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Abattoirs remain poorly characterised in terms of odour and volatile emissions despite their potential environmental, social, and economic impacts. This study characterised volatile organic compounds (VOCs) in a commercial cattle abattoir and assessed associations with animal welfare and production factors. Air samples were collected from the lairage and stun box throughout the working week and analysed using TD-GC-TOF-MS. A total of 200 compounds were identified, including alcohols, aldehydes, alkanes, amines, aromatic hydrocarbons, esters, ketones, nitriles, phenols, halogenated compounds, and silicones. Tweedie generalised linear models identified significant associations between VOC concentrations and production variables. Alcohol concentrations were 36% higher when overnight cattle were present (p = 0.030). Esters and nitriles increased by 41% with batch number (p < 0.05), while alkanes were 3.5-fold higher during morning periods (p = 0.015). Ketones increased with batch size (+15%, p = 0.010) and over time (p = 0.017), whereas aromatic hydrocarbons declined over time (p < 0.001). Machine learning models further demonstrated relationships between VOC profiles, production day, and shift hours. These findings indicate that abattoir VOC emissions are influenced by operational and animal-related factors and may provide useful indicators of environmental conditions, animal welfare, and occupational exposure.
Introduction
VOCs are associated with adverse human health outcomes, including respiratory, cardiovascular, and carcinogenic effects (Halios et al., 2022). In agriculture, Volatile Organic Compound (VOC) research has focused on livestock housing, where compounds such as volatile fatty acids, phenols, alcohols, and sulphur compounds dominate emissions (Trabue et al., 2011). In contrast, abattoirs remain understudied despite introducing additional emission sources, including blood, carcasses, wastewater, hide processing, and stunning gases (Bandaw & Herago, 2017). Decomposition of organic waste generates VOCs such as aldehydes, amines, sulphur compounds, and ammonia, contributing to odour and potential airborne hazards (Aizawa et al., 2022). Reported TVOC concentrations vary widely (1.02–3315 ppm), reflecting system variability and limited data (Mamhobu-Amadi et al., 2019). While occupational exposure limits exist for humans, equivalent thresholds for livestock are lacking. Evidence suggests animals may be more sensitive to inorganic airborne pollutants, such as sub-threshold ammonia levels inducing stress and avoidance behaviours (Von Borell et al., 2007), indicating that human-based standards may not adequately protect animal welfare (Conti et al., 2021). Poor air quality in abattoirs therefore has interconnected impacts animal welfare and health in wider livestock systems, and operational efficiency. Animals may exhibit stress and disrupted behaviour in response to odours and environmental contamination (Terlouw et al., 1998; Adamczyk et al., 2015). Conversely, improved hygiene and air quality management can reduce VOCs and enhance both environmental and operational outcomes (Tanaka et al., 2023). This study aimed to characterise VOC generation and distribution in a beef abattoir, identifying key emission sources and drivers to inform improved design, hygiene, and management, and to support VOC-based monitoring of animal welfare and production efficiency.
Methods
Site Description
The lairage and stun box of a commercial beef abattoir in England, United Kingdom, were sampled for VOCs on 10 sampling days between 15 August and 29 September 2025. The site was located in a rural area surrounded by farmland and primarily processed Aberdeen Angus-type animals, other beef or dual-purpose breeds, and dairy culls. Cattle were delivered throughout the day and were often held overnight in the lairage. Throughput averaged approximately 340 cattle per day, equivalent to around 42 animals per hour during a 9-hour shift, operating 5 days a week/365 days, excluding bank holidays. Site information was obtained from building plans, manual measurements, and discussions with staff regarding feeding, cleaning, and environmental management systems. The facility incorporated handling features based on Grandin design principles, including a serpentine race and circular crowd pen. Ventilation was mixed-mode, with mechanical fans activated ad-libitum. The lairage had capacity for up to 208 animals, with slatted flooring, daily cleaning, weekly disinfection, natural light, and HGV access.	Comment by J.A.covington: Here one is a breed, one is a production category, and one is a culling category. It would be better to describe the population more consistently.
VOC Sampling Procedure and Analysis
VOC sampling were captured using stainless-steel Tenax TA/Carbograph 5TD adsorbent; 6.4 mm o.d. thermal desorption (TD) tubes (Markes International, Llantrisant, UK; Bio-monitoring Inert-Coated Tubes). Target compound classes included sulphur-containing and nitrogen-containing compounds, alcohols, aldehydes, ketones, acids, alkanes, alkenes, indoles, phenols, terpenes, volatile fatty acids (VFAs), and aromatic and halogenated hydrocarbons. Air samples were collected in the lairage and stun box using an ACTI-VOC low-flow pump at 30-minute intervals and at a flow rate of 100 mL min⁻¹, resulting in 19 samples and 3 field blanks per day. Sampled tubes were capped, stored in standard Markes tube storage boxes, and transported at room temperature for analysis within two hours of sampling. VOC samples were analysed using a TD-GC-TOF-MS (Thermal Desorption Gas Chromatography Time-of-Flight Mass Spectrometry) system (Markes Centri, Thermo TRACE 1300 GC, BenchTOF). Tubes were desorbed by primary incubation at 70°C for 15 min, then helium purge (99.9999%) at 40°C for 3 min. Compounds were focused automatedly at 0°C using the cryogen-free Centri 360 Autosampler (Markes International, Llantrisant, UK), then thermally desorbed at 300°C and transferred to the GC via a 250°C transfer line. Separation was achieved using an Rxi-624SilMS column (20 m × 0.18 mm × 1.0 µm) with a helium constant carrier gas flow of 1.0 mL/min. Split injection (18:1) was applied at 200°C. The oven programme was: 40°C (1 min), ramp to 150°C at 8°C/min, to 200°C at 12°C/min, then to 250°C at 15°C/min (5 min hold). Data processing used ChromCompare+ with Dynamic Background Compensation (DBC2.0, 4.0s peak width). Chromatograms were deconvoluted and reintegrated (minimum ion count 2000) with thresholds set to height 45,000, width 0.065, and area 100,000. Compounds were identified using NIST2021 library matching (≥700 match factor). Area percentages were exported and standardized using a bespoke University of Warwick platform for comparative analysis.
Statistical Analysis: Animal Data Modelling & Binary Machine Learning Classification.
Abattoir records for transport arrivals, batch additions, and slaughter rate were compiled for each sampling day. Animal proportions by sex and breed were calculated per 30-minute interval using UK Cattle Tracing System codes (GOV.UK, 2014). These variables were analysed against VOC total ion counts. To reduce dimensionality and multicollinearity, compounds were grouped by chemical class and expressed as mean ion counts, with collinear predictors (e.g. breed proportions) combined into composite variables. Due to non-normal, right-skewed, and heteroscedastic data, a Tweedie GLM (compound Poisson–Gamma, log link) was applied. Model diagnostics indicated good fit, and interaction terms were excluded based on higher AIC, retaining a parsimonious additive model. For machine learning, samples were classified as start vs end of the working week. Logistic regression, XGBoost, and Random Forest models were trained (60:40 split, 10-fold cross-validation). Statistical comparisons used Brunner–Menzel or Mann–Whitney tests (p < 0.05). Of 197 compounds, 45 features were retained based on model performance
Results and Discussion
Following background subtraction and filtering to retain only compounds detected in at least 10 samples, the number of identified VOCs was reduced from 197 to 55 for further analysis.  This filtering removed background artefacts, column derivatives, and random or uncommonly occurring compounds that may not be representative of consistent abattoir emissions. The retained compounds are identified in Table 1.

Table 1. Volatile organic compounds (VOCs) identified in air samples, grouped by chemical class in statistical analysis.
	VOC class
	Compounds detected

	Alcohols (n = 17, 32%)
	Ethanol, isopropyl alcohol, 1-propanol, acetic acid, 1-butanol, 1,2-ethanediol, α-terpineol, 1-dodecanol, 1-hexadecanol, 1-octadecanol, and other alcohols/silanols

	Aldehydes (n = 5, 2.75%)
	Hexanal, benzaldehyde, octanal, nonanal, decanal

	Amines (n = 6, 3.3%)
	Ethylenimine, dimethylmethylamine, tetramethylmethanediamine, aniline, methenamine, N-butylbenzenesulfonamide

	Esters (n = 1, 0.55%)
	Ethyl acetate

	Haloalkanes (n = 4, 2.2%)
	Trichloromonofluoromethane, 1,1,2-trichloro-1,2,2-trifluoroethane, trichloromethane, carbon tetrachloride

	Alkanes (n = 5, 2.75%)
	Isobutane, butane, 2-methylbutane, 2,2,4,6,6-pentamethylheptane, hexadecane

	Alkenes (n = 3, 1.65%)
	2-methyl-2-butene, pinene, limonene

	Aromatic hydrocarbons (n = 6)
	Benzene, 1,3,5-triazine, toluene, phenylethyne, cymene, indole

	Ketones (n = 5, 2.75%)
	Acetone, 2,3-butanedione, 2-butanone, acetoin, acetophenone

	Nitriles (n = 1, 0.55%)
	Benzonitrile

	Phenols (n = 3, 1.65%)
	Phenol, cresol, 4-ethylphenol




Patterns of abundance varied across VOC groups and by time of day. However, only a small number of compounds showed clear temporal specificity. For example, heptane, 2,2,4,6,6-pentamethyl was detected only during the afternoon period, whereas trichloromethane and methenamine were detected only in the morning regardless of number of overnight animals held. Overall, the VOC profile was broadly similar between morning and afternoon sampling periods. Three machine-learning models (logistic regression, XGBoost, and Random Forest) were used to classify samples by production week (start vs end), with all models showing strong discriminatory performance (Figure 1). Shapley analysis identified terpineol, Methylamine, N,N-dimethyl-, phenol, 4-ethyl-, and propanol as key discriminatory features. Higher concentrations of these compounds were consistently associated with the start of the week (Class 0), whereas lower concentrations were associated with the end of the week (Class 1). Of 55 retained compounds, 37 were selected for statistically significant presence and intensity in samples, of which 13 were significantly associated with class separation (Cliff’s delta, p ≤ 0.05). Ten compounds were associated with the end of the week, spanning alcohols, aromatic hydrocarbons, haloalkanes, amines, phenols, and sulphur-containing compounds (Table 2).	Comment by J.A.covington: I've changed this to logistic rather then linear
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Figure 1. Model Performance for Abattoir A VOC Profile – Start vs End of Week. Confusion Matrices Of Model Sensitivity And Specificity.	Comment by Karim Farag: Figure 1 is not cited in text?


Table 2. Statistically significant compounds associated with the classes Start and End of week.
	Feature 
	Compound presence 
(p value)
	Compound Intensity 
(Total Ion Count p value)
	Model Significance
(p value)
	Q value
	Cliff's δ

	1-Butanol
	2.45614 x 107
	5.85519 x 10-7
	4.16 x 10-7
	7.4 x 10-6
	0.31886

	Dimethyl sulfone
	6.73003 x 10-7
	8.91412 x 10-8
	3.81 x 10-7
	7.48 x 10-6
	0.312061

	1,2-Benzenedicarboxylic acid
	0.000158303
	6.90186 x 10-6
	8.26 x 10-5
	0.000991
	0.31425

	1-Propanol
	0.000308408
	2.82962 x 10-10
	0.000154
	0.00111
	0.474342

	Limonene
	0.000208926
	9.57976 x 10-5
	0.000152
	0.00111
	0.192325

	Phenylethane
	0.000611329
	0.000632471
	0.000622
	0.003731
	0.18925

	Ethanol, 2-butoxy-
	0.001059387
	0.000943562
	0.001001
	0.004006
	0.19167

	Terpineol
	1.77069 x 10-16
	0.001996008
	0.000998
	0.004006
	0.458333

	Phenol, 4-ethyl-
	1.92935 x 10-13
	0.001996008
	0.000998
	0.004006
	0.37895

	Ethylenimine
	0.00376143
	0.001892824
	0.002827
	0.010178
	0.242105

	Trichloromono
fluoromethane
	0.004928496
	0.001996008
	0.003462
	0.011331
	0.301096

	Methylamine, 
N,N-dimethyl-
	0.032814422
	1.40636 x 10-30
	0.016407
	0.045435
	0.735088

	Dimethyl sulfide
	0.026541154
	0.005988024
	0.016265
	0.045435
	0.245943



Tweedie GLMs were used to identify predictors of VOC group ion counts in lairage air samples (Table 3). No significant associations were detected for aldehydes, haloalkenes, or alkenes. Alcohol concentrations were higher when overnight cattle were present (+36%, p = 0.030). Amines showed a marginal decline over time and were lower during the morning period (approximately 40%; 0.05 < p < 0.1), and a weak positive association with kill rate. Batch-related effects were observed for several VOC groups: esters (+41%, p = 0.028) and nitriles (+41%, p = 0.032) increased with batch number, while phenols showed a marginal increase (approximately 15%, p = 0.058). Alkanes were higher during the morning period (approximately 3.5-fold, p = 0.015), with a marginal increase with batch size. Ketones increased over time (p = 0.017) and batch size (approximately 15% per unit, p = 0.010), but were marginally lower when overnight cattle were present. Aromatic hydrocarbons declined over time (p < 0.001) and showed a weak negative association with total animals delivered.
Table 3. Tweedie Generalised Linear Model of VOC categories and animal factor predictors. 	Comment by Karim Farag: This table is important and can look neater.
	VOC Group
	Predictor
	Effect Size (β)
	Direction
	% Change / Trend
	Significance

	Alcohols
	Overnight cattle
	0.304 ± 0.138
	Positive
	36%
	p = 0.030

	Amines
	Time
Morning Period
Kill Rate
	−2.86 × 10⁻⁵
−0.48
0.021
	Negative
Negative
Negative
	Over time
40%
2% per unit
	p = 0.057
p = 0.079
p = 0.060

	Esters
	Batch number
	0.41
	Positive
	41%
	p = 0.028

	Alkanes
	Morning period
Batch Size
	1.26
0.17
	Positive
Positive
	3.5× increase over time
Marginal
	p = 0.015
p = 0.076

	Ketones
	Time
Batch Size
Overnight Cattle
	3.23 × 10⁻⁵
0.136
-0.466
	Positive
Positive
Negative
	over time
15% per unit
Marginal
	p = 0.017
p = 0.010
p = 0.051

	Aromatic hydrocarbons
	Time
Total Animals
	−1.05 × 10⁻⁴
-0.015
	Negative
Negatuve
	Over time
Marginal
	p < 0.001
p = 0.086

	Nitriles
	Batch number
	0.34
	Positive
	41%
	p = 0.032

	Phenols
	Batch number
	0.138
	Positive
	15%
	p = 0.058


Alcohols were the dominant VOC group and likely originated from a combination of biogenic emissions (breath, urine, microbial fermentation) and cleaning-related sources. Ethanol, acetic acid, 2,3-butanediol are established products of rumen fermentation and microbial metabolism (Ju et al., 2024). Alcohol concentrations increased significantly with overnight animal presence, indicating accumulation of emissions from cattle and waste, consistent with findings in feedlot systems (Yuan et al., 2017). Aldehydes were attributed primarily to lipid oxidation and microbial activity in animal tissues and waste (Chida et al., 2021), with additional links to stress-related oxidative processes (Chulayo & Munchenje, 2017) and meat quality deterioration (Fu et al., 2022). Despite biological relevance, aldehydes were not significantly associated with animal factors. Amines showed temporal variation, increasing during peak production. These were largely synthetic or material-derived plastics and formaldehyde-based cleaning breakdowns, with minor microbial contributions from protein degradation (Malheiros et al., 2023). Esters (ethyl acetate) increased strongly with batch number (+51%), likely reflecting fasting-induced disruption of rumen metabolism and reduced ester processing (Kristensen et al., 2007; Mizuguchi et al., 2020). Hydrocarbons were associated with time of day and batch activity, indicating fuel combustion and transport emissions during peak HGV movement (Kocakulak et al., 2024). Residual chlorinated compounds likely originated from cleaning by-products (Su et al., 2018). Ketones were significantly associated with time and overnight housing, with compounds such as acetone and acetoin reflecting metabolic stress and ketogenesis (Jiang et al., 2025). Phenols and cresols further manure and protein metabolism (Brebu et al., 2023). Identified VOCs can be broadly grouped into compounds that may reflect animal physiological status and compounds that may represent environmental or operational stressors, although source attribution remains inferential as the study used whole-air sampling. However, this study did not establish concentrations of compounds, nor matrix source sampling for identification, only their ionic presence and intensity, and implications should be interpreted cautiously. BTEX compounds as fuel combustibles are present in mechanical industry environments requiring petrochemicals or burning of materials and are not exclusive to animal environments. No inference on their physiological impact to animals can be ascertained without threshold identification. Biogenic VOCs may indicate metabolic stress associated with prolonged fasting and lairage duration, consistent with increased acetone following feed deprivation (Haddadi et al., 2022) and ketogenesis during negative energy balance (Asiku et al., 2025). These processes are linked to lipid mobilisation and affect meat quality (Pérez-Santaescolástica et al., 2018). Although further validation is needed, the detection of these compounds in ambient air suggests that VOC monitoring may have value as a non-invasive indicator of animal welfare, metabolic status, and product quality. These findings support VOCs as a indicative tool for system hygiene, environmental management, and welfare-relevant pre-slaughter conditions.
Conclusions
This study demonstrates that VOCs in a commercial abattoir are influenced by production activity and reflect a combination of biological emissions, waste decomposition, and operational sources. Several compounds relevant to animal welfare, metabolic status, and occupational health were identified, supporting the value of VOC monitoring in these environments. Commercial VOC sampling methods were shown to be feasible in high-capacity abattoirs, though further work is needed to confirm emission sources and biological significance. Future research should refine sampling protocols, expand profiling across processing areas, and target specific biological sources (e.g. blood, urine, faeces) to better understand VOC generation and transfer. Evaluation of mitigation strategies is also required to determine whether reducing VOC exposure can improve animal welfare, processing efficiency, and workplace conditions.
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