controls, for example). It enables the identification of VOCs that most significantly contribute to group discrimination by combining classification and dimensionality reduction(Aizpitarte et al., 2026). However, if cross-validation and external validation are not used strictly, PLS-DA is vulnerable to overfitting(Ghasemzadeh et al., 2024).
Clustering Techniques
Without prior class labels, natural groupings within VOC datasets are found using hierarchical clustering and k-means clustering. These methods are very helpful in identifying subphenotypes, such as differentiating between oxidative stress-dominant and ketosis-dominant profiles in diabetic populations(Haji et al., 2023).
Limitation: Complex nonlinear interactions between volatile organic compounds (VOCs) and metabolic states may not be adequately captured by traditional multivariate approaches, which presume linear connections(Chen et al., 2023).
5.2 Machine Learning and Artificial Intelligence
Machine learning (ML) and artificial intelligence (AI) techniques are becoming more prevalent due to the growing complexity of breathomics datasets(Royce et al., 2024).
Supervised vs Unsupervised Models
Support vector machines (SVM), random forests, gradient boosting, and neural networks are examples of supervised models that are trained on labelled datasets in order to predict glycaemic states or diagnostic categories. Compared to conventional statistical techniques, these models frequently attain greater classification accuracy(X. Li et al., 2025).
Autoencoders and sophisticated clustering algorithms are examples of unsupervised learning approaches that find latent patterns without predetermined outcomes, perhaps revealing unexpected metabolic groupings or disease pathways(Chaudhry et al., 2023).
Feature Selection and Model Interpretability
To avoid model instability and improve biological interpretability, feature selection is essential. Permutation importance ranking, LASSO regression, and recursive feature elimination are some of the methods used to find the most informative volatile organic compounds(Bulut et al., 2025). However, for clinical acceptance and regulatory approval, very complicated models (such deep neural networks) may compromise interpretability in favour of predictive performance(Zubair et al., 2024).
Risk of Overfitting and Dataset Bias
Small, single-center datasets are used in many breathomics investigations, which raises the possibility of overfitting a situation in which models perform well on training data but poorly on external validation cohorts(Ko et al., 2026). Additionally, nutritional disparities, device-specific artefacts, and demographic imbalances may contribute to dataset bias. Reports of performance indicators (such as accuracy, AUC, sensitivity, and specificity) may exaggerate their practical usefulness in the absence of multicenter validation and standardised methodologies(Alipour & Alipour, 2025).
6. Clinical Applications and Evidence Base
The clinical utility of breath VOC analysis is its ultimate value. Although proof-of-concept studies show promise, the quality of the data differs depending on the application(Moura et al., 2023b).
6.1 Diagnosis and Screening of Diabetes
Type 1 vs Type 2 Diabetes Differentiation
In type 1 diabetes, breath acetone levels are typically more noticeably high, especially during insulin insufficiency or ketoacidosis(Jones et al., 2025). On the other hand, rather than overt ketosis, type 2 diabetes is frequently characterised by more subtle changes in VOC patterns associated with oxidative stress and insulin resistance. Due to the lack of strong head-to-head validation studies, multivariate VOC signatures may help with phenotypic distinction(Krause & De Vito, 2023).
Pre-Diabetes Detection Potential
Detectable changes in VOC profiles may result from early metabolic dysregulation in prediabetes before glucose or HbA1c diagnostic thresholds are exceeded(Cai et al., 2026). Pattern-based breath analysis appears to provide a reasonable level of accuracy in distinguishing between prediabetes and normoglycemia, according to a number of small-scale investigations. However, in order to ascertain predictive usefulness and cost-effectiveness, extensive prospective longitudinal investigations are required(Rondanelli et al., 2023).
6.2 Monitoring Glycemic Control and Disease Progression
Correlation with HbA1c and Glucose Variability
In certain investigations, breath acetone has demonstrated a moderate connection with HbA1c levels and short-term glycaemic swings(Pokora et al., 2025). Near real-time metabolic information may be obtained from breath VOCs, in contrast to HbA1c, which represents long-term glycaemic exposure. This temporal benefit might enhance current monitoring techniques, especially for dynamic metabolic states(Pugliese et al., 2022).
Detection of Diabetic Ketoacidosis (DKA) Risk
Increased breath acetone levels have been repeatedly linked to the risk of ketosis and DKA. Rapid, non-invasive screening in emergency situations or remote monitoring scenarios may be made possible by breath-based detection. However, further standardisation is needed for clinical standards for actionable decision-making(Sha et al., 2022b).
6.3 Special Populations
Pediatric Patients
Non-invasive breath monitoring may be especially helpful for kids and teenagers with type 1 diabetes, as it lessens the need for frequent finger-prick testing. Initial research shows viability, but growth, dietary, and activity-related variability needs to be taken into consideration(Moses et al., 2023).
Pregnant Women (Gestational Diabetes)
Due to physiological metabolic changes that occur during pregnancy, gestational diabetes mellitus (GDM) poses diagnostic problems. Although the findings is still preliminary and confounding from pregnancy-related metabolic changes must be carefully considered, breathomics may possibly provide supplemental screening tools(Mittal et al., 2025).
Low-Resource and LMIC Settings
Portable and inexpensive breath sensors could offer scalable screening options in settings with limited laboratory testing infrastructure(Durán Cotrina et al., 2026). However, prior to deployment, it is necessary to address environmental interference, calibration stability, and device robustness. Furthermore, in order to prevent diagnostic disparities, validation in a variety of populations is crucial(Yang et al., 2025).
 The majority of the evidence comes from small, diverse cohorts, while early clinical studies show excellent diagnostic performance for breath-based VOC analysis in diabetes(Gudiño-Ochoa et al., 2024a). In order for breathomics to be regarded as a clinically validated diagnostic or monitoring tool, large multicenter trials using standardised procedures are necessary(Yockell-Lelièvre et al., 2025a). 
The translational workflow from breath collection and VOC detection to computational analysis and clinical decision-making in diabetes management is shown in Figure 2.
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Figure 2. Translational workflow from breath collection to clinical decision-making in diabetes.
Standardised breath collection (e.g., end-tidal sample or portable devices) is the first step in the workflow. Next, volatile organic compounds are analytically detected utilising mass spectrometry-based platforms or sensor-based technologies. To produce diagnostic or monitoring outputs, extracted VOC properties are subjected to multivariate statistical analysis or machine learning-based pattern recognition. Clinical applications such as glycaemic monitoring, risk stratification, and diabetes screening are informed by these outputs. Regulatory permission, multicenter validation, and standardisation are essential cross-cutting prerequisites for clinical implementation..
7. Limitations and Challenges
Despite significant conceptual and technological advancements, there are a number of interconnected barriers to the practical application of breath VOC analysis for diabetes(Magnano et al., 2024a). To guarantee dependability and clinical credibility, these issues must be resolved. They include biological variability, methodological limitations, and regulatory barriers(Zheng et al., 2024a).
7.1 Biological Variability
Numerous physiological and behavioural factors can mask disease-specific signals in exhaled volatile organic compound (VOC) patterns(Zheng et al., 2024b).
Diet, Age, Sex, and Circadian Rhythm
Dietary consumption significantly and instantly affects the VOC composition of breath, especially for alcohols, sulfur-containing chemicals, and ketones(Oyerinde et al., 2023e). Inter-individual variability is further influenced by variations in body composition, hormone regulation, and metabolism related to age and sex(Barbão et al., 2025). Variations in VOC levels that are dependent on the time of day are caused by circadian rhythms, which also alter metabolic flux and lung ventilation. Diagnostic models may show decreased specificity if these aspects are not carefully controlled or adjusted(R. Wang et al., 2025).
Comorbidities and Medication Effects
Obesity, cardiovascular illness, liver failure, and chronic renal disease are common comorbid diseases that can independently change VOC patterns in people with diabetes(Kreiner et al., 2023). Insulin, metformin, statins, and antihypertensive drugs are examples of commonly used drugs that affect metabolic processes associated with the formation of volatile organic compounds. It is still very difficult to separate signals specific to diabetes from effects linked to comorbidities and therapy(Campagnoli et al., 2025).
7.2 Technical and Methodological Constraints
Lack of Standardization in Breath Sampling
There is currently no well recognised procedure for collecting breath in diabetes studies(Marfatia et al., 2025). Inconsistent results between studies are caused by differences in pre-sampling circumstances, breath volume, collection equipment, and sampling techniques (e.g., mixed expiratory breath vs. end-tidal breath). Meta-analytic synthesis and cross-study comparability are restricted by this lack of harmonisation(Mortazavi et al., 2025b).
Inter-Instrument Variability
Sensitivity, detection limits, and compound coverage vary throughout analytical platforms, especially between mass spectrometry systems and sensor-based instruments(Guo et al., 2025). Reproducibility between laboratories and clinical locations can be complicated by significant differences in calibration procedures and data processing pipelines, even within the same technology class(Tsakalof et al., 2024).
Environmental Contamination
Breath measurements can be distorted by interior contaminants, ambient air composition, and laboratory background volatile organic compounds if they are not well managed(Moura et al., 2023c). For low-abundance VOCs and in field-based or point-of-care settings, environmental contamination is particularly problematic, highlighting the necessity of strict background correction and quality\control protocols(Silva et al., 2025).
7.3 Clinical and Regulatory Barriers
Reproducibility Across Cohorts
Many breathomics research have small sample sizes, are exploratory in nature, and are single-center. Models created in these settings frequently do not generalise to other groups with distinct dietary habits, environmental exposures, or demography. Therefore, proving repeatability across separate cohorts is an essential requirement for clinical acceptance(Yockell-Lelièvre et al., 2025b).
Validation Against Gold Standards
Breath-based diagnostics must be verified against recognised gold standards, such as HbA1c, plasma glucose measures, and ketone assays, in order to be approved by regulators and clinicians(Jarnda et al., 2025). Standardised performance benchmarks have not been established consistently, and correlations are currently moderate and context-dependent(Goshrani et al., 2025).
Regulatory Approval Pathways (FDA, EMA)
Regulatory bodies need unambiguous proof of clinical utility, clinical validity, and analytical validity. Other issues with algorithm openness, model update, and post-market surveillance come up for breath diagnoses that are AI-driven or pattern-based(Olawade et al., 2026). The lack of widespread regulatory approval for any breath-based VOC test for diabetes at this time emphasises the field's early translational stage(Magnano et al., 2024b).
8. Ethical, Privacy, and Implementation Considerations
The growing intersections of breathomics with AI and digital health need for careful evaluation of implementation and ethical considerations(Gudiño-Ochoa et al., 2024b).
Data Ownership and Biometric Privacy
Breath VOC profiles are biometric health data that may be sensitive. Particularly when cloud-based analytics are used, it is crucial to have clear frameworks for data ownership, storage, and secondary usage in order to preserve public trust and ensure patient privacy(McKenzie et al., 2026).
Clinical Accountability of AI-Driven Diagnostics
AI-powered breath analysis tools call into question clinician accountability and decision-making power. To ensure responsibility when algorithmic outputs impact clinical decisions, it is necessary to clearly define the roles of clinicians, developers, and healthcare organisations(Maleki Varnosfaderani & Forouzanfar, 2024).
Equity in Access and Deployment
Although breath-based diagnostics are frequently marketed as accessible and inexpensive, health inequities may be made worse by uneven implementation or skewed training datasets(Ferrara, 2023). For responsible implementation, it is crucial to provide validation in a variety of groups and fair access across socioeconomic circumstances(Joseph, 2025).
9. Future Directions
Coordinated methodological, technological, and clinical efforts will be needed to address the constraints that currently exist(Zamiri & Esmaeili, 2024).
9.1 Standardization and Harmonization
A fundamental priority is the creation of accepted standards for breath collection, storage, analysis, and reporting. Meta-analyses, regulatory evaluation, and reproducibility would all be accelerated by standardised procedures and minimum reporting requirements(Zhou et al., 2025).
9.2 Integration with Multi-Omics and Digital Health
Breathomics + Metabolomics + Genomics
The accuracy of diagnosis and biological interpretability may be improved by combining breath VOC data with blood-based metabolomics, genomes, and microbiome profiles(Gallos et al., 2023). These multi-omics techniques may shed light on the causal relationships between metabolic disorders and VOC signatures(Gutierrez Reyes et al., 2024).
Continuous Monitoring and Digital Twins
The accuracy of diagnosis and biological interpretability may be improved by combining breath VOC data with blood-based metabolomics, genomes, and microbiome profiles. These multi-omics techniques may shed light on the causal relationships between metabolic disorders and VOC signatures(Moura et al., 2023d).
9.3 Translational and Clinical Trial Pathways
Large-Scale Longitudinal Studies
To determine the prognostic value and temporal dynamics of VOC changes, prospective studies that follow people from normoglycemia through prediabetes to overt diabetes are required(Choi et al., 2025).
Real-World Clinical Validation
It is crucial to evaluate feasibility, user acceptability, and practical performance in everyday clinical settings, such as primary care and community-based screening(Gong et al., 2023).
Cost-Effectiveness and Health System Integration
Adoption will depend on proving economic value in comparison to current diagnostic techniques. While delivering useful information, integration into healthcare workflows must reduce burden(Raunaq et al., 2025).
The breathomics literature constantly acknowledges the limits and future directions mentioned above. While technology advancement is rapid, considerable evidence gaps remain, and cautious interpretation is required until standardized, large-scale validation studies are completed(Carrick et al., 2025).

10. Conclusion
The understanding of how volatile organic molecules in exhaled breath represent the oxidative, inflammatory, and metabolic disruptions that define diabetes has significantly increased thanks to developments in breathomics. A scientifically sound basis for breath-based diagnostics is provided by repeatable correlations between diabetes and particular VOC classes, including ketone-related substances like acetone, as well as aldehydes and hydrocarbons associated with oxidative stress. The topic of breath VOC analysis has advanced from proof-of-concept to translational significance thanks to parallel advancements in analytical technologies, sensor development, and computer modelling.
Despite these developments, breath-based VOC analysis is still not clinically prepared to be used as a stand-alone diabetes monitoring or diagnostic tool. Reproducibility and generalisability are hampered by significant biological variability, inconsistent sampling and analytical procedures, and a lack of multicenter validation. Furthermore, a lot of claimed diagnostic performances may exaggerate their usefulness in the real world because they are based on small, diverse cohorts. As of right now, breathomics should be seen as a supplementary method that could enhance rather than replace current biochemical diagnoses.
In the future, breath-based diagnostics may have a significant impact on precision diabetology if present issues are methodically resolved. The next crucial steps are rigorous clinical validation in a variety of populations, integration with multi-omics data, and standardisation of procedures. Breathomics may eventually make non-invasive, scalable, and patient-centered tools for diabetes early detection, risk stratification, and dynamic monitoring possible with further technological advancement and evidence generation. This is especially true in situations where traditional testing is difficult or impractical.
In the future, if present issues are methodically resolved, breath-based diagnostics may contribute significantly to precision diabetology. The next steps must include standardising procedures, integrating multi-omics data, and conducting thorough clinical validation across a range of populations. Breathomics may eventually make non-invasive, scalable, and patient-centered tools for diabetes early detection, risk stratification, and dynamic monitoring possible with further technological advancement and evidence generation—especially in situations where traditional testing is difficult or impractical.
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