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ABSTRACT

Sole hemorrhage and sole ulcers, referred to as sole 
lesions, are important causes of lameness in dairy cattle. 
We aimed to compare the serum metabolome of dairy 
cows that developed sole lesions in early lactation with 
that of cows that remained unaffected. We prospec-
tively enrolled a cohort of 1,169 Holstein dairy cows 
from a single dairy herd and assessed animals at 4 time 
points: before calving, immediately after calving, early 
lactation, and late lactation. Sole lesions were recorded 
by veterinary surgeons at each time point, and serum 
samples were collected at the first 3 time points. Cases 
were defined by the presence of sole lesions in early 
lactation and further subdivided by whether sole le-
sions had been previously recorded; unaffected controls 
were randomly selected to match cases. Serum samples 
from a case-control subset of 228 animals were analyzed 
with proton nuclear magnetic resonance spectroscopy. 
Spectral signals, corresponding to 34 provisionally 
annotated metabolites and 51 unlabeled metabolites, 
were analyzed in subsets relating to time point, parity 
cohort, and sole lesion outcome. We used 3 analytic 
methods (partial least squares discriminant analysis, 
least absolute shrinkage and selection operator regres-
sion, and random forest) to determine the predictive 
capacity of the serum metabolome and identify infor-
mative metabolites. We applied bootstrapped selection 
stability, triangulation, and permutation to support 
the inference of variable selection. The average bal-
anced accuracy of class prediction ranged from 50 to 
62% depending on the subset. Across all 17 subsets, 20 
variables had a high probability of being informative; 

those with the strongest evidence of being associated 
with sole lesions corresponded to phenylalanine and 
4 unlabeled metabolites. We conclude that the serum 
metabolome, as characterized by proton nuclear mag-
netic resonance spectroscopy, does not appear able to 
predict sole lesion presence or future development of le-
sions. A small number of metabolites may be associated 
with sole lesions although, given the poor prediction 
accuracies, these metabolites are likely to explain only 
a small proportion of the differences between affected 
and unaffected animals. Future metabolomic studies 
may reveal underlying metabolic mechanisms of sole 
lesion etiopathogenesis in dairy cows; however, the ex-
perimental design and analysis need to effectively con-
trol for interanimal and extraneous sources of spectral 
variation.
Key words: lameness, claw horn lesions, metabolomics, 
nuclear magnetic resonance (NMR) spectroscopy

INTRODUCTION

Sole hemorrhage (SH) and sole ulcers (SU), referred 
to as sole lesions, are 2 of the most prevalent foot le-
sions in dairy cattle (Murray et al., 1996; Capion et al., 
2008; Cramer et al., 2008). Sole lesions are thought to 
arise from contusions in the corium following a failure of 
the suspensory and supportive apparatus of the distal 
phalanx (Ossent and Lischer, 1998; Lischer et al., 2002; 
Bicalho and Oikonomou, 2013). Tissue damage in the 
corium can manifest as blood staining of the sole horn 
or impairment of horn production, presenting as SH or 
SU, respectively (Hoblet and Weiss, 2001; Lischer and 
Ossent, 2002; Shearer and van Amstel, 2017).

Sole lesions occur more frequently in hindlimbs and 
the incidence peaks around 3 to 4 mo after calving 
(Leach et al., 1997; Offer et al., 2000; Barker et al., 
2009). As there is an assumed lag of approximately 2 
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mo between instigating pathology in the corium and 
the detection of visible sole lesions (Hoblet and Weiss, 
2001), much of the research concerning the etiopatho-
genesis of sole lesions has focused on the transition 
period and early lactation. This represents a time of 
significant nutritional, metabolic, and management 
changes in dairy cattle (Drackley, 1999; Overton and 
Waldron, 2004; Cook and Nordlund, 2009). Therefore, 
although numerous possible metabolic mechanisms 
could have a role in the development of sole lesions, the 
interconnecting relationships between causal factors 
and predisposing or exacerbating risks are complex, 
with many of these elements still lacking a strong evi-
dence base (Solano et al., 2015; Newsome et al., 2016).

Measurement of metabolic markers in the blood has 
long been recognized as a valuable tool to monitor pe-
riparturient and early lactation dairy cows (Payne et 
al., 1970; Ingraham and Kappel, 1988). More recently, 
the field of metabolomics has been established using 
high-throughput platforms to detect large numbers 
of low-molecular-weight metabolites within a biologi-
cal sample (Wishart, 2008). The primary technologies 
used in metabolomics are chromatographic separation 
coupled with mass spectrometry or proton nuclear 
magnetic resonance (1H NMR) spectroscopy (Emwas 
et al., 2019).

Metabolomic techniques have only recently been 
directed toward studying lameness in dairy cows. To 
date, most research in this area comes from a single 
case-control study of 6 lame cows and 20 nonlame con-
trols that generated multiple 1H NMR- and MS-based 
metabolic analyses of serum, milk, and urine (Dervishi 
et al., 2020; Eckel et al., 2020; Zhang et al., 2020a,b; 
Zwierzchowski et al., 2020). These studies highlighted 
large numbers of metabolites that may be associated 
with lameness, both several weeks before and after the 
onset of clinical signs. Results also implied that meta-
bolic markers could be used to discriminate between 
lame and nonlame cows with almost perfect accuracy in 
all evaluated biofluids. However, as the cause of lame-
ness was not described in these studies, it is unclear 
whether these results directly relate to sole lesions. 
Nevertheless, there appears to be potential for me-
tabolomic approaches to highlight metabolic pathways 
implicated in lameness, which could make a valuable 
contribution toward understanding the etiopathogen-
esis of sole lesions.

This study aimed to compare the serum metabolome 
of dairy cows that developed SH and SU (sole lesions) 
in early lactation with the metabolome of cows that re-
mained unaffected. We aimed to (1) determine whether 
the serum metabolome could predict the presence, or 
future development, of SH and SU; and (2) identify any 
informative metabolites related to these lesions. Within 

the overarching aims, specific objectives also included 
(a) assessment of the serum metabolome before the 
development of sole lesions, particularly around par-
turition; (b) assessment of the serum metabolome in 
animals with a concurrent sole lesion; and (c) specific 
evaluation of first-parity animals, which are less likely 
to have had previous cases of severe sole lesions.

MATERIALS AND METHODS

This study was conducted following ethical approval 
by the University of Liverpool Research Ethics Com-
mittee (VREC269a, VREC466ab), and procedures 
regulated by the Animals (Scientific Procedures) Act 
were conducted under a United Kingdom Home Office 
License (P191F589B).

Study Overview

We designed a 2-stage observational study to evaluate 
the serum metabolome of dairy cattle that developed 
sole lesions in early lactation. The first stage followed a 
prospective cohort approach to record foot lesions and 
collect serum samples at repeated time points during 
a production cycle. In the second stage, a case-control 
sampling strategy was used to select animals, primarily 
based on sole lesions recorded in early lactation, from 
which to analyze serum samples with 1H NMR spec-
troscopy. Statistical analysis aimed to assess whether 
the serum metabolome could differentiate between 
cases and controls, and to highlight any metabolites 
that were influential in this discrimination.

Stage 1: Cohort Study

Herd Description. Data collection was conducted 
on a single dairy herd in the northwest United King-
dom, which was chosen for convenience and practical 
reasons, including the feasibility of frequent visits and 
assessments, herd size (>1,000 cows), and the avail-
ability of a suitable environment on the farm in which 
to process serum samples. Animals were housed year 
round in freestall barns with grooved concrete passage-
ways and cubicles deep bedded with sand. Cows were 
milked 3 times daily, and the average 305-d milk yield 
was approximately 11,000 kg at 3.3% protein and 3.8% 
fat. All animals were fed ad libitum with a TMR for-
mulated for each management group; no additional feed 
was provided during milking. In this herd, cows were 
routinely foot-trimmed before drying off and in early 
lactation. Foot-trimming was conducted by experienced 
farm staff using a grinder and hoof knives. Farm staff 
had been trained to use a modified version of the 5-step 
Dutch foot-trimming method (Toussaint Raven et al., 
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1985), which included wider and deeper modeling of the 
lateral claw on hind feet than the traditional method. 
The timing of early lactation foot-trimming depended 
on parity: primiparous cows were foot-trimmed 60 to 70 
d postpartum and multiparous cows were foot-trimmed 
90 to 100 d postpartum. Cows were footbathed twice 
daily with a 2% formalin solution.

Enrollment and Study Design. All animals that 
were expected to calve between May and December 
2019 were prospectively enrolled with no additional 
inclusion or exclusion criteria applied. A total of 1,169 
animals were enrolled. Data were collected by quali-
fied veterinary surgeons during twice-weekly visits from 
April 2019 to July 2020 (with a break from March to 
June 2020 due to COVID-19 restrictions). Animals 
were assessed at 4 time points: −90 to −21 d rela-
tive to parturition (T1-Precalving), 1 to 10 d after 
parturition (T2-Calving), 50 to 120 d in lactation 
(T3-Early), and >170 d in lactation (T4-Late). The 
timing of T3-Early corresponded to the scheduled foot-
trimming protocol on the farm; therefore, this time 
point was slightly earlier for first-lactation animals 
than for older animals. Serum samples were collected 
at the first 3 time points (T1-Precalving, T2-Calving, 
and T3-Early). To maximize the number of cases 
available for the subsequent case-control sampling, we 
aimed to enroll as many animals as possible during this 
stage; all eligible animals were enrolled until the final 
assessments (T4-Late) began, at which point further 
enrollments stopped as data collection at 4 time points 
simultaneously was not feasible.

Data Collection Procedures. Data collection was 
always conducted at the same time of day in nulliparous 
animals and immediately after milking in parous ani-
mals; therefore, sampling times relative to feed access 
were consistent within contemporary groups. At each 
assessment, animals were restrained in a foot-trimming 
crush. Body condition score was recorded using a 1-to-
5 scale with quarter-point intervals (Ferguson et al., 
1994). Foot lesions were recorded either during routine 
foot-trimming (T1-Precalving and T3-Early) or after 
lightly trimming the sole horn to visualize lesions (T2-
Calving and T4-Late). On each claw, all foot lesions 
were recorded using case definitions as described in the 
International Committee for Animal Recording (ICAR) 
Claw Health Atlas (Egger-Danner et al., 2020). All foot 
lesions were examined and recorded by qualified veteri-
nary surgeons; over 95% were by a single researcher and 
the remainder by 3 other researchers. Sole hemorrhage 
was graded as either mild (light pink lesion <2 cm di-
ameter or diffuse discoloration of sole) or severe (light 
pink lesion ≥2 cm diameter or dark pink/purple lesion 
of any size; Figure 1). Sole ulcers were recorded as pres-

ent or absent. Foot lesion recording was the same at all 
time points except for T2-Calving, during which only 
hind feet were assessed to reduce the handling time of 
recently calved cows. Painful sole lesions were treated 
according to herd protocols, which always included 
therapeutic trimming and the application of a hoof 
block to the unaffected claw if there was exposure of 
the corium, a pain response was elicited following pres-
sure on the lesion, or the animal had impaired mobility 
attributable to the lesion. Bandages were not applied 
to sole lesions.

At the first 3 time points (T1-Precalving, T2-Calving, 
and T3-Early), blood samples were collected from the 
ventral coccygeal vein into plastic Vacutainers coated 
with silica (Becton Dickinson Ltd.). Samples were 
mixed, allowed to clot at room temperature, and then 
centrifuged at 1,300 × g for 20 min to separate the 
serum. Serum aliquots were either transported on ice 
directly to −80°C storage or placed into a −20°C freez-
er on the farm for up to 8 h before being transferred 
to storage at −80°C. The times between sampling and 
centrifugation and between centrifugation and storage 
at −80°C were recorded.

The maximum daily milk yield during the first 100 d 
after calving was obtained from farm records for each 
animal.

Stage 2: Case-Control Study

Resources were available to analyze up to 600 serum 
samples using 1H NMR spectroscopy; therefore, a case-
control approach was used to select samples for further 
analysis from the data collected during stage 1 of this 
study. Data handling and case-control selection are 
summarized in Figure 2.

Data Cleaning. The data set was filtered to exclude 
animals with missing data. Missing data occurred if the 
animal left the herd during the study period, foot lesion 
records were incomplete from an assessment (minimum 
requirement of lesion records from both hindfeet), or 
a serum sample was missing from one of the first 3 
time points. Animals were also excluded if any data 
collection had occurred outside of the planned sampling 
times previously described. After data cleaning, a total 
of 727 animals with complete lesion records and serum 
samples had been sampled according to the planned 
timeline.

Exclusions. We defined a cohort of first-parity 
animals to specifically evaluate animals that were un-
likely to have been affected by previous SU or other 
noninfectious foot lesions (Vermunt and Greenough, 
1996; Randall et al., 2016). A low incidence of both 
SH and SU was recorded in second-parity animals, so 
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these animals were excluded from subsequent analysis. 
Animals that were third parity or greater were grouped 
into a separate cohort.

Serum samples from T2-Calving and T3-Early were 
analyzed in both parity cohorts (first parity and ≥ third 
parity), and samples from T1-Precalving were analyzed 
in the first-parity cohort only. At T1-Precalving, nul-
liparous heifers were considered likely to be relatively 
homogeneous, unlike parous animals, and therefore 
presented the best opportunity to evaluate possible dif-
ferences in the metabolome before parturition.

Severe serum hemolysis is associated with changes in 
the metabolome (Denihan et al., 2015). Before the final 
selection of cases and controls, serum samples were as-
sessed for serum hemolysis using a 0 to 4 visual grading 
system (Akinyemi et al., 2018). A conservative thresh-
old was applied so that animals with samples that had 
hemolysis of grades 3 or 4 were excluded from further 
analysis.

Toe ulcers may develop from similar pathophysiologi-
cal processes to sole ulcers, but can also occur due to 
over-wear or excessive trimming (Sanders et al., 2009; 
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Figure 1. Examples of sole hemorrhage (SH) severity grading. Mild SH: diffuse discoloration of sole (A) or a light pink lesion <2 cm diameter 
(B); severe SH: light pink lesion ≥2 cm diameter (C) or dark pink/purple lesion of any size (D).
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Figure 2. Data handling workflow to create the final case-control study population used in the analysis. The running total of animals in 
the data set is shown in the orange box on the left, the reason for animal exclusion is shown in the blue box in the middle, and the number of 
animals excluded at each step is shown in the gray box on the right. SH = sole hemorrhage; SU = sole ulcer; T1 = precalving; T2 = calving; 
T3 = early lactation; and T4 = late lactation.
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Kofler, 2017). Only a small number of cows were af-
fected with toe ulcers (n = 5), so these were excluded 
to avoid potentially confounding effects.

Case and Control Classification. Cases and con-
trols were defined from 477 eligible animals following 
data cleaning and exclusions. Our principal case defini-
tion was “severe sole lesions in early lactation,” but to 
address the research objectives, we subclassified cases 
according to more specific case definitions (Figure 2):

	 1.	 New SH: severe SH present at T3-Early; unaf-
fected with severe SH or SU at T1-Precalving 
and T2-Calving.

	 2.	 New SU: SU present at T3-Early; unaffected 
with severe SH or SU at T1-Precalving and T2-
Calving.

	 3.	 Chronic SU: affected with SU at either T1-Pre-
calving or T2-Calving, in addition to T3-Early. 
This case definition was included to differentiate 
between animals with and without SU before 
T3-Early, but allowed all animals with SU at 
T3-Early (i.e., New SU and Chronic SU) to be 
assessed.

Control animals were defined as those without any 
grade of SH or SU at T3-Early, in addition to being 
unaffected with severe SH or SU at T1-Precalving, 
T2-Calving, and T4-Late. In other words, at T3-Early, 
cases had either a new occurrence of severe SH or any 
occurrence of SU, and controls had no sole lesions at 
all. Once cases had been defined, the same number of 
controls were randomly selected from eligible animals 
within each parity cohort. A total of 114 animals were 
classified as cases and an equal number of controls were 
randomly selected from eligible animals.

1H NMR Spectroscopy

NMR Spectra Acquisition and Processing. 
Full details of NMR spectra acquisition and process-
ing are provided in the Supplemental Materials (https:​
/​/​data​.mendeley​.com/​datasets/​dgrb5z38kb/​1; Barden, 
2023). Briefly, following sample preparation, spectra 
were acquired using a Bruker Ascend 700 MHz. One-
dimensional 1H NMR spectra were recorded using a 
Carr-Purcell Meiboom-Gill (CPMG) pulse sequence 
(cpmgpr1d, Bruker). Quality control assessments in-
cluded the measurement of the half-height linewidth of 
glucose at 5.24 ppm, as well as a visual determination 
of acceptable water suppression, baseline stability, and 
signal-to-noise ratio. If a sample failed quality control, 
then the spectrum acquisition process was repeated 
up to 5 times per sample, after which samples were 
excluded from further analysis. Fourteen samples re-

peatedly failed quality control procedures and were ex-
cluded from further analysis. Thirteen of these samples 
were from the T3-Early assessment time point, and 1 
was from T2-Calving; 7 of these samples were from 
first-parity animals, and the other 7 were from ≥ third-
parity animals. The final data set used for statistical 
analysis comprised 567 samples from 228 animals.

NMR Spectra Binning and Annotation. The 
signal intensity of each peak is directly proportional 
to the concentration of each metabolite, as well as the 
number of hydrogen ions in that molecule (Emwas et 
al., 2019). No reference standards were used to calcu-
late the absolute concentrations of each metabolite; 
therefore, signal intensities represent the relative con-
centrations (Cullen et al., 2013).

Spectra from all samples were overlaid using the 
tameNMR toolkit on an in-house Galaxy server (Afgan 
et al., 2018; tameNMR, 2021), which allowed visualiza-
tion of all small and consistent signals. Spectral signals 
were provisionally annotated using Chenomx software 
(version 8.2; Chenomx Inc.). Annotations were based 
on chemical shift and multiplicity using the Chenomx 
reference library of mammalian metabolites and cross-
referenced with the Bovine Metabolome Database (Fo-
routan et al., 2020).

Bin boundaries were manually specified to capture 
annotated peaks; if metabolite annotation was not 
possible, then boundaries were selected to include 
individual peaks, distinct multiplets, or regions of 
consistent deviation from the baseline in all overlaid 
spectra. The peaks within each bin were integrated 
to calculate the relative intensity of each metabolite. 
Data were imported into R for subsequent analysis (R 
Core Team, 2021). Any negative values (due to noise 
at the baseline) were replaced with one-fifth of the 
minimum positive value for each bin. Data from each 
sample were normalized by the total spectral intensity 
to reduce technical variance between samples. A total 
of 211 bins were defined, which contained all spectral 
peaks unaffected by residual water signal; 118 bins were 
provisionally annotated to 34 different metabolites.

Bin Selection. Twenty-four labeled metabolites 
were represented by multiple bins in the spectrum. For 
each of these metabolites, a single bin was manually 
selected that was highly correlated with other bins of 
the same metabolite label, and therefore considered to 
be representative of that metabolite (Grosman, 2019). 
Representative peaks were also selected based on the 
confidence of annotation and visually appraised to se-
lect a bin with minimal visible overlap from neighbor-
ing signals.

Ninety-three bins could not be annotated with a can-
didate metabolite. Unlabeled bins were excluded if they 
were strongly correlated with a labeled bin (Pearson 
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correlation coefficient ≥0.9). The remaining unlabeled 
bins were assessed for distinct clusters based on Eu-
clidean distances using complete-linkage hierarchical 
clustering. The number of clusters was selected so that 
bins in different clusters had a Pearson correlation coef-
ficient <0.9; a single bin within each cluster was se-
lected based on the clarity of peak isolation, as before.

The result of bin selection was to define the spec-
trum by a total of 85 bins (Supplemental Tables S1 and 
S2, https:​/​/​data​.mendeley​.com/​datasets/​dgrb5z38kb/​
1; Barden, 2023). All 34 annotated metabolites were 
represented by a single bin, and the remaining 51 un-
labeled bins were not strongly correlated with labeled 
or other unlabeled bins. The relative intensities calcu-
lated for the signals in each selected bin were used for 
subsequent statistical analysis, referred to hereafter as 
(explanatory) variables.

Statistical Analysis

Statistical analysis was conducted in R using the ti-
dyverse and tidymodels packages (Wickham et al., 2019; 
Kuhn and Wickham, 2020) in addition to those speci-
fied. Full details of our approach to statistical analysis 
are provided in the Supplemental Materials (https:​/​/​
data​.mendeley​.com/​datasets/​dgrb5z38kb/​1; Barden, 
2023), and key aspects are described below.

Preliminary Analysis. Principal component anal-
ysis (PCA) was conducted with the GGally package 
(Schloerke et al., 2018). The first 5 principal compo-
nents, of centered and autoscaled data (van den Berg 
et al., 2006), were assessed for clustering or correlation 
due to technical or biological confounders. Techni-
cal confounders assessed were the timing of sampling 
relative to parturition, the time between sampling and 
centrifugation, the time between centrifugation and 
storage at −80°C, and the degree of serum hemolysis. 
Biological confounders assessed were BCS, maximum 
daily milk yield, and the presence of other foot lesions.

General Approach to Statistical Analysis. To 
address our research objectives, we split the data set 
to evaluate the relationship between the serum me-
tabolome and sole lesion development in subsets of 
comparable animals. We defined 4 clinically relevant 
outcomes from the case definitions of new SH, new SU, 
and chronic SU: (1) new SH, (2) new SU, (3) either 
new SH or new SU (new SH/SU), and (4) either new 
SU or chronic SU (all SU). We created separate subsets 
for each of these 4 outcomes and further divided these 
by assessment time point (T1-Precalving, T2-Calving, 
T3-Early) and parity cohort (first parity and ≥ third 
parity). In all instances, the comparison (control) group 
was cows that were not affected with severe SH or SU 
at any time point. Consequently, we conducted statisti-

cal analysis in 17 subsets in which the total number of 
animals ranged from 58 to 211.

Univariable Analysis. The distribution of the 
relative intensity of each metabolite in each of the pre-
defined subsets was visualized with density plots. Dif-
ferences between case and control groups were assessed 
with a 2-tailed, unpaired Wilcoxon signed-rank test, as 
the distribution was non-Gaussian in many instances.

Multivariable Analysis. The 3 statistical meth-
ods used for multivariable analysis were partial least 
squares discriminant analysis (PLSDA), least absolute 
shrinkage and selection operator (Lasso) regression, 
and random forest classification; these were applied 
separately to each predefined subset. In all cases, model 
predictive performance was assessed using balanced 
accuracy, calculated as the average accuracy for each 
class. Model hyperparameters were tuned to optimize 
balanced accuracy via 5-fold cross-validation repeated 
20 times; the balanced accuracy of class prediction was 
assessed from the out-of-fold prediction results. The 
same 3 methods were also used to highlight explana-
tory variables with an informative association with the 
outcome in each subset.

The PLSDA models were fit on centered and au-
toscaled data (van den Berg et al., 2006) using the 
mixOmics package (Rohart et al., 2017). Variable 
importance in projection (VIP) was calculated and a 
variable was considered to be selected if the VIP score 
was >1. Logistic regression models with the Lasso pen-
alty were fit using the glmnet package (Friedman et al., 
2010) on centered and autoscaled data (van den Berg 
et al., 2006). A variable was considered to be selected if 
there was a nonzero coefficient in the final model. Ran-
dom forests were fit using the ranger package (Wright 
and Ziegler, 2017). The Boruta algorithm fits a ran-
dom forest and selects variables that have significantly 
higher importance scores than permuted variables (P 
< 0.01). The Boruta algorithm was implemented using 
the Boruta package (Kursa and Rudnicki, 2010).

Observed Stability. The robustness of selected 
variables to small perturbations in the data was as-
sessed by bootstrapping the data (random sampling 
of the data with replacement) and repeating the vari-
able selection steps on each bootstrapped resample. 
The proportion of times a variable is selected, termed 
“stability,” reflects the confidence in a selected variable 
being truly informative (Austin and Tu, 2004; Mein-
shausen and Bühlmann, 2010; Sauerbrei et al., 2015). 
We calculated the variable selection stability from 200 
bootstrapped resamples of each subset using each of 
the 3 variable selection methods (PLSDA, Lasso regres-
sion, and Boruta). Triangulation of results can further 
strengthen inference (Lawlor et al., 2016). We took the 
average stability from the 3 variable selection methods 
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to calculate a single, combined stability for each vari-
able (Lima et al., 2021), referred to as the “observed 
stability.”

Baseline Stability. In each subset, we calculated 
stability thresholds with permuted data to formalize the 
interpretation of the observed stability of each variable 
(Hyde et al., 2022). Following the approach described by 
Hyde et al. (2022), the outcome variable was permuted 
to create a data set in which any existing association 
between explanatory variables and the outcome had 
been removed. This was repeated 10 times to produce 
independent data sets with randomized class labels. In 
each of these permuted data sets, the previous steps of 
bootstrapping and variable selection were repeated us-
ing 20 bootstrapped resamples. As before, the variable 
selection stability in the bootstrapped resamples was 
calculated for each variable and then averaged over the 
3 variable selection methods to determine the “baseline 
stability.”

In each permuted data set, the 99th and 100th per-
centiles of the baseline stabilities were taken from the 
distribution of baseline stabilities from all individual 
variables and then averaged over the 10 permuted data 
sets to define 2 thresholds, T99 and T100, respectively. 
Therefore, on average, 1% of variables in permuted 
data sets had a baseline stability that exceeded the 
T99 threshold, analogous to an expected false-positive 
rate of 1%; similarly, the T100 threshold translates to an 
expected false-positive rate of 0%.

RESULTS

A total of 1,169 animals were prospectively enrolled to 
record foot lesions and collect serum samples, with data 
from 737 animals retained following data cleaning (Fig-
ure 2). In the data set of 737 animals, 99.9% (736/737), 

99.3% (732/737), and 96.6% (712/737) of animals had 
lesion records from all 4 feet at T1-Precalving, T3-
Early, and T4-Late, respectively; all animals had lesion 
records from both hind feet at T2-Calving.

Details of foot lesion frequency at each assessment 
time point are provided in Table 1. At T3-Early, 5% 
(12/249) of primiparous animals and 11% (27/243) 
of ≥ third-parity animals had SU; only 1% (2/245) 
of second-parity animals had SU at this time point. 
Not including those animals that also had SU, 26% 
(65/249) of primiparous animals and 19% (46/243) of 
≥ third-parity animals had severe SH at T3-Early; only 
9% (21/245) of second-parity animals had severe SH at 
T3-Early.

A total of 228 animals were classified as either cases or 
controls. In the first-parity cohort, the mean (standard 
deviation) maximum daily milk yield was 36.9 (5.0) kg 
and 38.3 (4.8) kg in cases and controls, respectively; in 
the ≥ third-parity cohort, the mean (standard devia-
tion) maximum daily milk yield was 54.5 (6.4) kg and 
54.7 (6.4) kg, respectively. Details of other potentially 
confounding factors in cases and controls are provided 
in Table 2 and Table 3.

Serum samples from the first-parity cohort at T1-
Precalving, T2-Calving, and T3-Early, and from the ≥ 
third-parity cohort at T2-Calving and T3-Early were 
analyzed using 1H NMR spectroscopy. Plots of PCA 
scores for all time points combined and for each time 
point separately are shown in Figure 3. Potential tech-
nical and biological confounders (Table 2 and Table 3) 
were assessed with PCA, and no clustering or correla-
tion attributable to these confounders was evident in 
the first 5 principal components.

The full data set was split by time point, parity, and 
outcome definition to create 17 subsets that related 
to the specific comparisons of interests (Table 4). The 
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Table 1. Proportion (frequency) of animals affected by sole hemorrhage (SH) and sole ulcers (SU) at each 
time point (T1–T4) in the study population following data cleaning (n = 737); animals were defined according 
to the most severe sole lesion on all claws

Time point No sole lesion Mild SH Severe SH SU

First parity        
  T1-Precalving 0.74 (184) 0.24 (59) 0.02 (5) <0.01 (1)
  T2-Calving 0.74 (185) 0.20 (51) 0.05 (12) <0.01 (1)
  T3-Early 0.37 (92) 0.32 (80) 0.26 (65) 0.05 (12)
  T4-Late 0.61 (152) 0.33 (83) 0.04 (11) 0.01 (3)
Second parity        
  T1-Precalving 0.90 (221) 0.09 (22) <0.01 (1) <0.01 (1)
  T2-Calving 0.87 (214) 0.11 (27) 0.02 (4) 0.00 (0)
  T3-Early 0.62 (151) 0.29 (71) 0.09 (21) 0.01 (2)
  T4-Late 0.61 (149) 0.31 (77) 0.05 (13) 0.02 (6)
≥Third parity        
  T1-Precalving 0.63 (153) 0.23 (57) 0.06 (15) 0.07 (18)
  T2-Calving 0.69 (167) 0.24 (58) 0.03 (7) 0.05 (11)
  T3-Early 0.37 (91) 0.33 (79) 0.19 (46) 0.11 (27)
  T4-Late 0.41 (100) 0.35 (84) 0.14 (34) 0.10 (25)
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number of animals ranged from 58 to 211 in each subset. 
Univariable analyses of explanatory variables in each 
subset were conducted with a Wilcoxon signed-rank 
test to compare cases and controls (Supplemental Table 
S3, https:​/​/​data​.mendeley​.com/​datasets/​dgrb5z38kb/​
1; Barden, 2023). In multivariable analyses, the bal-
anced accuracy of class prediction was low in all subsets 
regardless of the statistical method; the average bal-
anced accuracy of the 3 methods in each subset ranged 
from 50 to 62% (Table 4).

The stability of variable selection in bootstrapped 
resamples was calculated for each variable in each of 
the 17 subsets, resulting in 1,445 observed stabilities 

(Supplemental Table S4, https:​/​/​data​.mendeley​.com/​
datasets/​dgrb5z38kb/​1; Barden, 2023). Baseline sta-
bility thresholds were calculated in each subset after 
permuting the outcome; T99 and T100 thresholds ranged 
from 73.7 to 91.8% and from 81.8 to 94.3%, respectively 
(Supplemental Table S4).

As an example, Figure 4 shows the distribution of 
observed stabilities from the subset relating to all pari-
ties at T3-Early, comparing all cases of SU (new SU 
and chronic SU) to unaffected cows. Across all subsets 
(i.e., 1,445 observed stabilities), 20 variables had an ob-
served stability above the corresponding T99 threshold 
for that subset, representing 15 different metabolites 
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Table 2. Details of potential technical confounders in the case and control groups

Time point N

Mean (SD) 
assessment timing 

relative to  
parturition (d)

 
Mean (SD) time (min) between

 

Proportion (frequency) of samples by 
hemolysis grade (0–4)

Sampling and serum 
separation 

Serum separation and 
−80°C storage Grade 0 Grade 1 Grade 2

First parity               
  T1-Precalving
    Control 64 −52.6 (12.7) 119.8 (28.5) 405.1 (73.2) 0.70 (45) 0.25 (16) 0.05 (3)
    Case 61 −53.3 (13.9) 120.1 (20) 405.6 (61.3) 0.61 (37) 0.31 (19) 0.08 (5)
  T2-Calving
    Control 64 4.5 (2.0) 107.8 (64.8) 149.8 (81.6) 0.73 (47) 0.17 (11) 0.09 (6)
    Case 61 5.8 (2.3) 92.7 (48.7) 171.9 (83.6) 0.70 (43) 0.18 (11) 0.11 (7)
  T3-Early
    Control 60 67.0 (4.2) 49.5 (18.9) 143.9 (81.1) 0.60 (36) 0.35 (21) 0.05 (3)
    Case 58 67.1 (7.9) 52.0 (24.6) 133.4 (68.8) 0.66 (38) 0.28 (16) 0.07 (4)
≥Third parity              
  T2-Calving
    Control 49 5.4 (2.2) 72.6 (38.6) 192.5 (86.6) 0.78 (38) 0.16 (8) 0.06 (3)
    Case 52 5.8 (2.4) 71.5 (25.8) 194.4 (81.1) 0.75 (39) 0.17 (9) 0.08 (4)
  T3-Early
    Control 48 95.7 (6.6) 74.3 (32.2) 185.8 (83.5) 0.79 (38) 0.12 (6) 0.08 (4)
    Case 50 95.0 (4.5) 83.7 (26.2) 190.5 (83.2) 0.82 (41) 0.12 (6) 0.06 (3)

Table 3. Details of potential biological confounders in the case and control groups; results are displayed as 
proportion affected (frequency) unless otherwise stated

Time point
Median (IQR1) 

BCS (1–5)
White line 

lesion Thin sole Double sole
Digital 

dermatitis
Heel horn 
erosion

First parity            
  T1-Precalving
    Control 4 (4–4.25) 0.03 (2) 0.02 (1) 0.05 (3) 0.52 (33) 0.02 (1)
    Case 4 (4–4.25) 0.07 (4) 0.03 (2) 0.05 (3) 0.51 (31) 0.02 (1)
  T2-Calving
    Control 3.5 (3.5–3.75) 0.03 (2) 0.00 (0) 0.05 (3) 0.31 (20) 0.08 (5)
    Case 3.5 (3.5–3.75) 0.03 (2) 0.00 (0) 0.03 (2) 0.26 (16) 0.02 (1)
  T3-Early
    Control 3.25 (3–3.25) 0.03 (2) 0.12 (7) 0.13 (8) 0.18 (11) 0.12 (7)
    Case 3.25 (3–3.5) 0.03 (2) 0.07 (4) 0.05 (3) 0.14 (8) 0.12 (7)
≥Third parity            
  T2-Calving
    Control 3.5 (3.25–3.5) 0.02 (1) 0.00 (0) 0.04 (2) 0.18 (9) 0.08 (4)
    Case 3.25 (3–3.5) 0.10 (5) 0.04 (2) 0.04 (2) 0.19 (10) 0.17 (9)
  T3-Early
    Control 3.25 (3–3.25) 0.08 (4) 0.08 (4) 0.29 (14) 0.19 (9) 0.21 (10)
    Case 3 (2.75–3.25) 0.14 (7) 0.10 (5) 0.32 (16) 0.20 (10) 0.34 (17)
1Interquartile range.

https://data.mendeley.com/datasets/dgrb5z38kb/1
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https://data.mendeley.com/datasets/dgrb5z38kb/1
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(Table 5). The distribution of the relative intensities 
of these metabolites in case and control samples are 
displayed in Figure 5. Only 9 variables had an observed 
stability greater than the corresponding T100 threshold 
in that subset, representing phenylalanine and 4 unla-
beled metabolites. Figure 6 displays the spectra and bin 
boundaries of the 4 unlabeled metabolites represented 
by variables with an observed stability greater than the 
T100 threshold.

DISCUSSION

We designed a study to explore the association be-
tween the serum metabolome and the development of 
sole lesions in Holstein cows. Our results indicated that 
the serum metabolome, as characterized by 1H NMR 
spectroscopy, could not reliably discriminate between 
animals based on the presence or future development 
of sole lesions. Additionally, we identified only a small 

number of metabolites that may be associated with sole 
lesion development. Taken together, there is limited 
support from this study for a major metabolic compo-
nent in the etiopathogenesis of sole lesions; however, 
we draw this conclusion cautiously because there are 
several important caveats to these results.

Class Prediction

The average balanced accuracy of predictive model-
ing did not exceed 62% in any subset, although the bal-
anced accuracy of PLSDA reached 71% on 2 occasions. 
Furthermore, as the predictive performance was as-
sessed from cross-validation during the tuning of model 
parameters, estimates of the balanced accuracy may be 
upwardly biased (Varma and Simon, 2006). Balanced 
accuracy was highest in subsets where the outcome was 
concurrent SU, compared with time points before lesion 
development or when the outcome was SH rather than 
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Figure 3. Unsupervised principal component analysis scores of the first 2 principal components (PC) for all time points together (A) and 
for separate time points (B–F). Points are colored by time point (A), parity cohort (B and C), and by case/control classification (D–F). Ellipses 
represent the 95% confidence level for a multivariate t-distribution.
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SU; however, our results suggest a limited potential to 
predict sole lesions from the serum metabolome.

The poor balanced accuracy of class prediction 
we observed is in contrast to results reported from 2 
studies that analyzed the serum metabolome of lame 
cows using MS-based techniques (Dervishi et al., 2020; 
Zhang et al., 2020b), but, as the cause of lameness 
in these cows was not described, these results might 
not be comparable to ours. The metabolites that were 
most influential in these predictive models were lysine, 
leucine, and isoleucine (Zhang et al., 2020b) and va-
line, mannose, and phosphoric acid (Dervishi et al., 
2020). Except for phosphoric acid, these metabolites 
were represented by explanatory variables in our data 
set but not highlighted as informative in our analyses. 
It would be useful to apply MS-based metabolomics 
toward lesion-specific causes of lameness in dairy cattle 
in future studies.

We highlighted potential technical causes of extrane-
ous spectral variation; however, PCA did not indicate 
these to be influential in this regard. Teahan et al. (2006) 
examined the effect of several experimental factors on 
NMR spectra and found interindividual variation to be 
the most influential. Compared with other farmed spe-
cies and humans, dairy cattle have exceptionally high 
metabolic demands in early lactation (Webster, 2020), 
and individual-specific responses in this period could 

present a challenging degree of interindividual variation 
in metabolomic studies of early lactation dairy cows 
(Ghaffari et al., 2019; Luke et al., 2020). No strong dif-
ferences in body condition or milk yield were observed 
between cases and controls, and these factors also did 
not appear influential with PCA. However, the serum 
metabolome is also affected by a range of clinical and 
subclinical metabolic diseases such as retained placen-
tas and subclinical ketosis, which may occur parallel to 
sole lesion development in early lactation (Sun et al., 
2014; Dervishi et al., 2017, 2018; Yong et al., 2021). As 
we were unable to monitor the study population closely 
enough to record all such conditions, it is unknown how 
their incidence may have affected our results.

Possible reasons for the poor prediction results in 
our study include the absence of any true association 
between the serum metabolome and sole lesions and 
insufficient study power. Power analysis of our data 
set with MetaboAnalyst (Pang et al., 2021) indicated 
that several hundred samples would be required in each 
group (depending on the subset) to achieve a study 
power of 0.8. Limited study power may be due to the 
small differences we observed between groups, which 
had large within-group variability (Figure 5). One 
strategy to increase study power would be to attempt 
to reduce the variability within each group and thus 
increase the relative magnitude of any effect. Therefore, 
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Table 4. Balanced accuracy of class prediction using partial least squares discriminant analysis (PLSDA), 
Lasso regression (Lasso), random forests (RF), and the average of all 3 methods (Combined)1

Time point Control (N) Case (N)   Outcome

Balanced accuracy of class prediction

PLSDA Lasso RF Combined

First parity            
  T1-Precalving 64 50 New SH 0.52 0.51 0.51 0.51

11 New SU 0.50 0.50 0.50 0.50
  T2-Calving 64 50 New SH 0.55 0.55 0.50 0.53

11 New SU 0.56 0.57 0.50 0.54
  T3-Early 60 47 New SH 0.57 0.53 0.47 0.52

11 New SU 0.60 0.57 0.50 0.56
≥Third parity                
  T2-Calving 49 25 New SH 0.63 0.54 0.58 0.58

12 New SU 0.71 0.54 0.53 0.59
  T3-Early 48 26 New SH 0.57 0.54 0.50 0.54

10 New SU 0.71 0.55 0.53 0.60
All parities              
  T2-Calving 113 75 New SH 0.56 0.53 0.56 0.55

23 New SU 0.53 0.53 0.50 0.52
98 New SH/SU 0.57 0.54 0.57 0.56

  T3-Early 108 73 New SH 0.56 0.56 0.50 0.54
21 New SU 0.64 0.63 0.50 0.59
94 New SH/SU 0.60 0.58 0.52 0.57
35 All SU 0.66 0.65 0.54 0.62

1Data were analyzed in 17 prespecified subsets split by time point, parity, and outcome definition; the control 
group in all cases were animals without sole lesions, and outcomes were cases of new sole hemorrhage (New 
SH), cases of new sole ulcers (New SU), those 2 groups combined (New SH/SU), or all cases of sole ulcers (All 
SU).
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future studies may benefit from applying stricter inclu-
sion criteria and attempting to record all periparturient 
diseases in detail.

Variable Selection

Across all subsets, only 9 variables had observed 
stability greater than the T100 threshold; these corre-
sponded to 5 metabolites: phenylalanine and 4 unla-
beled metabolites (Table 5). Selected variables should 
be interpreted in the context of the poor balanced ac-
curacies of class prediction, which suggest that even if 
these variables are truly associated with sole lesions, 
they explain only a small part of the differences be-
tween affected and unaffected animals.

We used additional steps to minimize false-positive 
results from the variable selection. It is suggested that 
data analysis should integrate multiple methods (trian-
gulation) that have different and unrelated sources of 
bias to avoid interpreting spurious results as informa-
tive (Munafò and Davey Smith, 2018). We took the 
average variable stability from multiple variable selec-
tion methods and compared this observed stability to 
the distribution of baseline stabilities in permuted data. 

This approach is reported to be robust to false-positive 
results from variable selection (Lima et al., 2021; Hyde 
et al., 2022; M. Green, unpublished data); however, 
as we used different approaches, such as PLSDA and 
Boruta, we cannot claim to have replicated this method 
exactly. Nevertheless, we would expect the principles 
of stability, triangulation, and permuted baseline sta-
bilities to be generalizable across a range of analytic 
methods.

The T99 threshold was calculated from the 99th per-
centile in the distribution of baseline stabilities in each 
subset; therefore, we considered this threshold to trans-
late to an expected false-positive rate of 1%. By analyz-
ing 85 explanatory variables in 17 subsets, we calculated 
a total of 1,445 observed stabilities. If no variables had 
a relationship with the outcome, we would still expect 
around 1% of variables to have an observed stability 
greater than the T99 threshold. Across all subsets, 20 
variables had an observed stability that exceeded the 
T99 threshold, which is, therefore, more than would be 
expected in the complete absence of any informative 
explanatory variables. However, many of these variables 
could still be false positives, so we focused our interpre-
tation on the variables that had an observed stability 
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Figure 4. Variable selection stability for all cases of sole ulcers compared with unaffected cows in all parities in early lactation (T3-Early). 
The solid line is the T100 threshold, and the dashed line is the T99 threshold. T99 and T100 are the baseline stability thresholds equivalent to 
expected 1% and 0% false-positive rates, respectively.
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above the T100 threshold, as these were the least likely 
to be artifactual. We have reported all variables with an 
observed stability greater than the T99 threshold so that 
future studies can determine whether any of these more 
equivocal results are verifiable.

Phenylalanine was highlighted as informative in sub-
sets related to concurrent SU and had a higher concen-
tration in animals with SU compared with unaffected 
cows; Dervishi et al., (2020) observed the same trend 
between lame and nonlame cows. Phenylalanine has 
been reported to be increased in humans due to inflam-
mation and oxidative stress associated with conditions 
such as trauma, sepsis, and burns (Rath et al., 1987; 
Ploder et al., 2008). There is interest in the potential 
role of periparturient inflammation and oxidative stress 
on sole lesion development in dairy cattle (Al-Qudah 
and Ismail, 2012; Watson et al., 2022; Wilson et al., 
2022).

Unlabeled metabolites were spectral signals that 
could not be annotated from a mammalian metabolite 
library. Example spectra of the 4 unlabeled metabo-
lites that had an observed stability greater than the 
T100 threshold are shown in Figure 6. Two of these 
unlabeled metabolites represent distinct single peaks 
(Unlabeled_17 and Unlabeled_26), whereas the other 2 
(Unlabeled_7 and Unlabeled_47) are much more poorly 
defined. By overlaying the spectra from all 567 samples, 

it was possible to visualize small but consistent changes 
in the baseline. These weak signals could relate to me-
tabolites at the lower limit of detection by 1H NMR 
spectroscopy, metabolites occluded by the presence 
of albumin in serum, or signals attenuated during the 
CPMG pulse program; either way, their interpretation 
requires caution due to the low signal-to-noise ratio. 
Such metabolites may be more reliably detected and 
identified using serum extracts (which separate metab-
olites from albumin), other NMR pulse sequences, 2-di-
mensional NMR, or MS-based techniques (Beckonert et 
al., 2007; Marchand et al., 2017; Emwas et al., 2019).

Generalizability

We enrolled cows from a single herd and, as a conse-
quence, the generalizability of our study is intrinsically 
limited. The herd in our study operated under a typical 
but relatively intensive management system of zero-
grazing, and this is an important context from which 
to interpret our results. The housing environment is 
a major risk factor for sole lesions (Cook et al., 2004; 
Cook and Nordlund, 2009; Bergsten et al., 2015), and 
the etiology and frequency of lameness differ between 
grazed and housed herds (Hund et al., 2019).

The average herd prevalence of lame cows in the UK 
has been reported from cross-sectional studies to be 
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Table 5. Variable selection stability of variables that had a stability greater than the T99 threshold1

Time point   Outcome   Metabolite Log2FC Stability (%) T99 (%) T100 (%)

First parity                
  T1-Precalving   New SH   Alanine 0.07 88.2 84.8 89.2

  New SU   Citrate 0.14 77.5 75.8 82.8
  T2-Calving   New SH   Unlabeled_7* −0.15 93.2 87.3 91.5

  New SU   Unlabeled_47* 0.09 83.7 73.7 81.8
  T3-Early   New SU   Phenylalanine 0.20 81.2 75.6 83.7

    Unlabeled_26* 0.35 92.5
≥Third parity                
  T3-Early   New SH   Unlabeled_24 0.09 78.3 77.5 85.3

    Propylene glycol 0.17 80.5
  New SU   Unlabeled_43 0.13 75.3 74.6 82.3

All parities                
  T2-Calving   New SH   Formate −0.14 90.8 89.4 91.3

  New SU   Unlabeled_10 0.12 80.8 78.8 82.7
    Valine −0.13 82.0
  New SH/SU   Unlabeled_7* −0.08 93.7 91.8 93.5

  T3-Early   New SU   Phenylalanine* 0.16 94.2 81.8 84.0
    Unlabeled_26* 0.18 86.3
  All SU   Unlabeled_7* −0.11 89.3 83.4 87.2
    Phenylalanine* 0.08 88.5
    Unlabeled_17* −0.17 88.5
    Proline −0.13 84.3
    Unlabeled_29 −0.08 86.0

1Details include the mean log (base 2) fold-change (Log2FC) and the baseline stability thresholds (T99 and T100, 
equivalent to expected 1% and 0% false-positive rates, respectively). Data were analyzed in 17 prespecified 
subsets split by time point, parity, and outcome definition; the control group in all cases were animals without 
sole lesions, and outcomes were either cases of sole new hemorrhage (New SH), cases of new sole ulcers (New 
SU), those 2 groups combined (New SH/SU), or all cases of sole ulcers (All SU).
*Variables with stability greater than the T100.
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Figure 5. Density plots of standardized and mean-centered relative intensities of the metabolites in Table 5. SH = sole hemorrhage; SU = 
sole ulcer.
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approximately 30% (Griffiths et al., 2018; Randall et 
al., 2019); in our study, we recorded the prevalence of 
lame cows to be between 7.5 and 10.7% depending on 
the time point of the study (data not shown). Previous 
studies in the UK that recorded foot lesions in first-
parity animals observed that more than 95% of heifers 
were affected with sole lesions in early lactation (Leach 
et al., 1997; Maxwell et al., 2015; Randall et al., 2016); 
63% of heifers were affected with sole lesions at the 
T3-Early assessment in our study. Taken together, we 
conclude that our study population was from a herd 
with better overall management of lameness than many 
UK dairy herds.

CONCLUSIONS

We compared the serum metabolome in dairy cows 
that developed sole lesions in early lactation with that 
of unaffected cows. Analysis of the serum metabolome 
could not reliably predict the presence or future devel-
opment of sole lesions. We also only highlighted a small 
number of metabolites that may be associated with sole 
lesion development. We conclude that the serum me-
tabolome, as characterized by 1H NMR spectroscopy, 
is not strongly associated with sole lesion development, 
but any true association may have been masked by 

unrecorded variation between individual animals or 
from other experimental sources. The application of 
metabolomics undoubtedly has the potential to reveal 
underlying mechanisms of sole lesion etiopathogenesis 
in dairy cows; however, our results were equivocal in 
this respect and further studies would be beneficial.
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Figure 6. Example spectra and bin boundaries (yellow shading) for the 4 unlabeled metabolites with an observed stability greater than the 
T100 threshold (Table 5). T100 is the baseline stability threshold equivalent to an expected 0% false-positive rate.



Journal of Dairy Science Vol. 106 No. 4, 2023

REFERENCES

Afgan, E., D. Baker, B. Batut, M. van den Beek, D. Bouvier, M. 
Čech, J. Chilton, D. Clements, N. Coraor, B. A. Grüning, A. Guer-
ler, J. Hillman-Jackson, S. Hiltemann, V. Jalili, H. Rasche, N. 
Soranzo, J. Goecks, J. Taylor, A. Nekrutenko, and D. Blanken-
berg. 2018. The Galaxy platform for accessible, reproducible and 
collaborative biomedical analyses: 2018 update. Nucleic Acids Res. 
46(W1):W537–W544. https:​/​/​doi​.org/​10​.1093/​nar/​gky379.

Akinyemi, R. O., K. Akinwande, S. Diala, O. Adeleye, A. Ajose, K. 
Issa, D. Owusu, I. Boamah, I. S. Yahaya, A. O. Jimoh, L. Imoh, 
G. Fakunle, A. Akpalu, F. Sarfo, K. Wahab, E. Sanya, L. Owolabi, 
R. Obiako, G. Osaigbovo, M. Komolafe, M. Fawale, P. Adebayo, 
P. Olowoyo, Y. Obiabo, T. Sunmonu, I. Chukwuonye, O. Balogun, 
B. Adeoye, F. Oladele, P. Olowoniyi, F. Adeyemi, A. Lezzi, A. T. 
Falayi, M. Fasanya, K. Ogunwale, O. Adeola, O. Olomu, O. Aride-
gbe, R. Laryea, E. Uvere, M. Faniyan, E. Melikam, R. Tagge, O. 
Akpa, J. Akinyemi, O. Arulogun, H. K. Tiwari, B. Ovbiagele, and 
M. O. Owolabi. 2018. Biobanking in a challenging African envi-
ronment: Unique experience from the SIREN project. Biopreserv. 
Biobank. 16:217–232. https:​/​/​doi​.org/​10​.1089/​bio​.2017​.0113.

Al-Qudah, K. M., and Z. B. Ismail. 2012. The relationship between se-
rum biotin and oxidant/antioxidant activities in bovine lameness. 
Res. Vet. Sci. 92:138–141. https:​/​/​doi​.org/​10​.1016/​j​.rvsc​.2010​.10​
.017.

Austin, P. C., and J. V. Tu. 2004. Bootstrap methods for developing 
predictive models. Am. Stat. 58:131–137. https:​/​/​doi​.org/​10​.1198/​
0003130043277.

Barden, M. 2023. Supplementary Materials—Serum 1H NMR-based 
metabolomics of sole lesion development in Holstein cows. Mende-
ley Data, V1. https:​/​/​doi​.org/​10​.17632/​dgrb5z38kb​.1.

Barker, Z. E., J. R. Amory, J. L. Wright, S. A. Mason, R. W. Blowey, 
and L. E. Green. 2009. Risk factors for increased rates of sole ul-
cers, white line disease, and digital dermatitis in dairy cattle from 
twenty-seven farms in England and Wales. J. Dairy Sci. 92:1971–
1978. https:​/​/​doi​.org/​10​.3168/​jds​.2008​-1590.

Beckonert, O., H. C. Keun, T. M. D. Ebbels, J. Bundy, E. Holmes, 
J. C. Lindon, and J. K. Nicholson. 2007. Metabolic profiling, me-
tabolomic and metabonomic procedures for NMR spectroscopy of 
urine, plasma, serum and tissue extracts. Nat. Protoc. 2:2692–
2703. https:​/​/​doi​.org/​10​.1038/​nprot​.2007​.376.

Bergsten, C., E. Telezhenko, and M. Ventorp. 2015. Influence of soft 
or hard floors before and after first calving on dairy heifer locomo-
tion, claw and leg health. Animals (Basel) 5:662–686. https:​/​/​doi​
.org/​10​.3390/​ani5030378.

Bicalho, R. C., and G. Oikonomou. 2013. Control and prevention of 
lameness associated with claw lesions in dairy cows. Livest. Sci. 
156:96–105. https:​/​/​doi​.org/​10​.1016/​j​.livsci​.2013​.06​.007.

Breiman, L. 2001. Random forests. Mach. Learn. 45:5–32. https:​/​/​doi​
.org/​10​.1023/​A:​1010933404324.

Capion, N., S. M. Thamsborg, and C. Enevoldsen. 2008. Prevalence of 
foot lesions in Danish Holstein cows. Vet. Rec. 163:80–85. https:​/​/​
doi​.org/​10​.1136/​vr​.163​.3​.80.

Cook, N. B., and K. V. Nordlund. 2009. The influence of the envi-
ronment on dairy cow behavior, claw health and herd lameness 
dynamics. Vet. J. 179:360–369. https:​/​/​doi​.org/​10​.1016/​j​.tvjl​.2007​
.09​.016.

Cook, N. B., K. V. Nordlund, and G. R. Oetzel. 2004. Environmental 
influences on claw horn lesions associated with laminitis and sub-
acute ruminal acidosis in dairy cows. J. Dairy Sci. 87:E36–E46. 
https:​/​/​doi​.org/​10​.3168/​jds​.S0022​-0302(04)70059​-4.

Cramer, G., K. D. Lissemore, C. L. Guard, K. E. Leslie, and D. F. 
Kelton. 2008. Herd- and cow-level prevalence of foot lesions in 
Ontario dairy cattle. J. Dairy Sci. 91:3888–3895. https:​/​/​doi​.org/​
10​.3168/​jds​.2008​-1135.

Cullen, C. H., G. J. Ray, and C. M. Szabo. 2013. A comparison of 
quantitative nuclear magnetic resonance methods: Internal, exter-
nal, and electronic referencing. Magn. Reson. Chem. 51:705–713. 
https:​/​/​doi​.org/​10​.1002/​mrc​.4004.

Denihan, N. M., B. H. Walsh, S. N. Reinke, B. D. Sykes, R. Mandal, 
D. S. Wishart, D. I. Broadhurst, G. B. Boylan, and D. M. Mur-

ray. 2015. The effect of haemolysis on the metabolomic profile of 
umbilical cord blood. Clin. Biochem. 48:534–537. https:​/​/​doi​.org/​
10​.1016/​j​.clinbiochem​.2015​.02​.004.

Dervishi, E., G. Zhang, S. M. Dunn, R. Mandal, D. S. Wishart, and 
B. N. Ametaj. 2017. GC−MS Metabolomics identifies metabolite 
alterations that precede subclinical mastitis in the blood of transi-
tion dairy cows. J. Proteome Res. 16:433–446. https:​/​/​doi​.org/​10​
.1021/​acs​.jproteome​.6b00538.

Dervishi, E., G. Zhang, R. Mandal, D. S. Wishart, and B. N. Ametaj. 
2018. Targeted metabolomics: New insights into pathobiology of 
retained placenta in dairy cows and potential risk biomarkers. Ani-
mal 12:1050–1059. https:​/​/​doi​.org/​10​.1017/​S1751731117002506.

Dervishi, E., G. Zhang, G. Zwierzchowski, R. Mandal, D. S. Wishart, 
and B. N. Ametaj. 2020. Serum metabolic fingerprinting of pre-
lameness dairy cows by GC-MS reveals typical profiles that can 
identify susceptible cows. J. Proteomics 213:103620. https:​/​/​doi​
.org/​10​.1016/​j​.jprot​.2019​.103620.

Drackley, J. K. 1999. Biology of dairy cows during the transition pe-
riod: The final frontier? J. Dairy Sci. 82:2259–2273. https:​/​/​doi​
.org/​10​.3168/​jds​.S0022​-0302(99)75474​-3.

Eckel, E. F., G. Zhang, E. Dervishi, G. Zwierzchowski, R. Mandal, 
D. S. Wishart, and B. N. Ametaj. 2020. Urinary metabolomics 
fingerprinting around parturition identifies metabolites that differ-
entiate lame dairy cows from healthy ones. Animal 14:2138–2149. 
https:​/​/​doi​.org/​10​.1017/​S1751731120001172.

Egger-Danner, C., P. Nielsen, A. Fiedler, A. Müller, T. Fjeldaas, D. 
Döpfer, V. Daniel, C. Bergsten, G. Cramer, A. M. Christen, K. F. 
Stock, G. Thomas, M. Holzhauer, A. Steiner, J. Clarke, N. Capion, 
N. Charfeddine, J. Pryce, E. Oakes, J. Burgstaller, B. Heringstad, 
C. Ødegård, J. Kofler, F. Egger, and J. B. Cole. 2020. ICAR Claw 
Health Atlas. 2nd ed. ICAR Technical Series. ICAR, Rome, Italy.

Emwas, A.-H., R. Roy, R. T. McKay, L. Tenori, E. Saccenti, G. A. N. 
Gowda, D. Raftery, F. Alahmari, L. Jaremko, M. Jaremko, and D. 
S. Wishart. 2019. NMR Spectroscopy for metabolomics research. 
Metabolites 9:123. https:​/​/​doi​.org/​10​.3390/​metabo9070123.

Ferguson, J. D., D. T. Galligan, and N. Thomsen. 1994. Principal 
descriptors of body condition score in Holstein cows. J. Dairy Sci. 
77:2695–2703. https:​/​/​doi​.org/​10​.3168/​jds​.S0022​-0302(94)77212​
-X.

Foroutan, A., C. Fitzsimmons, R. Mandal, H. Piri-Moghadam, J. 
Zheng, A. Guo, C. Li, L. L. Guan, and D. S. Wishart. 2020. The 
bovine metabolome. Metabolites 10:E233. https:​/​/​doi​.org/​10​
.3390/​metabo10060233.

Friedman, J., T. Hastie, and R. Tibshirani. 2010. Regularization paths 
for generalized linear models via coordinate descent. J. Stat. Softw. 
33:1–22. https:​/​/​doi​.org/​10​.18637/​jss​.v033​.i01.

Ghaffari, M. H., A. Jahanbekam, H. Sadri, K. Schuh, G. Dusel, C. 
Prehn, J. Adamski, C. Koch, and H. Sauerwein. 2019. Metabo-
lomics meets machine learning: Longitudinal metabolite profil-
ing in serum of normal versus overconditioned cows and pathway 
analysis. J. Dairy Sci. 102:11561–11585. https:​/​/​doi​.org/​10​.3168/​
jds​.2019​-17114.

Griffiths, B. E., D. Grove-White, and G. Oikonomou. 2018. A cross-
sectional study into the prevalence of dairy cattle lameness and as-
sociated herd-level risk factors in England and Wales. Front. Vet. 
Sci. 5:65. https:​/​/​doi​.org/​10​.3389/​fvets​.2018​.00065.

Grosman, R. 2019. NMR metabolic profiling of mosquito species to 
understand insecticide resistance. PhD Thesis. University of Liv-
erpool, UK.

Hoblet, K. H., and W. Weiss. 2001. Metabolic hoof horn disease. Vet. 
Clin. North Am. Food Anim. Pract. 17:111–127. https:​/​/​doi​.org/​
10​.1016/​S0749​-0720(15)30057​-8.

Hund, A., J. Chiozza Logroño, R. D. Ollhoff, and J. Kofler. 2019. As-
pects of lameness in pasture based dairy systems. Vet. J. 244:83–
90. https:​/​/​doi​.org/​10​.1016/​j​.tvjl​.2018​.12​.011.

Hyde, R., L. O’Grady, and M. Green. 2022. Stability selection for 
mixed effect models with large numbers of predictor variables: A 
simulation study. Prev. Vet. Med. 206:105714. https:​/​/​doi​.org/​10​
.1016/​j​.prevetmed​.2022​.105714.

Barden et al.: SERUM METABOLOMICS OF SOLE LESIONS

https://doi.org/10.1093/nar/gky379
https://doi.org/10.1089/bio.2017.0113
https://doi.org/10.1016/j.rvsc.2010.10.017
https://doi.org/10.1016/j.rvsc.2010.10.017
https://doi.org/10.1198/0003130043277
https://doi.org/10.1198/0003130043277
https://doi.org/10.17632/dgrb5z38kb.1
https://doi.org/10.3168/jds.2008-1590
https://doi.org/10.1038/nprot.2007.376
https://doi.org/10.3390/ani5030378
https://doi.org/10.3390/ani5030378
https://doi.org/10.1016/j.livsci.2013.06.007
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1136/vr.163.3.80
https://doi.org/10.1136/vr.163.3.80
https://doi.org/10.1016/j.tvjl.2007.09.016
https://doi.org/10.1016/j.tvjl.2007.09.016
https://doi.org/10.3168/jds.S0022-0302(04)70059-4
https://doi.org/10.3168/jds.2008-1135
https://doi.org/10.3168/jds.2008-1135
https://doi.org/10.1002/mrc.4004
https://doi.org/10.1016/j.clinbiochem.2015.02.004
https://doi.org/10.1016/j.clinbiochem.2015.02.004
https://doi.org/10.1021/acs.jproteome.6b00538
https://doi.org/10.1021/acs.jproteome.6b00538
https://doi.org/10.1017/S1751731117002506
https://doi.org/10.1016/j.jprot.2019.103620
https://doi.org/10.1016/j.jprot.2019.103620
https://doi.org/10.3168/jds.S0022-0302(99)75474-3
https://doi.org/10.3168/jds.S0022-0302(99)75474-3
https://doi.org/10.1017/S1751731120001172
https://doi.org/10.3390/metabo9070123
https://doi.org/10.3168/jds.S0022-0302(94)77212-X
https://doi.org/10.3168/jds.S0022-0302(94)77212-X
https://doi.org/10.3390/metabo10060233
https://doi.org/10.3390/metabo10060233
https://doi.org/10.18637/jss.v033.i01
https://doi.org/10.3168/jds.2019-17114
https://doi.org/10.3168/jds.2019-17114
https://doi.org/10.3389/fvets.2018.00065
https://doi.org/10.1016/S0749-0720(15)30057-8
https://doi.org/10.1016/S0749-0720(15)30057-8
https://doi.org/10.1016/j.tvjl.2018.12.011
https://doi.org/10.1016/j.prevetmed.2022.105714
https://doi.org/10.1016/j.prevetmed.2022.105714


Journal of Dairy Science Vol. 106 No. 4, 2023

Ingraham, R. H., and L. C. Kappel. 1988. Metabolic profile testing. 
Vet. Clin. North Am. Food Anim. Pract. 4:391–411. https:​/​/​doi​
.org/​10​.1016/​S0749​-0720(15)31056​-2.

Kofler, J. 2017. Pathogenesis and treatment of toe lesions in cattle in-
cluding “nonhealing” toe lesions. Vet. Clin. North Am. Food Anim. 
Pract. 33:301–328. https:​/​/​doi​.org/​10​.1016/​j​.cvfa​.2017​.02​.005.

Kuhn, M., and H. Wickham. 2020. Tidymodels: A collection of pack-
ages for modeling and machine learning using tidyverse principles. 
https:​/​/​www​.tidymodels​.org.

Kursa, M. B., and W. R. Rudnicki. 2010. Feature selection with the 
Boruta package. J. Stat. Softw. 36:1–13. https:​/​/​doi​.org/​10​.18637/​
jss​.v036​.i11.

Lawlor, D. A., K. Tilling, and G. Davey Smith. 2016. Triangulation in 
aetiological epidemiology. Int. J. Epidemiol. 45:1866–1886. https:​/​
/​doi​.org/​10​.1093/​ije/​dyw314.

Leach, K. A., D. N. Logue, S. A. Kempson, J. E. Offer, H. E. Tern-
ent, and J. M. Randalls. 1997. Claw lesions in dairy cattle: De-
velopment of sole and white line haemorrhages during the first 
lactation. Vet. J. 154:215–225. https:​/​/​doi​.org/​10​.1016/​S1090​
-0233(97)80024​-X.

Lima, E., R. Hyde, and M. Green. 2021. Model selection for inferential 
models with high dimensional data: Synthesis and graphical repre-
sentation of multiple techniques. Sci. Rep. 11:412. https:​/​/​doi​.org/​
10​.1038/​s41598​-020​-79317​-8.

Lischer, C. J., and P. Ossent. 2002. Pathogenesis of sole lesions attrib-
uted to laminitis in cattle. Pages 82–89 in Proc. 12th Int. Symp. 
Lameness in Ruminants Int. Conf. Lameness in Ruminants, Or-
lando, FL. IVIS (International Veterinary Information Service).

Lischer, Ch. J., P. Ossent, M. Raber, and H. Geyer. 2002. Suspensory 
structures and supporting tissues of the third phalanx of cows and 
their relevance to the development of typical sole ulcers (Ruster-
holz ulcers). Vet. Rec. 151:694–698.

Luke, T. D. W., J. E. Pryce, A. C. Elkins, W. J. Wales, and S. J. 
Rochfort. 2020. Use of large and diverse datasets for 1H NMR se-
rum metabolic profiling of early lactation dairy cows. Metabolites 
10:180. https:​/​/​doi​.org/​10​.3390/​metabo10050180.

Marchand, J., E. Martineau, Y. Guitton, G. Dervilly-Pinel, and P. Gi-
raudeau. 2017. Multidimensional NMR approaches towards highly 
resolved, sensitive and high-throughput quantitative metabolo-
mics. Curr. Opin. Biotechnol. 43:49–55. https:​/​/​doi​.org/​10​.1016/​j​
.copbio​.2016​.08​.004.

Maxwell, O. J. R., C. D. Hudson, and J. N. Huxley. 2015. Effect of 
early lactation foot trimming in lame and non-lame dairy heifers: 
A randomised controlled trial. Vet. Rec. 177:100. https:​/​/​doi​.org/​
10​.1136/​vr​.103155.

Meinshausen, N., and P. Bühlmann. 2010. Stability selection. J. R. 
Stat. Soc. Series B Stat. Methodol. 72:417–473. https:​/​/​doi​.org/​10​
.1111/​j​.1467​-9868​.2010​.00740​.x.

Munafò, M. R., and G. Davey Smith. 2018. Robust research needs 
many lines of evidence. Nature 553:399–401. https:​/​/​doi​.org/​10​
.1038/​d41586​-018​-01023​-3.

Murray, R. D., D. Y. Downham, M. J. Clarkson, W. B. Faull, J. W. 
Hughes, F. J. Manson, J. B. Merritt, W. B. Russell, J. E. Sutherst, 
and W. R. Ward. 1996. Epidemiology of lameness in dairy cattle: 
Description and analysis of foot lesions. Vet. Rec. 138:586–591. 
https:​/​/​doi​.org/​10​.1136/​vr​.138​.24​.586.

Newsome, R., M. J. Green, N. J. Bell, M. G. G. Chagunda, C. S. Ma-
son, C. S. Rutland, C. J. Sturrock, H. R. Whay, and J. N. Huxley. 
2016. Linking bone development on the caudal aspect of the dis-
tal phalanx with lameness during life. J. Dairy Sci. 99:4512–4525. 
https:​/​/​doi​.org/​10​.3168/​jds​.2015​-10202.

Offer, J. E., D. N. Logue, and D. McNulty. 2000. Observations of 
lameness, hoof conformation and development of lesions in dairy 
cattle over four lactations. Vet. Rec. 147:105–109. https:​/​/​doi​.org/​
10​.1136/​vr​.147​.4​.105.

Ossent, P., and Ch. J. Lischer. 1998. Bovine lamninitis: The lesions 
and their pathogenesis. In Pract. 20:415–427. https:​/​/​doi​.org/​10​
.1136/​inpract​.20​.8​.415.

Overton, T. R., and M. R. Waldron. 2004. Nutritional management 
of transition dairy cows: strategies to optimize metabolic health. 

J. Dairy Sci. 87:E105–E119. https:​/​/​doi​.org/​10​.3168/​jds​.S0022​
-0302(04)70066​-1.

Pang, Z., J. Chong, G. Zhou, D. A. de Lima Morais, L. Chang, M. Bar-
rette, C. Gauthier, P.-É. Jacques, S. Li, and J. Xia. 2021. Metabo-
Analyst 5.0: Narrowing the gap between raw spectra and func-
tional insights. Nucleic Acids Res. 49(W1):W388–W396. https:​/​/​
doi​.org/​10​.1093/​nar/​gkab382.

Payne, J. M., S. M. Dew, R. Manston, and M. Faulks. 1970. The use of 
a metabolic profile test in dairy herds. Vet. Rec. 87:150–158. https:​
/​/​doi​.org/​10​.1136/​vr​.87​.6​.150.

Ploder, M., G. Neurauter, A. Spittler, K. Schroecksnadel, E. Roth, 
and D. Fuchs. 2008. Serum phenylalanine in patients post trauma 
and with sepsis correlate to neopterin concentrations. Amino Acids 
35:303–307. https:​/​/​doi​.org/​10​.1007/​s00726​-007​-0625​-x.

R Core Team. 2021. R: A Language and Environment for Statistical 
Computing. https:​/​/​www​.r​-project​.org/​.

Randall, L. V., M. J. Green, M. G. G. Chagunda, C. Mason, L. E. 
Green, and J. N. Huxley. 2016. Lameness in dairy heifers; impacts 
of hoof lesions present around first calving on future lameness, 
milk yield and culling risk. Prev. Vet. Med. 133:52–63. https:​/​/​doi​
.org/​10​.1016/​j​.prevetmed​.2016​.09​.006.

Randall, L. V., H. J. Thomas, J. G. Remnant, N. J. Bollard, and J. 
N. Huxley. 2019. Lameness prevalence in a random sample of UK 
dairy herds. Vet. Rec. 184:350. https:​/​/​doi​.org/​10​.1136/​vr​.105047.

Rath, T., E. Roth, R. Keidl, and G. Meissl. 1987. Phenylalanine:​total 
amino acid ratio in 45 burn patients. Scand. J. Plast. Reconstr. 
Surg. 21:297–300. https:​/​/​doi​.org/​10​.3109/​02844318709086465.

Rohart, F., B. Gautier, A. Singh, and K.-A. Lê Cao. 2017. mixOmics: 
An R package for ‘omics feature selection and multiple data in-
tegration. PLOS Comput. Biol. 13:e1005752. https:​/​/​doi​.org/​10​
.1371/​journal​.pcbi​.1005752.

Sanders, A. H., J. K. Shearer, and A. de Vries. 2009. Seasonal inci-
dence of lameness and risk factors associated with thin soles, white 
line disease, ulcers, and sole punctures in dairy cattle. J. Dairy Sci. 
92:3165–3174. https:​/​/​doi​.org/​10​.3168/​jds​.2008​-1799.

Sauerbrei, W., A. Buchholz, A.-L. Boulesteix, and H. Binder. 2015. On 
stability issues in deriving multivariable regression models. Biom. 
J. 57:531–555. https:​/​/​doi​.org/​10​.1002/​bimj​.201300222.

Schloerke, B., J. Crowley, D. Cook, F. Briatte, M. Marbach, E. Thoen, 
A. Elberg, and J. Larmarange. 2018. Ggally: Extension to ggplot2. 
https:​/​/​cran​.r​-project​.org/​package​=​GGally.

Shearer, J. K. K., and S. R. van Amstel. 2017. Pathogenesis and treat-
ment of sole ulcers and white line disease. Vet. Clin. North Am. 
Food Anim. Pract. 33:283–300. https:​/​/​doi​.org/​10​.1016/​j​.cvfa​
.2017​.03​.001.

Solano, L., H. W. Barkema, E. A. Pajor, S. Mason, S. J. LeBlanc, J. 
C. Zaffino Heyerhoff, C. G. R. Nash, D. B. Haley, E. Vasseur, D. 
Pellerin, J. Rushen, A. M. de Passillé, and K. Orsel. 2015. Preva-
lence of lameness and associated risk factors in Canadian Holstein-
Friesian cows housed in freestall barns. J. Dairy Sci. 98:6978–6991. 
https:​/​/​doi​.org/​10​.3168/​jds​.2015​-9652.

Sun, L. W., H. Y. Zhang, L. Wu, S. Shu, C. Xia, C. Xu, and J. S. 
Zheng. 2014. 1H-Nuclear magnetic resonance-based plasma meta-
bolic profiling of dairy cows with clinical and subclinical ketosis. J. 
Dairy Sci. 97:1552–1562. https:​/​/​doi​.org/​10​.3168/​jds​.2013​-6757.

tameNMR. 2021. tameNMR: Tools for Analysis of Metabolomic NMR. 
Accessed Feb. 2, 2022. https:​/​/​github​.com/​PGB​-LIV/​tameNMR.

Teahan, O., S. Gamble, E. Holmes, J. Waxman, J. K. Nicholson, C. 
Bevan, and H. C. Keun. 2006. Impact of analytical bias in meta-
bonomic studies of human blood serum and plasma. Anal. Chem. 
78:4307–4318. https:​/​/​doi​.org/​10​.1021/​ac051972y.

Tibshirani, R. 1996. Regression shrinkage and selection via the Lasso. 
J. R. Stat. Soc. B 58:267–288. https:​/​/​doi​.org/​10​.1111/​j​.2517​-6161​
.1996​.tb02080​.x.

Toussaint Raven, E., R. T. Haalstra, D. J. Peterse, and A. Lurvink. 
1985. Cattle Footcare and Claw Trimming. 1st ed. Farming Press.

van den Berg, R. A., H. C. Hoefsloot, J. A. Westerhuis, A. K. Smilde, 
and M. J. van der Werf. 2006. Centering, scaling, and transfor-
mations: Improving the biological information content of metabo-
lomics data. BMC Genomics 7:142. https:​/​/​doi​.org/​10​.1186/​1471​
-2164​-7​-142.

Barden et al.: SERUM METABOLOMICS OF SOLE LESIONS

https://doi.org/10.1016/S0749-0720(15)31056-2
https://doi.org/10.1016/S0749-0720(15)31056-2
https://doi.org/10.1016/j.cvfa.2017.02.005
https://doi.org/10.18637/jss.v036.i11
https://doi.org/10.18637/jss.v036.i11
https://doi.org/10.1093/ije/dyw314
https://doi.org/10.1093/ije/dyw314
https://doi.org/10.1016/S1090-0233(97)80024-X
https://doi.org/10.1016/S1090-0233(97)80024-X
https://doi.org/10.1038/s41598-020-79317-8
https://doi.org/10.1038/s41598-020-79317-8
https://doi.org/10.3390/metabo10050180
https://doi.org/10.1016/j.copbio.2016.08.004
https://doi.org/10.1016/j.copbio.2016.08.004
https://doi.org/10.1136/vr.103155
https://doi.org/10.1136/vr.103155
https://doi.org/10.1111/j.1467-9868.2010.00740.x
https://doi.org/10.1111/j.1467-9868.2010.00740.x
https://doi.org/10.1038/d41586-018-01023-3
https://doi.org/10.1038/d41586-018-01023-3
https://doi.org/10.1136/vr.138.24.586
https://doi.org/10.3168/jds.2015-10202
https://doi.org/10.1136/vr.147.4.105
https://doi.org/10.1136/vr.147.4.105
https://doi.org/10.1136/inpract.20.8.415
https://doi.org/10.1136/inpract.20.8.415
https://doi.org/10.3168/jds.S0022-0302(04)70066-1
https://doi.org/10.3168/jds.S0022-0302(04)70066-1
https://doi.org/10.1093/nar/gkab382
https://doi.org/10.1093/nar/gkab382
https://doi.org/10.1136/vr.87.6.150
https://doi.org/10.1136/vr.87.6.150
https://doi.org/10.1007/s00726-007-0625-x
https://www.r-project.org/
https://doi.org/10.1016/j.prevetmed.2016.09.006
https://doi.org/10.1016/j.prevetmed.2016.09.006
https://doi.org/10.1136/vr.105047
https://doi.org/10.3109/02844318709086465
https://doi.org/10.1371/journal.pcbi.1005752
https://doi.org/10.1371/journal.pcbi.1005752
https://doi.org/10.3168/jds.2008-1799
https://doi.org/10.1002/bimj.201300222
https://doi.org/10.1016/j.cvfa.2017.03.001
https://doi.org/10.1016/j.cvfa.2017.03.001
https://doi.org/10.3168/jds.2015-9652
https://doi.org/10.3168/jds.2013-6757
https://github.com/PGB-LIV/tameNMR
https://doi.org/10.1021/ac051972y
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x
https://doi.org/10.1186/1471-2164-7-142
https://doi.org/10.1186/1471-2164-7-142


Journal of Dairy Science Vol. 106 No. 4, 2023

Varma, S., and R. Simon. 2006. Bias in error estimation when us-
ing cross-validation for model selection. BMC Bioinformatics 7:91. 
https:​/​/​doi​.org/​10​.1186/​1471​-2105​-7​-91.

Vermunt, J. J., and P. R. Greenough. 1996. Sole haemorrhages in 
dairy heifers managed under different underfoot and environmen-
tal conditions. Br. Vet. J. 152:57–73. https:​/​/​doi​.org/​10​.1016/​
S0007​-1935(96)80086​-8.

Watson, C., M. Barden, B. E. Griffiths, A. Anagnostopoulos, H. M. 
Higgins, C. Bedford, S. Carter, A. Psifidi, G. Banos, and G. Oiko-
nomou. 2022. Prospective cohort study of the association between 
early lactation mastitis and the presence of sole ulcers in dairy 
cows. Vet. Rec. 190:e1387. https:​/​/​doi​.org/​10​.1002/​vetr​.1387.

Webster, J. 2020. Understanding the Dairy Cow. 3rd ed. John Wiley 
& Sons Ltd.

Wickham, H., M. Averick, J. Bryan, W. Chang, L. D. McGowan, R. 
François, G. Grolemund, A. Hayes, L. Henry, J. Hester, M. Kuhn, 
T. L. Pedersen, E. Miller, S. M. Bache, K. Müller, J. Ooms, D. 
Robinson, D. P. Seidel, V. Spinu, K. Takahashi, D. Vaughan, C. 
Wilke, K. Woo, and H. Yutani. 2019. Welcome to the Tidyverse. J. 
Open Source Softw. 4:1686. https:​/​/​doi​.org/​10​.21105/​joss​.01686.

Wilson, J. P., M. J. Green, L. V. Randall, C. S. Rutland, N. J. Bell, 
H. Hemingway-Arnold, J. S. Thompson, N. J. Bollard, and J. 
N. Huxley. 2022. Effects of routine treatment with nonsteroidal 
anti-inflammatory drugs at calving and when lame on the future 
probability of lameness and culling in dairy cows: A randomized 
controlled trial. J. Dairy Sci. 105:6041–6054. https:​/​/​doi​.org/​10​
.3168/​jds​.2021​-21329.

Wishart, D. S. 2008. Metabolomics: Applications to food science and 
nutrition research. Trends Food Sci. Technol. 19:482–493. https:​/​/​
doi​.org/​10​.1016/​j​.tifs​.2008​.03​.003.

Wright, M. N., and A. Ziegler. 2017. ranger: A fast implementation of 
random forests for high dimensional data in C++ and R. J. Stat. 
Softw. 77:1–17. https:​/​/​doi​.org/​10​.18637/​jss​.v077​.i01.

Yong, K., Z. Z. Luo, Q. Luo, Q. W. Yang, Y. X. Huang, X. X. Zhao, 
Y. Zhang, and S. Z. Cao. 2021. Plasma metabolome alteration in 
dairy cows with left displaced abomasum before and after surgical 
correction. J. Dairy Sci. 104:8177–8187. https:​/​/​doi​.org/​10​.3168/​
jds​.2020​-19761.

Zhang, G., E. Dervishi, G. Zwierzchowski, R. Mandal, D. S. Wishart, 
and B. N. Ametaj. 2020a. Urinary metabolomics around parturi-
tion identifies metabolite alterations in dairy cows affected post-
partum by lameness: Preliminary study. Dairy 1:2. https:​/​/​doi​
.org/​10​.3390/​dairy1010002.

Zhang, G., G. Zwierzchowski, R. Mandal, D. S. Wishart, and B. N. 
Ametaj. 2020b. Serum metabolomics identifies metabolite panels 
that differentiate lame dairy cows from healthy ones. Metabolo-
mics 16:73. https:​/​/​doi​.org/​10​.1007/​s11306​-020​-01693​-z.

Zwierzchowski, G., G. Zhang, R. Mandal, D. S. Wishart, and B. N. 
Ametaj. 2020. Milk metabotyping identifies metabolite alterations 
in the whole raw milk of dairy cows with lameness. J. Agric. Food 
Chem. 68:4507–4514. https:​/​/​doi​.org/​10​.1021/​acs​.jafc​.9b08312.

ORCIDS

Matthew Barden  https:​/​/​orcid​.org/​0000​-0003​-0141​-3037
Robert Hyde  https:​/​/​orcid​.org/​0000​-0002​-8705​-9405
Alkiviadis Anagnostopoulos  https:​/​/​orcid​.org/​0000​-0002​-5193​-858X
Bethany E. Griffiths  https:​/​/​orcid​.org/​0000​-0002​-2698​-9561
Martin Green  https:​/​/​orcid​.org/​0000​-0002​-6408​-6443
Georgios Banos  https:​/​/​orcid​.org/​0000​-0002​-7674​-858X
Georgios Oikonomou  https:​/​/​orcid​.org/​0000​-0002​-4451​-4199

Barden et al.: SERUM METABOLOMICS OF SOLE LESIONS

https://doi.org/10.1186/1471-2105-7-91
https://doi.org/10.1016/S0007-1935(96)80086-8
https://doi.org/10.1016/S0007-1935(96)80086-8
https://doi.org/10.1002/vetr.1387
https://doi.org/10.21105/joss.01686
https://doi.org/10.3168/jds.2021-21329
https://doi.org/10.3168/jds.2021-21329
https://doi.org/10.1016/j.tifs.2008.03.003
https://doi.org/10.1016/j.tifs.2008.03.003
https://doi.org/10.18637/jss.v077.i01
https://doi.org/10.3168/jds.2020-19761
https://doi.org/10.3168/jds.2020-19761
https://doi.org/10.3390/dairy1010002
https://doi.org/10.3390/dairy1010002
https://doi.org/10.1007/s11306-020-01693-z
https://doi.org/10.1021/acs.jafc.9b08312
https://orcid.org/0000-0003-0141-3037
https://orcid.org/0000-0002-8705-9405
https://orcid.org/0000-0002-5193-858X
https://orcid.org/0000-0002-2698-9561
https://orcid.org/0000-0002-6408-6443
https://orcid.org/0000-0002-7674-858X
https://orcid.org/0000-0002-4451-4199

	Serum 1H nuclear magnetic resonance–based metabolomics
of sole lesion development in Holstein cows
	INTRODUCTION
	MATERIALS AND METHODS
	Study Overview
	Stage 1: Cohort Study
	Stage 2: Case-Control Study
	NMR Spectroscopy
	Statistical Analysis

	RESULTS
	DISCUSSION
	Class Prediction
	Variable Selection
	Generalizability

	CONCLUSIONS
	ACKNOWLEDGMENTS
	REFERENCES


