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Modelling the links between farm
characteristics, respiratory health
and pig production traits

H. Gray?, M. Friel*, C. Goold?, R. P. Smith?, S. M. Williamson> & L. M. Collins*"*

Sustainable livestock production requires links between farm characteristics, animal performance and
animal health to be recognised and understood. In the pig industry, respiratory disease is prevalent,
and has negative health, welfare and economic consequences. We used national-level carcass
inspection data from the Food Standards Agency to identify associations between pig respiratory
disease, farm characteristics (housing type and number of source farms), and pig performance
(mortality, average daily weight gain, back fat and carcass weight) from 49 all in/all out grow-to-finish
farms. We took a confirmatory approach by pre-registering our hypotheses and used Bayesian multi-
level modelling to quantify the uncertainty in our estimates. The study findings showed that acquiring
growing pigs from multiple sources was associated with higher respiratory condition prevalence.
Higher prevalence of respiratory conditions was linked with higher mortality, and lower average daily
weight gain, back fat and pig carcass weight. Our results support previous literature using a range of
data sources. In conclusion, we find that meat inspection data are more valuable at a finer resolution
than has been previously indicated and could be a useful tool in monitoring batch-level pig health in
the future.

An increasing human population requires that global agricultural outputs increase by at least 50% by 2050'3,
including arable, horticultural and animal products. Not only will there be more people to feed, but for some
animal products (pork and poultry), there are trends of increased consumption®. Per capita consumption of
pork increased from 2012 to 2018, and pork was the most consumed meat product per capita in the European
Union, China, Korea and Vietnam in 2018 In the UK, the annual consumption of pork increased by 1.5 kg per
person from 2008 to 2018°.

An increasing demand for pork, paired with concerns for the environmental pressures caused by agriculture?,
means that farmers must provide larger quantities of sustainably-produced meat. Understanding how to respond
to this demand can be aided by identifying relevant links between good animal health, efficient production and
farm infrastructure. Evidencing these links helps farmers make appropriate changes to produce healthy, produc-
tive animals under optimal conditions.

In the United Kingdom, health and performance data collection in the pig sector is commonly practised
but not in a standardised manner. Data exist at different scales and resolutions and often in multiple, unlinked
datasets with different owners. One of the largest national datasets is collected by the Food Standards Agency
(FSA), which conducts ante- and post-mortem inspections on every pig submitted for slaughter in England to
ensure it is fit for human consumption. Finer-scale health and welfare records are also maintained by farmers
and pig companies, as well as by food assurance schemes (e.g. Red Tractor, RSPCA Freedom Food and Soil
Association). Production and farm characteristics data may be recorded by pig producers at both batch and
farm level to monitor production efficiency and to track the effects of farm characteristics decisions and disease
control interventions. Integrating subsets of these locally- and nationally-held data sources can help to clarify
the associations between certain health conditions, farm characteristics decisions, and production outcomes.

Respiratory disease is of particular importance in the pig industry as it presents a major health and welfare
challenge, resulting in economic losses for producers®®. Respiratory disease is often a complex, multifactorial
syndrome resulting from pathogens—viral, bacterial and parasitic—acting singly or in combination with the
extent and severity of disease influenced by environmental/farm characteristics (e.g. temperature, humidity,
hygiene) and host factors (e.g. pathogen and immune status). Depending on the severity, respiratory disease may
manifest in overt clinical signs and mortality, or be subclinical, with the adverse effects noticed through poorer
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than expected performance. In either situation, gross lesions of the respiratory tract detected at the abattoir
provide a measure of the extent of disease.

Studies have attempted to quantify respiratory prevalence at differing resolutions, both on farm and at the
abattoir. Controlled studies examining the on-farm presentation or post-mortem characteristics of specific res-
piratory conditions often involve labour-intensive data collection at slaughter and/or on-farm, including com-
prehensive diagnostic testing and serological testing to determine infection and previous exposure to respiratory
pathogens. These more targeted approaches provide useful insights into disease on individual farms or within
batches of pigs but typically are costly and involve relatively few farms, smaller numbers of pigs, and do not
give an overarching view of the associations between farm characteristics, disease and production. By contrast,
a small number of studies have investigated national datasets to validate their surveillance potential, to analyse
temporal prevalence patterns and/or to link slaughter data to on-farm risk factors and production outputs (Real
Welfare Scheme’; British Pig Health Scheme/BPEX Health Scheme!*'%; Wholesome Pigs Scotland'®'’; Pig Regen
Ltd. health and welfare checks'"). These datasets provide more standardised and detailed scoring of conditions
in samples of slaughtered pigs, but they do not have the coverage of assessing every slaughtered pig.

Previous studies have investigated the associations between respiratory conditions and farm characteristics
factors'*?, as well as between respiratory conditions and production traits®!'>?*-28, Notable findings indicate
that housing features, such as natural ventilation'”* and lack of disinfection'*'é, can increase the risk of respira-
tory conditions and that, in turn, respiratory conditions can have a negative impact on production traits such as
average daily weight gain® and carcass weight®.

Despite previous studies linking respiratory disease to production traits and farm characteristics factors, the
majority of those studies have been exploratory and, thus, their results are correlational rather than causal. For
example, previous studies have included multiple independent farm-level variables (in some cases more than the
number of data points; e.g.'é) and relatively low sample sizes. These characteristics of exploratory research risk
increasing false positives® and require verification through replication attempts and confirmatory research’'.
Determining causal associations requires confirmatory approaches testing a priori hypothesised relationships
between pig health, production traits and farm characteristics, including representation of uncertainty in these
relationships.

In this study, we examined the links between specific characteristics of farm infrastructure and farm charac-
teristics, respiratory conditions and production traits using routinely collected production and meat inspection
data—the Collection and Communication of Inspection Results (CCIR) data (Food Standards Agency). Although
meat inspection data has been criticised for being of low resolution for surveillance purposes®*®, it provides
the largest dataset on livestock health conditions at slaughter in the UK and has been proposed as a caveated
method for monitoring animal welfare®*. We guarded our investigation from spurious findings by (i) adopting a
confirmatory approach by testing a priori hypotheses based on theory; (ii) using Bayesian multi-level modelling
and model selection using k-fold cross-validation to analyse all data sources within a single model and estimate
parameter uncertainty; and (iii) pre-registering our hypotheses and methods on the Open Science Framework
(https://osf.io/hu78g). Specifically, we tested the following hypotheses:

Global hypotheses (Fig. 1):

1. Farm characteristics impact respiratory condition prevalence, which then influences production outcomes.
Both farm characteristics and respiratory condition prevalence influence production outcomes, but there is
no direct effect of farm characteristics on respiratory conditions.

3. Both farm characteristics and respiratory condition prevalence influence production outcomes, and farm
characteristics factors have an impact on respiratory condition prevalence.

Specific hypotheses:

1. Disinfection: Disinfecting a room/building between batches of pigs will be associated with lower prevalence
of respiratory conditions compared with when rooms are not disinfected between batches!*!¢3>,

2. Batch source: Acquiring pigs from one source farm will be associated with lower prevalence of respiratory
conditions compared with sourcing pigs from multiple farms'*".

3. Ventilation: Assisted ventilation (as opposed to passive/natural ventilation such as a window) will be associ-
ated with lower prevalence of respiratory conditions compared with natural ventilation'>17%,

4. Housing: Housing systems containing straw will be associated with higher prevalence of respiratory condi-
tions than housing systems not containing straw?>*®, Straw systems may have less control over the internal
environment (e.g. curtains on barns versus an indoor thermostat system) and straw can contribute to dust
which can have adverse respiratory effects.

5. Time: A higher average number of days spent on farm for finisher pigs will be associated with higher preva-
lence of respiratory conditions, compared to fewer days spent on farm.

6. A reduction in the prevalence of respiratory conditions will be associated with more favourable production
traits: heavier deadweight, higher average daily weight gain, lower levels of finisher mortality, and more
optimal back fat scores.

Methods
This study was approved by the Biological Sciences Faculty Research Ethics Committee, University of Leeds
(Reference: LTSBIO-006).
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Variable Explanation Use
Slapmark Slapmark for farm identification. This is used for matching to other datasets | Matching
Pig entry date Date which pigs were placed on the farm Matching
Mortality Number of pigs that died between arrival and slaughter Analysis
Average days on site Average number of days between arrival and slaughter Analysis
Total placed Number of pigs placed on the farm to make up a batch Analysis
Total sold Number of pigs sent to slaughter Matching
Average daily weight gain | Average kg of weight gained per pig from placement on farm to slaughter Analysis
Average deadweight Average carcass weight for the production batch Analysis
Average P2 Average back fat measured on the carcass by probe in the abattoir Analysis

Table 1. Production batch data variable descriptions and an indication of whether these were used for data
matching or data analysis.

Datasets. Health data. Measures of respiratory disease were calculated using data provided by the FSA
via their CCIR system. These data are collected at the abattoir by official veterinarians (ante-mortem) and meat
health inspectors (post-mortem). CCIR is a compulsory system used to record presence or absence of specific
conditions that can lead to partial or total rejection of a carcass. For each slaughter batch of pigs, the number of
pigs with each condition observed is recorded. A slaughter batch refers to a delivery of pigs to the abattoir from
the same farm, slaughtered on the same day. We were provided with CCIR data from September 2009-December
2015. A subset of the CCIR data (hereafter termed ‘health data’) were used to calculate prevalence of respiratory
conditions for each production batch of pigs (described below). Ante- and post-mortem data were combined
and respiratory conditions were regarded as any of the following reported conditions: abnormal breathing rate/
depth; abnormal respiratory signs; coughing; pericarditis; pleurisy; pneumonia; respiratory; rhinitis; or twisted
snout. If one pig had more than one condition (e.g. pneumonia and abnormal breathing) this would be recorded
at batch level as two counts as conditions are not attributed to individual pigs.

Farm characteristics data. A random sample of 25 pig companies were directly contacted via email and invited
to participate in the study. Six companies (24%) agreed to participate, four in England and two in Northern Ire-
land. However, it was not possible to gain CCIR data from Northern Ireland and therefore the data from these
companies were excluded from the current study. Three out of the four English companies agreed to provide
both farm characteristics and production data and a questionnaire was sent to the production managers of these
companies. The data were gathered through an electronic (Microsoft Word document) questionnaire (not part
of the pre-registration). The questionnaire was completed for 105 farms. Twenty-eight were self-completed by
production managers of two companies. The remaining 77 were completed by a researcher (MF), through inter-
views with the managing director and being given access to the data required to complete the questionnaires.

The full questionnaire can be found in supplementary materials (S1), but the questions of interest for this
study pertained to: disinfection of buildings, housing type, number of source farms from which pigs were
acquired, and ventilation type. Disinfection was a binary (yes/no) category depending on whether disinfectant
was used in buildings between batches of pigs. Finisher housing type consisted of four categories: straw yards,
slatted, kennels or mixed (where a mixture of housing types were used). Ventilation was a binary variable, with
the options being natural or assisted (i.e. the use of mechanical fans) ventilation. Batch source was a categori-
cal variable with options of acquiring pigs from one, two, three, or more than three sources. Although genetic
information is an important variable in explaining production parameters, this was not requested due to its
commercial sensitivity and its variation within farms through time.

Production data.  Finishing pig production data, at the batch level, were provided on a voluntary basis by the
participating companies, with the variables of interest shown in Table 1. Only pigs slaughtered from growing
herds (no breeding pigs) and all-in/all-out batches were used. In an all-in/all-out system, production batches
enter holdings sequentially with a break in production between batches, allowing consecutive batches to be dis-
tinguishable within the health data. By contrast, in a continuous system, batches overlap and slaughter batches
may be made up of pigs from several production batches. Attributing conditions in the health data to different
production batches in a continuous system is particularly challenging without individual-level tagging and trac-
ing, which is not widely practiced commercially.

Data cleaning and matching. Due to the different resolutions and formats, datasets needed to be cleaned
before being matched. Briefly, outliers were removed from health data as the dataset was found to contain erro-
neous entries, which did not match the nationally reported slaughter numbers from the Agriculture and Hor-
ticulture Development Board (AHDB; levy board). Including these erroneous entries would have resulted in
an overcounting of respiratory conditions. Any entry containing > 10, 000 pigs slaughtered per day per abattoir
was removed as this is not logistically possible and was therefore considered as an error. Production data were
cleaned to remove records of farms with no unique identifiers as these could not be matched to slaughter health
data. Farm characteristics data were retained if the farm provided a unique identifier and provided data for at
least one category of interest (disinfection, ventilation, housing and number of source batches). Farms were
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Figure 1. Conceptual diagrams for (a) Model 1, (b) Model 2 and (c) Model 3, where F represents farm

characteristics, R represents respiratory prevalence and P represents production outcomes. The arrows indicate
the direction of the relationships.

removed from the dataset if they were not classified as a finishing farm (this resulted in three breeding farms and
one wean-to-30 kg farm being excluded). Figure 2 depicts the cleaning and matching process and the exclusions
at each stage.

Farm characteristics data and production data were matched by using unique slapmarks—the herd specific
alpha-numeric code that is applied as a tattoo to each pig before slaughter to identify its farm of origin. Health
data and production data were matched using slapmarks and estimated slaughter date ranges, to ensure attribu-
tion to the correct batch of pigs from a farm. For example, for one production batch of pigs from one farm, we
calculated the slaughter date range as —35 and + 28 days (see Table S1 for sensitivity analysis) from the average
slaughter date to give a minimum and maximum slaughter date. The slapmark was searched for in the health
dataset and, if found, the slaughter date was checked to see if it fell within the estimated range. If both the slaugh-
ter date and slapmark corresponded, the number of pigs slaughtered and the number of respiratory conditions
found at slaughter were both summed separately to give a total number of pigs and a total number of respiratory
conditions for each batch, respectively. Matches for a production batch of pigs were deemed correct if the number
of pigs returned from the CCIR data was within 230 of the number reported as sold. Two hundred and thirty
was chosen as an appropriate cut off as this represents one delivery of pigs to the abattoir. A total of 656 batches
from 53 farms were matched for production, CCIR and farm characteristics data.

Data processing. Following data matching and cleaning, the farm characteristics predictor variables (batch
source, housing, ventilation and disinfection) were checked for frequency in the dataset and collinearity (see
pre-registration). Ventilation and disinfection showed complete collinearity; only 20 (3%) batches had both
assisted ventilation and were disinfected. The remaining 636 batches had both natural ventilation and were not
disinfected. There was not enough variation in these predictors to use in the planned analysis, so they were omit-
ted from further analysis. Four producers did not provide data on housing. Given that housing and batch source
were now the only farm characteristics being used as predictors, these four farms were removed from the analy-
sis. This left a total of 49 farms with 614 batches of pigs for analysis, equating to 836,093 pigs sold to slaughter.
Forty-six of the farms were from one company and three of the farms from a second company. The variables of
interest were then transformed for analysis (see Table 2).

Statistical methods. The methods for analysis were pre-registered, with full details, amendments and code
available at https://osf.io/hu78g. All data cleaning, processing and analysis was conducted in R v. 3.6.1°7. We
tested three Bayesian multi-level model structures according to the different global hypotheses between respira-
tory conditions, farm characteristics, and production traits. The production outcomes were modelled separately
because different global hypotheses may be better suited to different production traits. Weakly informative pri-
ors were used on all predictor regression coefficients (normal distributions with mean 0 and SD 1; see Figure S1)
to mitigate against large, unlikely effect sizes and to aid computation. Data for P2 were missing for 126 batches
(20.5%). These were treated as missing at random and were imputed within the model.

Models were computed using the Stan programming language® via the brms package (version 2.12.0%%),
which estimates parameters using Hamiltonian Monte Carlo. Four Markov chains were run, each with a warm-
up period of 2500 iterations and 2500 iterations used for sampling. Thinning was set to 1. Convergence was
checked using the Gelman-Rubin statistic with convergence indicated by values close to 1 and less than 1.05.
Model comparisons were conducted using K-fold cross validation (in the brms package), whereby the model
with lowest information criteria score (defined as — 2 times the expected log predictive density; see*’) indicates
the best fit. The number of K-folds was set to 10. Model parameters were summarised by the mean and 95%
highest density interval (HDI; the 95% most likely values in the distribution). Significance was inferred when
the highest density interval did not contain zero.

Model 1. This model tests the hypothesis that farm characteristics (shown by F in the conceptual diagram;
Fig. 2) impacts respiratory rate (R) which then influences the production outcomes (P).
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Variable Type Transformation
Respiratory cases Count Mean-centred
Respiratory prevalence Continuous | Mean-centred

Average daily weight gain | Continuous | Mean-centred

Batch source Categorical | Sum-to-zero contrasts

Housing type Categorical | Sum-to-zero contrasts

Batch size Continuous | Mean-centred and scaled by 100 pigs
Time (days on farm) Continuous | Mean-centred and scaled by 7 days

Table 2. Pig batch-level variables used in analyses and transformations for analysis.

Original Management Data Original Slaughter Dataset Original Production Data
105 farms 5,021,693 records 2560 batches
Remove missing identifiers . Remove missing identifiers
(slapmarks) Remove outliers (slapmarks)
A A A
2125 batches
103 farms 4,294,352 records
94 farms
Remove farms identified Subset for producers who
as breedersor not had provided production Remove missing data
containing finishing pigs | data { .
2085 batches
99 farms 218,254 records
81 farms
T
Remove farms without ! Reduce timeframe to
management data | l match slaughter dataset
A A
93 farms ) Matched records 1286 batches
656 batches <=3 75 farms
53 farms
Subset for all-in-all-out

Y

T
Remove records with no housing |
data !

1
1
|
|
: batches
1
1
1

+ L 1067 batches
Analysablerecords 65 farms
614 batches
49 farms

Figure 2. Data cleaning process showing how farm characteristics data, slaughter data, and production data
were filtered and depicting the resulting inclusions at each stage (solid arrows). Matching between the three
datasets is denoted by the dashed arrows.

Rppi) ~ Poisson(A1ryi))
log(A1p1i) = a1 + BuHF + BEBF + B, Triiy + Bs, SFpiy + r1F
DWrgi ~ Normal™ (i1pi1, 01)
M1F[i] = o2 + Br, RE(i] + 12k
Mpri) ~ NegativeBinomial(/2F(i))
log(Z2ppi) = a3 + Br,Re(i) + Bry Trpiy + Bs,SEliy + 13F
P2p(; ~ Normal™ (p2p(i), 02)
M2F[i] = o4 + Bry Rr(i] + Ba, Gli) + raF
ADWGgp; ~ Normal™* (M3F[i> 03)
usr(il = os + BryRE(i) + Brs Trii) + 158
Counts of respiratory conditions (R) for each batch (i) within a farm (F) are Poisson distributed, with rate A,.
The respiratory rate is a function of an intercept (a,), farm characteristics of housing (8yH;) and batch source

(BsBr), the number of days on farm (B, Trp;), the batch size (5,Sz;;) and a random intercept for each farm (r;f).
Average days on farm is included because we assumed that the longer the pigs are on farm, the higher chance
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there is of contracting a respiratory condition. Batch size is included as respiratory conditions are expressed as
count data and are therefore affected by the number of pigs in a batch.

Average deadweight (DW) for each batch (i) within a farm (F) are normally distributed with mean (y,) and
standard deviation (o,). The mean is a function of an intercept («,), the effect of respiratory prevalence (Bg;Rpy;:
counts of respiratory conditions divided by the production batch size) and a random intercept for each farm (7).

Mortality (M) for each batch (i) within a farm (F) is Poisson distributed with rate A,. The rate is a function of
an intercept (a;), the effect of respiratory prevalence (8r,Rpy;)), the average number of days on the farm (87, ;)
the batch size (B,Sy;;)) and a random intercept for each farm (r;p). Average days on farm is included as the age
of entry influences the period of time that the mortality rate is recorded and mortality rates may also vary with
age; batches of pigs entering the farm at an older age (with fewer days on site) will tend to have lower mortality
recorded than those entering as younger pigs. Batch size at entry is included as mortality is expressed as count
data and is therefore affected by the number of pigs in a batch.

Average back fat (P2) is measured on the carcass by probe in the abattoir for each batch (i) within a farm (F)
and is normally distributed with mean (y,) and standard deviation (o,). The mean is a function of an intercept
(ey), the effect of respiratory prevalence (Bg;Rp;), the effect of average daily weight gain (B, Gp;: @ measure of
growth, average grams gained per day) and a random intercept for each farm (r,z).

Average daily weight gain (ADWG) for each batch (i) within a farm (F) is normally distributed with mean
(¢3) and standard deviation (g;). The mean is a function of an intercept («s), the effect of respiratory prevalence
(BreRpy)» the average days on the farm (By;Ty;)) and a random intercept for each farm (rsz). Average days on farm
is included as average daily weight gain is time-dependent. For example, pigs entering the farm at a younger age
consume less feed and may have a lower average daily weight gain for their time on farm compared with those
animals entering at an older age.

Model 2. Model two tests the hypothesis that both farm characteristics and respiratory rate influence produc-
tion outcomes, but there is no direct effect of farm characteristics on respiratory conditions.

Rpyi) ~ Poisson(A1ryi))

log(Z1F(i) = a1 + Bry Trp) + Bs; Skpi) + e

DWgj) ~ Normal™ (11, 01)

wiF[i] = o2 + B, Hr + Bp, Br + Br, RF[i] + 12F

M) ~ NegativeBinomial (J2ryi))

log(Z2ri) = a3 + Bu, Hr + BB, Br + Br, RF(i) + B, Tr(i) + Bs, SFli + 13F

P2p(j) ~ Normal™ (1), 02)

M2Fi) = o4 + By HE + Bpy Br + Bry RE(i) + B, Glip + 1aF

ADWGg(; ~ Normal™ (u3p(i), 03)

usr(i) = o5 + B, HF + B, Br + BryRF(i] + Brs Trli) + 75F[i)

Respiratory counts are now modelled as a function of only the number of days on farm (B, Tx;;), the batch size

(Bs:Skpi))» and a random intercept for each farm (r, ). All production outcome variables are modelled as in Model

1, with the addition that in Model 2 each has the farm characteristics in the deterministic part of the equation
to reflect the direct link between farm characteristics and production in the model schematic.

Model 3. Model 3 is a combination of Models 1 and 2. This tests the hypothesis that both farm characteristics
and respiratory rates influence production outcomes, as well as farm characteristics affecting respiratory rates.
Rppi) ~ Poisson(A1ryi))
log(A1ppi)) = @1 + Bu, Hr + Bp, Br + Br, Trri) + Bs, Skri) + 11k
DWrgip ~ Normal™ (j1pi, 01)
wirr) = o2 + B, Hr + B, Brrip + Br, Rei + 128
Mpyi) ~ NagetiveBinomial(J2F(i))
log(A2F1i1) = @3 + Bry HF + BBy BF + Br, Rr1i1 + B, Triil + Bs, SFrip + 137
P2gi; ~ Normal™ (ju2p(i), 02)
M2F( = a4 + Bu,HF + Bp,Brpi) + Brs Rei + Ba, Griy + 14k
ADWGgy;) ~ Normal* (13F[i)> 03)
w3rr = s + Bus HE + Bes Brri + BryRE1i + Brs Trin + 155
Respiratory rates are modelled as in Model 1 and all production variables (deadweight, mortality, back fat
and average daily weight gain) are modelled as in Model 2. Note here that farm characteristics are included in

the deterministic parts of both the respiratory and production equations as farm characteristics now has two
links in the conceptual diagram.
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Figure 3. The effect of the number of source farms from which pigs are acquired on the respiratory prevalence
at slaughter. Respiratory prevalence was calculated from the counts of respiratory conditions and the total pigs
in the batch. Circles denote the mean posterior estimates and vertical line segments show their 95% highest
density intervals.

Results

The final dataset contained pigs from 614 batches from 49 farms. Mean batch size was 1362 pigs (sd =841;
min =116; max =4696), mean start weight was 35.26 kg (sd =3.92; min = 19.65; max="77.54) and the mean days
spent on the farm was 94 (sd =10.15; min = 50; max =129). Three farms used slats, nine used straw yards, 13
used mixed housing and 24 used kennels. All farms using kennels provided straw. Batch sources were as fol-
lows: (i) one source (10 farms); (ii) two sources (20 farms); (iii) three sources (10 farms); (iv) more than three
sources (9 farms).

Model fits. Model 1 was the best fit (had the best out of sample predictive accuracy) for mortality (K-fold
information criteria: model 1=38,532; model 2=38,684; model 3 =38,946) and average daily weight gain out-
comes (K-fold information criteria: model 1=39,951; model 2=40,145; model 3=40,111), meaning these traits
are likely to be affected by farm characteristics via the effect of farm characteristics on respiratory conditions.
Model 3 was the best fit for deadweight (K-fold information criteria: model 1=37,538; model 2=37,401; model
3=36,655) and P2 (model 1=27,837; model 2=28,102; model 3=27,804), meaning these traits are influenced by
farm characteristics directly, as well as indirectly through farm characteristics affecting respiratory rates.

Respiratory conditions. The results presented in this section are model estimates and summary statistics,
and all raw data are available in the supplementary material (Figure S1). Given that respiratory conditions were
modelled in the same way for all outcomes for the best-fitting models, parameter estimates were checked for
similarity and then the posterior distributions were averaged across all models. Overall, there was an average
of 142 (95% HDI: 124-167) counts of respiratory conditions for an average batch size of 1360 pigs, equating to
10.4% (95% HDI: 9.1-12.2%) prevalence. As would be expected, smaller on-farm batch sizes were associated
with fewer respiratory condition counts. As batch size increased by 100 pigs, respiratory counts increased by
a multiplicative factor of 1.051 (95% HDI: 1.046-1.057). However, the uncertainty around these estimates is
very large, partly because we are lacking data from farms with large batch sizes (see Figure S2). We found that
acquiring pigs from one batch source was associated with lower counts of respiratory conditions than acquir-
ing from multiple farms (Fig. 3 and Table 3). There were no significant effects of either average number of days
on farm (estimate: —1.0027, 95% HDI: —1.0086, 1.0033) or housing type (see Table S2) on respiratory counts.
However, when comparing the slatted housing to the other housing types, although the highest density interval
is wide (showing increased uncertainty in the estimate), the majority of the distribution sits above zero (Fig. 4),
suggesting a probable higher count of respiratory conditions for slatted housing than for mixed housing, straw
yards, or kennels.

Respiratory effects on production outcomes. For an average batch (with mean batch size and mean
days on farm), the mean (HDI) production parameters were estimated as follows. Deadweight: 80.80 kg (95%
HDI: 80.32, 81.28); average daily weight gain: 780 g (95% HDI: 772, 788); P2: 11.38 (95% HDI: 11.20, 11.57);
mortality: 2.3% (HDI: 2.1, 2.5). Higher respiratory prevalence was associated with significantly poorer produc-
tion performance for all production outcomes (Fig. 5). For every 1% increase in respiratory prevalence, we saw
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Comparison (no. of source farms) | Mean difference | 95% highest density interval
1vs2 -9.15 -11.78, -6.57

1vs3 -9.36 —-13.06, —5.81

1vs>3 -9.79 -13.93,-5.87

2vs3 -0.21 —4.35,3.83

2vs>3 -0.63 —-5.14,3.75

3vs>3 —-0.42 —5.40, 4.35

Table 3. Summary of comparisons of the effect of the number of pig batch sources on the counts of
respiratory conditions recorded at slaughter.
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Figure 4. The difference in respiratory prevalence as a result of comparing the different housing types. Circles
denote the mean posterior estimates and vertical line segments show their 95% highest density intervals.

The horizontal dashed line indicates a difference of zero. The inset shows the predicted counts of respiratory
conditions for each housing types. Respiratory prevalence was calculated from the counts of respiratory
conditions and the total pigs in the batch. Kennels =kennelled housing; Mix = mixed housing (combinations of
different housing types on one farm); Straw =straw yards and slats = slatted flooring.

a0.09 kg decrease in deadweight (95% HDI: —0.12, —0.06), a 1.44 g decrease in average daily weight gain (95%
HDI: —1.91, —0.98) and a 0.018 mm decrease in P2 (95% HDI: —0.03, —0.009). A 1% increase in respiratory
prevalence increased mortality by a multiplicative factor of 1.018 (95% HDI: 1.013, 1.023). This indicates, for an

average batch, an increase of 5.76 counts of mortality for a 10% increase in respiratory prevalence (from 30.9 to
36.66).

Additional deadweight predictors. Neither the number of batch sources, nor the housing type had a
significant effect on deadweight (see Table S3 and Table S4).

Additional average daily weight predictors. Average daily weight gain decreased by 32.35 g (95%
HDI: - 35.51, —29.19) for every week additional to the average number of weeks on farm, reflecting pig growth
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Figure 5. The effect of respiratory prevalence on (a) deadweight; (b) average daily weight gain; (c) P2 and (d)
mortality. The posterior mean is denoted by the solid black line with the 95% highest density interval of the
mean shown by the dashed lines. The grey lines show 100 representative samples from the posterior distribution
marginalising across farm random effects. Respiratory prevalence was calculated from the counts of respiratory
conditions and the total pigs in the batch.

curves. This is to be expected as average daily weight gain decreases as pigs near slaughter weight and their
growth curves plateau.

Additional P2 predictors. Slatted floors were associated with lower P2 scores, with no difference in P2
between kennels, mixed housing and straw yards (Fig. 6 and Table 4). However, caution should be taken when
interpreting these results as there were only 20 batches of pigs from three farms with slats. As expected, higher
P2 scores were associated with higher average daily weight gain. For every 10 g increase in average daily weight
gain, we saw a 0.05 increase in P2 (95% HDI: 0.04, 0.06). There was no significant effect of batch source on P2
(Table S5).

Additional mortality predictors. Mortality counts increased with increasing batch size by a multiplica-
tive effect of 1.08 (95% HDI: 1.06, 1.09). For every additional week on farm, mortality increased by a multiplica-
tive factor of 1.10 (95% HDI: 1.07, 1.12). Both results are logical in terms of increased probability of death given
larger numbers of pigs and a longer time spent on farm.

Discussion

In this study, we linked routinely recorded production and slaughter data with self-reported farm characteristics
to assess the associations between farm characteristics, respiratory conditions and production outcomes. To guard
against false positive findings, and to ameliorate the influences of noisy observational data, we took a hypothesis-
driven, confirmatory approach by pre-registering the study methods and using Bayesian multi-level modelling
and model selection using cross-validation. Using a Bayesian approach allowed us to quantify the uncertainty
around our parameters by providing the probability of different parameter values given the data (see*!).
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Figure 6. The effect of pig housing type on P2 score (a measure of back fat). Circles denote the mean posterior
estimates and vertical line segments show their 95% highest density intervals. Kennels =kennelled housing;
Mix = mixed housing (combinations of different housing types farm); Straw =straw yards and slats =slatted
flooring.

Comparison Mean difference | 95% highest density interval
Slats vs straw yards —2.44 -3.06,-1.78

Slats vs kennels -2.25 -2.83,-1.65

Slats vs mixed -2.38 -3.00,-1.79

Kennels vs straw yards | —0.19 -0.52,0.16

Kennels vs mixed -0.13 —0.45,0.20

Mixed vs straw yards -0.06 -0.46,0.32

Table 4. Summary of comparisons of the effect of housing type on the backfat (P2) scores of batches of pigs.

The best-fitting Bayesian multi-level models suggested that, in all cases, farm characteristics indirectly influ-
ence production parameters through their effect on the prevalence of respiratory conditions. Additionally, farm
characteristics directly influence the production parameters of deadweight and P2 scores (holding respiratory
conditions constant). We found that a higher prevalence of respiratory conditions at slaughter was associated
with pigs sourced from multiple origins and that higher prevalence of respiratory conditions detected at slaughter
had negative associations with all production parameters of interest.

In line with our hypothesis and previous studies'*"’, acquiring pigs from multiple source farms was associated
with a higher prevalence of respiratory conditions at slaughter. This effect showed one source to be better than
more than one source, with no difference in respiratory prevalence when acquiring from two, three, or more than
three sources. Argostini et al.*? also found increased mortality for pigs sourced from multiple origins. We could
not directly test for mortality effects as the most appropriate mortality model did not include a direct relation-
ship with farm characteristics. Wiltshire (2018) reported that multi-phase pig production systems have higher
risk of disease transmission in a realistic agent-based model®. The results of this study provide evidence that
obtaining pigs from more than one source adversely affects respiratory health and productivity. This is likely, in
part, to be associated with the differing pathogen and immune status of pigs from different sources, together with
the potential stress associated with initial mixing pigs from different sources. All in/all out production batches
have farm characteristics and health advantages over continuous systems as pigs are of a single age. However,
the capacity of the all in/all out finishing farm may necessitate sourcing pigs from more than one breeding or
nursery site to fill it over a short period of time.

We hypothesised that housing using straw would be associated with higher levels of respiratory illness. Find-
ings from the literature concerning the effect of housing on respiratory conditions are mixed, with some reporting
higher respiratory conditions in pigs on slats'”** and others with pigs housed on straw-bedded flooring??. We
hypothesised that straw may give increased respiratory conditions in view of the supporting literature, the fact
that types of housing containing straw tend to have less precise and uniform control over the internal environ-
ment (e.g. curtains on barns versus an indoor thermostat system) and because straw can contribute to dust which
can have adverse respiratory effects®. Regulation of internal environment, for example through more controlled
ventilation, has been shown to be associated with lower respiratory condition prevalence!*"'” but we found no
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significant effect of housing. However, there was a high level of uncertainty to the housing results, especially
for slatted housing, represented by a large highest density interval (Fig. 3) and likely due to the small number
of batches from three farms. Nevertheless, the majority of the parameter values contained within the pairwise
intervals between slats and all other housing conditions were positive, meaning a higher prevalence of respira-
tory conditions in slatted systems was plausible and likely.

The number of days a batch of pigs spent on the finishing farm was included in the model to account for the
assumption that pigs spending longer in production have more chance of contracting a respiratory disease. We
did not find evidence to support this and these results suggest that it is not simply a case that additional days on
farm leads to a greater chance of infection. However, in our dataset, the majority of batches were slaughtered
within a similar timeframe (days of farm: mean =94, sd = 10, min =50, max = 129) and any additional time spent
on farm outside of this may not be extreme enough to see an effect either on farm or at slaughter. Although we
hypothesised that more days on farm would increase the risk of encountering a respiratory condition, it could
also be the case that pigs spend longer on farm because of a respiratory condition. We are unable to disentangle
these two data-generating processes in explaining the significant association between time on farm and respira-
tory prevalence because the former is a between-batch process where the latter is a within-batch process. Testing
these hypotheses would require using within-batch, pig-level data (where all pigs within the batch arrive on
the farm at the same number of days before slaughter weight) to assess whether pigs that contract respiratory
conditions are kept longer on farm, or whether the association is driven by a between-batch time on farm effect.
These hypotheses are not necessarily mutually exclusive. It could also be the case that the number of days on
farm is an over-simplified proxy for a multitude of other unmeasured variables, such as diet, season, or earlier
housing/management factors throughout the lifecycle. It would be worth future studies taking a causal model-
ling approach to build on these results.

Increased prevalence of respiratory disease at slaughter was associated with higher mortality, lower dead-
weight, lower average daily weight gain and lower back fat (P2). Our findings for back fat oppose two other
studies which found no effect of respiratory conditions® or lung lesions** on fat depth scores. Our results for
mortality, deadweight and average daily weight gain mirror results from previous, smaller, but potentially more
sensitive studies. For example, two studies using the national British Pig Health Scheme (BPHS) dataset found
that increases in measures of enzootic pneumonia and pleurisy were associated with lower carcass weights'>?°.
A New Zealand study detected reductions of 2.2 g in average daily weight gain, for each 1% of lung volume
affected by enzootic pneumonia® and Straw et al.?, in a small scale study, also found a decrease in average daily
weight gain when pigs were exposed to causative agents of pneumonia. A study of naturally occurring PRRSV
and influenza Type A co-infection challenges on US pig farms found both a reduction in average daily weight
gain and an increase in mortality as the disease prevalence increased®. The CCIR data, which we used as health
data, has been criticised for being relevant across farms, but not at the batch level, due to issues of incorrect
identification of pigs in batches®” and a lack of sensitivity for some certain conditions®’. However, we show here
that CCIR data may be useful as a surveillance tool at batch level for broad categories of health conditions, mir-
roring relationships between key production traits and respiratory conditions seen in previous studies.

Both the models for P2 and deadweight allowed for direct links between farm characteristics and the produc-
tion outcomes. Of these, we found that housing had a significant affect on P2, with slats associated with lower
P2 scores. However, the effect of slats on P2, as well as the effect of slats on respiratory prevalence (discussed
above) are likely to be conflated with other factors. Only 20 batches from three farms were housed on slats. Thus,
the effects of slats may instead reflect other unknown specifics of those farms or companies and may not be
applicable to the wider population. Secondly, the genetics of outdoor-bred pigs (those finished on straw in our
dataset) mean these breeds tend to be less lean, which could impact P2 results. We therefore stress the tentative
nature with which we present our results for slatted systems and highlight the need for more farms, from more
companies, with slats in future analyses.

In order to support implementation of sustainable improvements in production, particularly where these
require significant financial and other resources, good evidence and better mechanistic understanding of the fac-
tors affecting health and production performance in pigs is vital. Interestingly, our model comparison approach
highlighted that the four production traits were not all best modelled in the same way and this is something for
future studies to take into consideration. There are additional relevant associations to be explored through this
analytical approach, if the data can be obtained. Examples of these include exploring the association of respiratory
conditions at slaughter with herd status for different pathogens (or combinations of pathogens) or with herds
with different levels of antimicrobial use. Additionally, possible future analyses could include finer level details
by, for example, modelling the relationship between specific respiratory conditions first (e.g. using latent vari-
able models*®) rather than using simple sum scores as used in this study. This would be of use given the previous
studies have identified different risk factors for different respiratory conditions (e.g."”). Specific hypotheses about
the transmission and development of respiratory conditions and their detection at slaughter could also be tested
using formal mathematical models, such as agent-based models of livestock production networks (e.g. see*®).
Any future studies would be strengthened by obtaining data from a wider pool of producers, providing more
varied data on management practices and infrastructure and allowing for analysis of the effects of disinfection
and ventilation. Finally, future analyses would benefit from a more standardised data recording format within
the pig industry for farm characteristics and batch level production data. Standardised recording would allow for
useful analyses with nationally held health and welfare datasets and for comparisons of the production impacts
of differing farm characteristics protocols.
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Conclusions

In summary, we found that acquiring pigs from multiple sources was linked to a higher prevalence of respira-
tory conditions at slaughter. Increased prevalence of respiratory disease was associated with poorer farm-based
performance metrics of mortality, deadweight, back fat and pig carcass weight. Our results show that carcass
inspection data recorded in the abattoir are a valuable tool for monitoring respiratory conditions at batch-level.
We advocate standardised recording of data in the pig industry to better understand how farm characteristics
impact on production performance and health, to enable investigation and monitoring of sustainable farming
practices in the future.

Received: 30 July 2020; Accepted: 8 June 2021
Published online: 02 July 2021

References

1.
2.
3.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Fao. The future of food and agriculture: Trends and challenges [Internet] [cited 2020 Apr 24]. http://www.fao.org/publications.
Godfray, H. C.]. et al. Food security: The challenge of feeding 9 billion people. Science 327, 812-818 (2010).

Springmann, M. et al. Options for keeping the food system within environmental limits. Nature [Internet] https://doi.org/10.1038/
541586-018-0594-0 (2018).

. OECD. Meat consumption (indicator). https://doi.org/10.1787/fa290fd0-en (Accessed 25 June 2020) (2020).
. AHDB. UK pig facts and figures—2019 (2019).
. Cornelison, A. S. et al. Impact of health challenges on pig growth performance, carcass characteristics, and net returns under

commercial conditions. Transl. Anim. Sci. 2(1), 50-61 (2018).

. Holtkamp, D. J. et al. Assessment of the economic impact of porcine reproductive and respiratory syndrome virus on United States

pork producers. J. Swine Health Prod. 21(2), 72-84 (2013).

. Calderén Diaz, J. A. et al. Financial analysis of herd status and vaccination practices for porcine reproductive and respiratory

syndrome virus, swine influenza virus, and Mycoplasma hyopneumoniae in farrow-to-finish pig farms using a bio-economic
simulation model. Front. Vet. Sci. 7, 1-14 (2020).

. Pandolfi, F, Edwards, S. A., Maes, D. & Kyriazakis, I. Connecting different data sources to assess the interconnections between

biosecurity, health, welfare, and performance in commercial pig farms in Great Britain. Front. Vet. Sci. [Internet] 5, 1-13. https://
doi.org/10.3389/fvets.2018.00041/full (2018).

Sanchez-Vazquez, M. J., Nielen, M., Edwards, S. A., Gunn, G. J. & Lewis, E. I. Identifying associations between pig pathologies
using a multi-dimensional machine learning methodology. BMC Vet. Res. 8(1), 1 (2012).

Eze, J. I et al. Comparison of respiratory disease prevalence among voluntary monitoring systems for pig health and welfare in
the UK. PLoS One 10(5), e0128137 (2015).

Holt, H. R., Alarcon, P,, Velasova, M., Pfeiffer, D. U. & Wieland, B. BPEX Pig Health Scheme: A useful monitoring system for
respiratory disease control in pig farms?. BMC Vet. Res. 7, 82 (2011).

Sanchez-Vazquez, M. J., Nielen, M., Gunn, G. J. & Lewis, E. L. Using seasonal-trend decomposition based on loess (STL) to explore
temporal patterns of pneumonic lesions in finishing pigs slaughtered in England, 2005-2011. Prev. Vet. Med. [Internet] 104(1-2),
65-73. https://doi.org/10.1016/j.prevetmed.2011.11.003 (2012).

Jager, H. C. et al. Factors associated with pleurisy in pigs: A case—control analysis of slaughter Pig data for England and Wales.
PLoS One 7(2), 1-9 (2012).

Fraile, L., Alegre, A., Lopez-Jiménez, R., Nofrarias, M. & Segalés, J. Risk factors associated with pleuritis and cranio-ventral pul-
monary consolidation in slaughter-aged pigs. Vet. J. 184(3), 326-333. https://doi.org/10.1016/j.tvjl.2009.03.029 (2010).

Fablet, C. et al. Noninfectious factors associated with pneumonia and pleuritis in slaughtered pigs from 143 farrow-to-finish pig
farms. Prev. Vet. Med. [Internet] 104(3-4), 271-280. https://doi.org/10.1016/j.prevetmed.2011.11.012 (2012).

Maes, D. et al. Risk indicators for the seroprevalence of mycoplasma hyopneumoniae, porcine influenza viruses and Aujeszky’s
disease virus in slaughter pigs from fattening pig herds. J. Vet. Med. Ser. B [Internet] 46(5), 341-352. https://doi.org/10.1111/j.
1439-0450.1999.tb01239.x (1999).

Merialdi, G. et al. Survey of pleuritis and pulmonary lesions in pigs at abattoir with a focus on the extent of the condition and herd
risk factors. Vet. J. [Internet] 193(1), 234-239. https://doi.org/10.1016/.tvjl.2011.11.009 (2012).

Meyns, T. et al. A cross-sectional study of risk factors associated with pulmonary lesions in pigs at slaughter. Vet. J. [Internet]
187(3), 388-392. https://doi.org/10.1016/j.tvjl.2009.12.027 (2011).

Stirk, K. D. C., Pfeiffer, D. U. & Morris, R. S. Risk factors for respiratory diseases in New Zealand pig herds. N. Z. Vet. J. 46(1),
3-10 (1998).

Porphyre, T. et al. How commercial and non-commercial swine producers move pigs in Scotland: A detailed descriptive analysis.
BMC Vet. Res. 10, 1-17 (2014).

Scott, K. et al. The welfare of finishing pigs in two contrasting housing systems: Fully-slatted versus straw-bedded accommodation.
Livest. Sci. 103(1-2), 104-115 (2006).

Enoe, C., Mousing, J., Schirmer, A. L. & Willeberg, P. Infectious and rearing-system related risk factors for chronic pleuritis in
slaughter pigs. Prev. Vet. Med. 54(4), 337-349 (2002).

Sitjar, M., Noyes, E. P., Simon, X. & Pijoan, C. Relationships among seroconversion to Mycoplasma hyopneumoniae, lung lesions,
and production parameters in pigs. J. Swine Health Prod. [Internet] 4(6), 273-277. https://www.scopus.com/inward/record.uri?
eid=2-52.0-0000199065&partner]D=40&md5=4212485b5407024298887de578afc798 (1996).

Christensen, N. H. Evaluation of the effects of enzootic pneumonia in pigs on weight gain and days to slaughter under New Zealand
conditions. N. Z. Vet. J. 43(4), 146-148 (1995).

Brewster, V. R., Maiti, H. C., Tucker, A. W. & Nevel, A. Associations between EP-like lesions and pleuritis and post trimming carcass
weights of finishing pigs in England. Livest. Sci. [Internet] 201, 1-4. https://doi.org/10.1016/j.1ivsci.2017.04.012 (2017).

Pandolfi, F, Kyriazakis, I., Stoddart, K., Wainwright, N. & Edwards, S. A. The “Real Welfare” scheme: Identification of risk and
protective factors for welfare outcomes in commercial pig farms in the UK. Prev. Vet. Med. [Internet] 146, 34-43. https://doi.org/
10.1016/j.prevetmed.2017.07.008 (2017).

Straw, B. E., Shin, S. J. & Yeager, A. E. Effect of pneumonia on growth rate and feed efficiency of minimal disease pigs exposed to
Actinobacillus pleuropneumoniae and Mycoplasma hyopneumoniae. Prev. Vet. Med. 9(4), 287-294 (1990).

Chantziaras, I, Dewulf, J., Van Limbergen, T., Klinkenberg, M., Palzer, A., Pineiro, C. et al. Factors associated with specific health,
welfare and reproductive performance indicators in pig herds from five EU countries. Prev. Vet. Med. [Internet] 159, 106-114
(2018). https://linkinghub.elsevier.com/retrieve/pii/S0167587718303908

Simmons, J. P, Nelson, L. D. & Simonsohn, U. False-positive psychology: Undisclosed flexibility in data collection and analysis
allows presenting anything as significant. Psychol. Sci. 22(11), 1359-1366 (2011).

Scientific Reports |

(2021) 11:13789 | https://doi.org/10.1038/s41598-021-93027-9 nature portfolio


http://www.fao.org/publications
https://doi.org/10.1038/s41586-018-0594-0
https://doi.org/10.1038/s41586-018-0594-0
https://doi.org/10.1787/fa290fd0-en
https://doi.org/10.3389/fvets.2018.00041/full
https://doi.org/10.3389/fvets.2018.00041/full
https://doi.org/10.1016/j.prevetmed.2011.11.003
https://doi.org/10.1016/j.tvjl.2009.03.029
https://doi.org/10.1016/j.prevetmed.2011.11.012
https://doi.org/10.1111/j.1439-0450.1999.tb01239.x
https://doi.org/10.1111/j.1439-0450.1999.tb01239.x
https://doi.org/10.1016/j.tvjl.2011.11.009
https://doi.org/10.1016/j.tvjl.2009.12.027
https://www.scopus.com/inward/record.uri?eid=2-s2.0-0000199065&partnerID=40&md5=4212485b5407024298887de578afc798
https://www.scopus.com/inward/record.uri?eid=2-s2.0-0000199065&partnerID=40&md5=4212485b5407024298887de578afc798
https://doi.org/10.1016/j.livsci.2017.04.012
https://doi.org/10.1016/j.prevetmed.2017.07.008
https://doi.org/10.1016/j.prevetmed.2017.07.008
https://linkinghub.elsevier.com/retrieve/pii/S0167587718303908

www.nature.com/scientificreports/

31. Wagenmakers, E. J., Wetzels, R., Borsboom, D., van der Maas, H. L. J. & Kievit, R. A. An Agenda for purely confirmatory research.
Perspect. Psychol. Sci. 7(6), 632-638 (2012).

32. Smith, R. P. et al. Review of pig health and welfare surveillance data sources in England and Wales. Vet. Rec. 184(11), 349 (2019).

33. Correia-Gomes, C. et al. Pig abattoir inspection data: Can it be used for surveillance purposes?. PLoS One 11(8), 1-18 (2016).

34. Harley, S., More, S. ., Boyle, L. & Hanlon A. Good animal welfare makes economic sense: Potential of pig abattoir meat inspec-
tion as a welfare surveillance tool (PDF Download Available), 1-12 (2012). https://www.researchgate.net/publication/228080518_
Good_animal_welfare_makes_economic_sense_Potential_of_pig_abattoir_meat_inspection_as_a_welfare_surveillance_tool

35. Filippitzi, M. E. et al. Review of transmission routes of 24 infectious diseases preventable by biosecurity measures and comparison
of the implementation of these measures in pig herds in six European countries. Transbound. Emerg. Dis. 65(2), 381-398 (2018).

36. Pedersen, S. et al. Dust in pig buildings. J. Agric. Saf. Health 6(4), 261-274 (2000).

37. R Core Team. R: A language and environment for statistical computing (R Foundation for Statistical Computing, 2019). https://
www.R-project.org/

38. Carpenter, B. et al. Stan: A probabilistic programming language. J. Stat. Softw. 76(1), 1-32 (2017).

39. Biirkner, P. C. brms: An R package for Bayesian multilevel models using Stan. J. Stat. Softw. 80(1), 1-28 (2017).

40. Gelman, A., Hwang, J. & Vehtari, A. Understanding predictive information criteria for Bayesian models. Stat. Comput. 24(6),
997-1016 (2014).

41. McElreath R. Statistical rethinking: A bayesian course with examples in R and stan [Internet]. Statistical Rethinking: A Bayesian
Course with Examples in R and Stan, 1-469 (CRC Press, 2018) [cited 2020 Jun 24]. https://www.taylorfrancis.com/books/97813
15372495

42. Agostini, P. S. et al. Management factors affecting mortality, feed intake and feed conversion ratio of grow-finishing pigs. Animal
8(8), 1312-1318 (2014).

43. Wiltshire, S. W. Using an agent-based model to evaluate the effect of producer specialization on the epidemiological resilience of
livestock production networks. PLoS One [Internet]. 13(3), €0194013. https://doi.org/10.1371/journal.pone.0194013 (2018).

44. Permentier, L. et al. Lung lesions increase the risk of reduced meat quality of slaughter pigs. Meat Sci. 1(108), 106-108 (2015).

45. Beaujean, A. Latent variable modeling using R: A step-by-step guide [Internet] [cited 2020 May 7] (2014). https://books.google.
com/books?hl=en&Ir=&id=7hmLAwA AQBAJ&oi=fnd&pg=PP1&dq=Latent+Variable+Modeling+Using+R:+A+Step-by-Step+
Guide&ots=3mUYiAIZCP&sig=WnF_wdgo4WeTfFpy89bXdg BIPQ

Acknowledgements
We thank our partner pig producers and the Food Standards Agency for providing data.

Author contributions

H.G. carried out data processing, analysis design and analysis, data interpretation and drafted the manuscript.
M.E. carried out study design, data collection, data interpretation and revised the manuscript. C.G. carried out
data analysis, data interpretation and revised the manuscript. R.P.S. carried out questionnaire design, provided
input into analysis design and revised the manuscript. S.W. carried out questionnaire design, provided input into
analysis design and revised the manuscript. L.C. conceived of the study, acquired funding for the study, carried
out study design, inputted into questionnaire and analysis design, and revised the manuscript. All authors gave
final approval for publication and agree to be held accountable for the work performed therein.

Funding

This research is a part of the PigSustain project which is funded through the Global Food Security’s ‘Resilience
of the UK Food System Programme’, with support from BBSRC, ESRC, NERC and Scottish Government (grant
number BB/N020790/1).

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-021-93027-9.

Correspondence and requests for materials should be addressed to L.M.C.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2021

Scientific Reports |

(2021) 11:13789 | https://doi.org/10.1038/s41598-021-93027-9 nature portfolio


https://www.researchgate.net/publication/228080518_Good_animal_welfare_makes_economic_sense_Potential_of_pig_abattoir_meat_inspection_as_a_welfare_surveillance_tool
https://www.researchgate.net/publication/228080518_Good_animal_welfare_makes_economic_sense_Potential_of_pig_abattoir_meat_inspection_as_a_welfare_surveillance_tool
https://www.R-project.org/
https://www.R-project.org/
https://www.taylorfrancis.com/books/9781315372495
https://www.taylorfrancis.com/books/9781315372495
https://doi.org/10.1371/journal.pone.0194013
https://books.google.com/books?hl=en&lr=&id=7hmLAwAAQBAJ&oi=fnd&pg=PP1&dq=Latent+Variable+Modeling+Using+R:+A+Step-by-Step+Guide&ots=3mUYiAIZCP&sig=WnF_wdgo4WeTfFpy89bXdg_BlPQ
https://books.google.com/books?hl=en&lr=&id=7hmLAwAAQBAJ&oi=fnd&pg=PP1&dq=Latent+Variable+Modeling+Using+R:+A+Step-by-Step+Guide&ots=3mUYiAIZCP&sig=WnF_wdgo4WeTfFpy89bXdg_BlPQ
https://books.google.com/books?hl=en&lr=&id=7hmLAwAAQBAJ&oi=fnd&pg=PP1&dq=Latent+Variable+Modeling+Using+R:+A+Step-by-Step+Guide&ots=3mUYiAIZCP&sig=WnF_wdgo4WeTfFpy89bXdg_BlPQ
https://doi.org/10.1038/s41598-021-93027-9
https://doi.org/10.1038/s41598-021-93027-9
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Modelling the links between farm characteristics, respiratory health and pig production traits
	Methods
	Datasets. 
	Health data. 
	Farm characteristics data. 
	Production data. 

	Data cleaning and matching. 
	Data processing. 
	Statistical methods. 
	Model 1. 
	Model 2. 
	Model 3. 


	Results
	Model fits. 
	Respiratory conditions. 
	Respiratory effects on production outcomes. 
	Additional deadweight predictors. 
	Additional average daily weight predictors. 
	Additional P2 predictors. 
	Additional mortality predictors. 

	Discussion
	Conclusions
	References
	Acknowledgements


