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Abstract: Non-invasive diagnostics and finding biomarkers of disease in humans have been a very
active research area. Some of the analytical technologies used for finding biomarkers of human disease
are finding their use in livestock. Non-invasive sample collection from diseased cattle using breath
and headspace of fecal samples have been reported. In this work, we explore the use of volatile organic
compounds (VOCs) emitted from bovine nasal secretions and serum for finding biomarkers for bovine
respiratory disease (BRD). One hundred nasal swabs and 100 serum samples (n = 50 for both ‘sick’
and ‘healthy’) were collected at the time of treatment for suspected BRD. Solid-phase microextraction
(SPME) was used to collect headspace samples that were analyzed using gas chromatography-mass
spectrometry (GC-MS). It was possible to separate sick cattle using non-invasive analyses of nasal
swabs and also serum samples by analyzing and comparing volatiles emitted from each group of
samples. Four volatile compounds were found to be statistically significantly different between ‘sick’
and ‘normal’ cattle nasal swabs samples. Five volatile compounds were found to be significantly
different between ‘sick’ and ‘normal’ cattle serum samples, with phenol being the common marker.
Future studies are warranted to improve the extraction efficiency targeting VOCs preliminarily
identified in this study. These findings bring us closer to the long-term goal of real-time, animal-side
detection and separation of sick cattle.
Keywords: biomarkers; volatile organic compounds; phenol; cattle; bovine respiratory disease;
non-invasive sample collection; solid-phase microextraction; gas chromatography-mass spectrometry

1. Introduction
Non-invasive diagnostics and finding biomarkers of disease in humans have been a very active
research area [1–3]. Some of the analytical technologies used for finding biomarkers of human disease
are finding their use in livestock [4–8]. Non-invasive sample collection from diseased cattle using
breath [4–6] and headspace of fecal samples [7] have been reported. In this work, we explore the use
of volatile organic compounds (VOCs) emitted from bovine nasal secretions and serum for finding
biomarkers for bovine respiratory disease (BRD).
BRD is not caused by ‘a’ pathogen—it is a multi-factorial complex that involves various
combinations of physiological stress, animal mismanagement, assorted bacterial and viral pathogens,
and inclement weather conditions [9,10]. BRD is the most costly disease condition found in feedyards
in the U.S. with losses occurring in the form of decreased feeding performance, increased death loss
and treatment costs, and lower carcass value at the time of harvest [11]. Various strategies have been
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utilized to mitigate the losses associated with BRD with varying results [9,12]. Vaccination strategies
have been combined with antibiotic therapy to minimize pathogen exposure and spread within groups
of calves. Improved nutritional practices have attempted to optimize feed efficiency while minimizing
the metabolic effects of sub-acute acidosis. Even with these advancements, the feedlot industry in the U.S.
continues to see only marginal improvement in the overall morbidity and mortality levels due to BRD.
Recently, interest has grown in the identification of metabolic markers for various disease
conditions in cattle using metabolomics. Metabolomics (proteomics) is the study of either primary or
secondary metabolites of a biological system and their changes to better understand system responses
to disease and other influences or manipulations on that biological system [13,14]. Body fluids are
composed of various electrolytes, hormones, and especially its proteome that may contain information
about feeding status, nutritional requirement, and adaptations to diet and environment, and also about
the health status of the animal. Biological fluids, oral fluids, serum, and plasma can be harvested and
analyzed to map changes to cellular biology to better understand the effect that outside factors have
on a biological system.
A recent review of the relative strengths and weaknesses of the main proteomic techniques
used in human and animal studies is published [13]. These techniques included liquid or gas
chromatography-mass spectrometry (GC-MS), matrix-assisted laser desorption ionization-time of
flight mass spectrometry (MALDI-TOF/MS), and nuclear magnetic resonance (NMR). GC-MS gives the
best overall view of primary metabolism in a biological system. The majority of metabolites found in the
GC-MS data are lower molecular weight, primary metabolites, and those from core metabolic processes
including amino acid metabolism, fatty acid metabolism, tricarboxylic acid (TCA) cycle, and glycolysis.
Saliva has been widely used in swine as a diagnostic sample to monitor disease status and
metabolic state [14]. Metabolomic studies involving cattle have utilized milk, rumen fluid, urine,
serum, and plasma to evaluate the presence of ketosis, heat stress, odor generation, feed digestion,
and transition time in dairy cattle [15–19]. One study focused on differences in metabolomic
profiles between young dairy calves with acute bronchopneumonia and normal contemporaries [20].
Plasma was collected from these calves and NMR was utilized to detect differences between the
two groups. These groups had two distinctly different and distinguishable metabolic fingerprints
using both water soluble and lipid extracts. Alterations in various metabolites were meaningful for
pathogenic mechanisms of calf bronchopneumonia.
Since this type of profiling study had yet to be performed in a feedlot environment in the U.S.,
this research aimed to evaluate metabolomic profiles from nasal secretions and serum between healthy
calves and those affected with acute BRD. The main objective of this research was to identify ‘sick’
and ‘normal’ (healthy) cattle using headspace analyses of (1) nasal swabs and (2) serum samples for
volatile compounds with GC-MS. Our working hypothesis was that headspace gases of nasal swabs,
and serum samples have the distinct signature of VOCs between cattle diagnosed as sick and healthy.
2. Materials and Methods
2.1. Sample Collection
A total 200 samples from cattle (i.e., 100 nasal swab and 100 serum; n = 50 for both ‘sick’ and
‘healthy’ of each) were collected at the time of treatment for suspected BRD. Cattle were identified
in pen as morbid if they showed signs such as depression, reduced rumen fill, increased respiratory
effort, and/or discharge from the eyes and nose. Cattle identified as morbid (sick) were pulled from
the pen and taken to the treatment chute for further evaluation. Once in the chute, a rectal temperature
was taken by an M700 thermometer (GLA Agricultural Electronics, San Luis Obispo, CA, USA) and
a lung score was assessed by a veterinary stethoscope (Whisper, Plymouth, MN, USA). Cattle with
a rectal temperature of greater than or equal to 40 ◦ C (104 F) and a lung score greater than or equal to
2 (on a five-point scale) were deemed ‘sick’ and were used for sample collection. Setup for sample
collection is shown in Figure S1 (Supplementary Material).
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Nasal secretions were collected by using a facial tissue grasped within a hemostat to swab the
inside of one nostril (Figure S2). The tissue was then placed inside of a 35 mL syringe and the liquid
squeezed from the tissue by depressing the plunger. Small aliquot of liquid (0.25 mL) from the tissue
was collected into a clean 10 mL vial. Hemostats were washed in distilled water and then 75% isopropyl
alcohol between each calf that was sampled. Blood was collected from the tail vein via needle and
syringe (Figure S3). Blood was then immediately transferred into a 10 mL serum blood collection
vacutainer (BD Vacutainer, Franklin Lakes, NJ, USA). Serum vacutainers were centrifuged no longer
than 30 min after collection. After centrifuge, serum was poured away from the clot and into clean
10 mL vials. The 10 mL vials with samples were used later for headspace solid-phase microextraction
(SPME). Samples were placed in dry ice immediately after processing chute-side. At the end of each
sample collection day, all samples were placed into a freezer and maintained between −66 and −71 ◦ C.
Samples remained in the freezer until they were analyzed.
Samples from ‘healthy’ cattle were collected from a random sample of cattle receiving their
terminal growth implant. Nasal secretions and blood from ‘healthy’ cattle were collected, processed,
and stored in the same manner as nasal secretions and blood from the ‘sick’ cattle.
2.2. Volatile Organic Compounds
Chemical analyses of nasal secretion and serum samples were completed using the
multidimensional gas chromatograph–mass spectrometer–olfactometer (MDGC-MS-O) system
(no multidimensional mode was used or olfactometry was performed for this research). A two
cm 50/30 µm DVB/Carboxen/PDMS (57348-U, Supelco, Bellefonte, PA, USA) SPME fiber was used
for all samples to extract and pre-concentrate volatile organic compounds (VOCs) from samples.
Samples were collected by headspace extraction with SPME. The SPME procedure was performed
with a robotic CTC Combi PAL™ LEAP GC autosampler (LEAP Technologies, part of Trajan Family,
Inc., Carrboro, NC, USA) equipped with a heated agitator. For each sample, the automated sequence
started by transferring the headspace vial to the agitator, set to 37 ◦ C, and the vial was equilibrated at
this temperature for 10 min with 250 rpm agitation. The equilibration was followed by exposing the
SPME fiber to the headspace of the vial for 45 min while agitating at 250 rpm. After the exposition
period, the SPME fiber with extracted odorants was immediately inserted into the 250 ◦ C GC injector
for 2 min for thermal desorption, sample introduction, odorant separation, and analysis [7].
The MDGC-MS-O (Microanalytics, a part of Volatile Analysis Corporation, Round Rock, TX, USA)
was equipped with two columns connected in series. The non-polar pre-column was 30 m, 0.53 mm
i.d.; film thickness, 0.50 µm with 5% phenyl polysilphenylene siloxane stationary phase (SGE BPX-5)
and operated with constant pressure mode at 11.2 psi (0.76 atm). The polar analytical column was
a 30 m × 0.53 mm bonded polyethylene glycol (PEG) embedded in a synthetic glass (SGE SolGel-Wax)
at a film thickness of 0.50 µm. System automation and data acquisition software were MultiTraxTM
V. 10.1 (Microanalytics® A part of Volatile Analysis Corporation, Round Rock, TX, USA) and
ChemStation™ (Agilent Technologies, Santa Clara, CA, USA). The general GC run parameters
used were as follows: injector, 250 ◦ C; column, 40 ◦ C initial, 3 min hold, 7 ◦ C/min ramp to 240 ◦ C
final, 8.43 min hold; carrier gas, UHP-grade helium (99.999%). The GC was operated in a constant
pressure mode where the mid-point pressure—i.e., the pressure between pre-column and analytical
column—was always at 5.7 psi (0.39 atm) and the heart-cut sweep pressure was 5.0 psi. The MS
full scan range was 34 to 350 m/z. The quadrupole MS was set to electron ionization (EI) mode
with ionization energy of 70 eV. MS tuning was performed using the default autotune setting using
perfluorotributylamine (PFTBA) daily.
2.3. Statistical Analyses
The standard least squares in a REML method, in JMP System (version Pro 12, SAS Institute, Inc.,
Cary, NC, USA) was used to analyze the data and determine the p-values. A significance level of
0.05 was used as the cut off for statistical significance.
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Sick Cattle
Peak Area
120,000
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Compound 1
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Compound
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Compound 3
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Preliminary
Retention Time
ID
(min)
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(a.u.)
63,000
(±52,500)

40,200
(±44,200)
53,400

(±38,000)

63,000
71,800
(±52,500)
(±81,300)

53,400
43,700
(±38,000)

(±27,900)

Confirmed Spectral
Top Five Ion
Cattle
RT with
Match
Distribution,
Peak Area
standard
(%)
Ion(%)
markers
(a.u.) in cattle serum samples (Figure 2).
57(100), 43(89),
25,400
noConfirmed49 Spectral
45(69), 71(36),
Healthy
Top Five Ion
(±22,000)
Cattle Peak
RT with
Match41(31) Distribution,
94(100), 65(31),Ion (%)
Area (a.u.)
Standard
(%)
38,400
yes
49
66(27), 39(23),
(±32,900)
40(22)57(100), 43(89),
25,400
no
49
45(69), 71(36),
159(100),
55(41),
(
±
22,000)
36,800
no
50
145(34), 202(29),41(31)
(±27,300)
43(27)94(100), 65(31),
38,400
yes
49 170(100),66(27), 39(23),
31,400
(±32,900)
no
57
141(63), 51(52), 40(22)
(±42,900)
77(45), 44(44)
159(100), 55(41),
68(100), 67(87),
36,800
33,500
no
50
145(34), 202(29),
no
51
189(52), 207(41),
(±27,300)
(±20,400)
43(27)
93(40)
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57
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4. Discussion
Similar to earlier studies [4,5,7,8], the headspace SPME-GC-MS sampling, sample preparation,
and analysis have shown to be useful in elucidating statistically significant differences in compound
profiles from ‘sick’ and ‘healthy’ cattle. The same approach was used to study marking fluids of
wild cats and plant-insect interactions [21–23]. Volatile organic compounds that are feasible to extract,
separate and detect via relatively simple headspace SPME extraction followed by analyses using
GC-MS can provide an initial glance for identifying the scope of biomarker candidates emitted from
both cattle nasal swabs and serum samples. Preliminary markers in both types of samples were
different except phenol which was expected considering animal metabolism and therefore expressions
of compounds in different media. Future studies are warranted to improve further the extraction
efficiency targeting VOCs that were preliminarily identified in this study, including identification and
quantification. Research towards real-time detection of selected VOCs using portable, field-ready for
animal-side capable (e.g., maximum 30 s to 5 min long cattle retention/processing in feedlot chute),
and minimally invasive sampling methods is warranted.
The phenolic compounds (phenol and p-cresol) identified in the both nasal secretions and serum
could simply represent the presence of the parent compound [24–28]. These compounds may be
directly produced by certain gastrointestinal bacteria via the metabolism of tyrosine, associated with
kidney failure, protein breakdown, or fatty liver disease. It is of interest to note that creatinine, which is
commonly used to in cattle to evaluate muscle catabolism also is a phenolic compound. Diphenyl
ether could also be included in this group as this compound may be produced from phenol ethers. It is
possible that there are multiple other phenolic compounds that went undetected or the assay was not
sensitive enough to differentiate between metabolites within this family.
Other metabolites identified in this research appear to be more distinct in their identification and
action. 5-Octadecenal is a fatty aldehyde lipid molecule that can be ingested with grain diets and has
the potential to serve as an energy source [24–26]. It has also been utilized as an estrus biomarker
in buffalo [29]. TMC is an endogenous biomarker that is produced in the biosynthesis of steroids,
cell signaling, membrane stabilization, and energy metabolism [24–26]. Benzothiazole can be found in
cranberries and persimmons and has multiple physiological properties [24–26]. There is evidence to
support that this compound may be produced by rumen bacteria. It is also closely related structurally to
the benzimidazoles which is a class of anthelmintics commonly used in cattle. However, some caution
must be used when evaluating these compounds within human-based libraries such as the HMBD
(human metabolome database).
5. Conclusions
Four volatile compounds were found to be significantly different between ‘sick’ and ‘healthy’
cattle nasal swabs samples. Five volatile compounds were found to be significantly different between
‘sick’ and ‘healthy’ cattle serum samples. Phenol was identified as the only common compound
between the two types of samples. Future work would include verifying compound identifications,
quantification, and development of methods for rapid, animal-side VOC detection that could be used
for diagnostics.
Supplementary Materials: The following are available online at www.mdpi.com/2297-8739/5/1/18/s1:
Figure S1. Set up for nasal swabs and serum sample collection. Figure S2. Nasal swab collection tools. Figure S3.
Blood collection from the tail vein.
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