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A B S T R A C T

Respiratory diseases are considered one of the most important problems in swine production worldwide due to 
the significant economic losses associated. Lung lesion evaluation at slaughterhouses by different scoring systems 
is commonly used to monitor respiratory diseases in swine. Concretely, cranioventral pulmonary consolidation 
lesions are associated with enzootic pneumonia (EP) caused by Mycoplasma hyopneumoniae (Mhyo); whereas 
haemorrhagic necrotizing pneumonia, mainly in the dorso-caudal lung lobes, and chronic pleuritis (CP) are 
associated with Actinobacillus pleuropneumoniae (App). Despite the recent consideration of several statistical 
methods for modelling the temporal dynamics of diseases and the construction of monitoring systems, none have 
been applied to lung lesions data collected at slaughterhouses. Thus, this work aimed (1) to describe the temporal 
patterns of EP and CP-like lesions in Spain using time series methods to model the collected data on lung lesions 
at slaughterhouses; and (2) to construct and evaluate in quasi-real time a surveillance system for early detection 
of outbreaks and abnormal trends potentially related to both pathogens. In total, 16 time series were analysed 
including 3947 audits from 474 Spanish farms associated with 302 companies between 2016 and 2019. The 
monthly time series of the EP index between 2016 and 2019 in Spain (point estimate for Spain was − 0.088 with 
an associated p = 0.073) and different Spanish subregions showed decreasing trend patterns (point estimates for 
Aragon was − 0.028 with an associated p = 0.000 and for Catalonia was − 0.064 with an associated p = 0.092), 
whereas the monthly time series of the CP index increased (point estimate for Spain was 0.004 with an associated 
p = 0.045 and for Aragon was 0.007 with an associated p = 0.000) over the same period. Additionally, the 
predictive performance of the estimated models was evaluated at quasi-real time using the data between 2020 
and 2021. Results from this evaluation showed that overall, the selected models predicted the evolution of both 
the EP and CP indices in a reasonable manner being between 90 % prediction intervals. Therefore, time series 
models constructed in this work could be used to prevent and shorten the response time in implementing of 
control strategies against these respiratory pathogens minimizing their economic impact associated.

1. Introduction

Respiratory diseases are considered one of the most important 
problems in swine production worldwide due to the significant eco
nomic losses associated with them. These losses are mainly due to 
reduced growth rates, increased feed conversion ratios as well as mor
tality rates, and elevated treatment costs, among others (Sorensen et al., 
2006; Yaeger and Alstine, 2019).

The monitoring of lung lesions in pigs at the slaughterhouse is 
commonly used to estimate the prevalence and severity of different 
respiratory diseases as well as to measure their impact on the carcass 
market price (Fraile et al., 2010; Maes et al., 2023; Sibila et al., 2009). 
Several studies have identified cranioventral pulmonary consolidation 
(CVPC) and pleuritis as the most frequent lung lesions observed at the 
slaughterhouse (Arruda et al., 2024; Fraile et al., 2010; Meyns et al., 
2011). Cranioventral pulmonary consolidation lesions are mainly 
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associated with enzootic pneumonia (EP), a respiratory disease caused 
by Mycoplasma hyopneumoniae (Mhyo) that has a negative impact on pig 
welfare and pig growth indicators (Arruda et al., 2024; Paz-Sánchez 
et al., 2021). CVPC lesions consist of purple to grey consolidated areas, 
mainly located in the apical, intermediate, accessory, and cranial parts 
of the diaphragmatic lobes (Maes et al., 2008). In addition, haemor
rhagic necrotizing pneumonia, mainly in the dorso-caudal lung lobes, 
and chronic pleuritis (CP) are associated with Actinobacillus pleuro
pneumoniae (App) infections (Arruda et al., 2024; Merialdi et al., 2008; 
Ostanello et al., 2007). Both types of lesions are also economically 
important for slaughterhouses because they can lead to partial con
demnations of carcasses and require additional labour on the slaughter 
line (De Conti et al., 2021; Maes et al., 2023).

Different scoring systems, based on visual examination or using 
computed techniques, can quantify the affected lung surface to evaluate 
the severity of EP- and CP-like lung lesions at slaughterhouses 
(Garcia-Morante et al., 2016; Ostanello et al., 2007). Although such le
sions are not pathognomonic to Mhyo or App, the data generated by 
these slaughter check audits are commonly used to evaluate the respi
ratory health status of farms for both respiratory pathogens (Maes et al., 
2023; Petri et al., 2023). Additionally, a description of the evolution of 
EP- and CP-like lesions over time could yield valuable insights into the 
infection dynamics of these pathogens (i.e., trend components and 
seasonality) as well as their prevalence (Fano et al., 2007; Petri et al., 
2023).

Recently, the use of statistical methods, including methods of time 
series analysis (Brockwell and Davis, 2016; Cryer and Chan, 2008; 
Shumway and Stoffer, 2017; Montgomery et al., 2011; Peña et al., 
2001), has gained increasing attention for the temporal and/or 
spatial-temporal monitoring of related data, e.g., certain diseases, 
mortalities, etc (Alba et al., 2015; Alba-Casals et al., 2020; Fernán
dez-Fontelo et al., 2017, 2020; Ward et al., 2020). These methods, many 
of which have been comprehensively reviewed by, e.g., Benschop et al., 
(2008), can help identify potential abnormal peaks as well as help design 
(or redefine) adequate intervention strategies to mitigate the impact of, 
e.g., the disease under study (Keeling and Danon, 2009). Additionally, 
authors such as Benschop et al. (2008) have highlighted the potential of 
data collected at abattoirs for constructing health monitoring systems 
over time, primarily aimed at early identification of disease outbreaks 
and enhancing surveillance designs.

In the swine industry, a number of statistical modelling methods 
have been used to gain valuable knowledge into the dynamics of 
different pathologies, including the study of the transmission of Mhyo 
(Nathues et al., 2017), porcine reproductive and respiratory virus (Evans 
et al., 2010), Salmonella Typhimurium (Ivanek et al., 2004) and African 
swine fever (Barongo et al., 2016). In the literature, a limited number of 
works describe the temporal and/or spatial-temporal characteristics of 
infections related to EP and CP (Neumann et al., 2014; Eze et al., 2015). 
To the best of the authors’ knowledge, there is no information available 
on the data collected on EP- and CP-like lesions at slaughterhouses from 
different Spanish regions and their modelling with time series analysis 
methods to describe the dynamics of both pathologies over time, or even 
their use for the construction of time series predictive models as sur
veillance systems for infections related to EP and CP in Spanish porcine 
populations.

Therefore, this study aimed to (i) describe the temporal dynamics of 

EP- and CP-like lesions at slaughterhouses at the Spanish level as well as 
at different sub-regions of Spain from 2016 to 2019 and (ii) construct 
and evaluate time series models to predict the evolution of both lung 
lesions as an early warning system to detect potential abnormal peaks 
that may be related to an increase in the incidence of both pathologies.

2. Materials and methods

2.1. Scoring systems used for the evaluation of EP- and CP-like lesions: 
the ceva lung program (CLP)

In this work, the Ceva Lung Program (CLP) was used to evaluate EP- 
and CP-like lung lesions at slaughterhouses (Krejci and Munoz, 2014). 
This program combines the Madec and Kobisch systems with Chris
tensen’s system to evaluate EP-like lesions (Madec and Kobisch, 1982; 
Christensen et al., 1999) and the Slaughterhouse Pleurisy Evaluation 
System (SPES) for CP like-lung lesions (Dottori et al., 2007). On the one 
hand, the CLP-CVPC system provides a score between 0 and 4 according 
to the percentage of the surface showing CVPC per lobe (i.e., 0: no 
lesion; 1: less than 25 % of the total lung lobe surface affected; 2: be
tween 25 % and 50 % of the total lung surface affected; 3: between 50 % 
and 75 % of the total lung surface affected; 4: more than 75 % of the total 
lung surface affected). Additionally, the CLP program normalizes the 
scores with respect to the relative volume of each lobe, as proposed by 
Christensen et al. (1999). Finally, an EP index as an overall measure of 
the degree of EP-like lesions in a lung is obtained for each lung and pig 
batch (Table 1).

On the other hand, the CLP-CP ranges from 0 to 4 (excluding 1) 
depending on the presence and severity of caudal pleurisy in the lungs (i. 
e., 0: no lesions; 2: a single small focus of CP-like lesions in the caudal 
lobe; 3: a single large focus of CP-like lesions in the caudal lobe, small 
foci in both caudal lobes or a large focus in one of the lobes and a little 
focus of a CP-like lesion in the other caudal lobe; 4: a large CP-like lesion 
in both caudal lobes). Note that the CLP-CP slightly differs from the 
traditional SPES system since cranio-ventral pleuritis (scored as 1) is not 
considered for evaluation in the CLP-CP. Given that cranio-ventral 
pleuritis is also associated with different respiratory pathogens, such 
as Pasteurella multocida (Christensen et al., 1999; Enøe et al., 2002), 
cranio-ventral pleuritis lesions caused by other pathogens are consid
ered separate binary variables in CLP indicating the presence (coded as 
1) or absence (coded as 0) of such lesions in each evaluated lung. Finally, 
the CP-index is considered as the overall outcome for the degree of 
infection related to CP per pig and batch (Table 1).

Lung audits were carried out by independent veterinarians trained 
by Ceva Salud Animal (Spain). The training of the evaluators consisted 
of assessing and scoring the lesions in each of the lung lobes on the 
slaughter line, using the CLP system previously described. To avoid 
potential bias, all evaluators received the same training session from the 
same person to calibrate lung lesion scores. Evaluators were regularly 
examined by the trainer to ensure the reliability and reproducibility of 
the process.

2.2. Population of study and data sources

Lung batches from pigs had reached finishing weight of different 
Spanish farms and producers were audited for the presence of EP- and 

Table 1 
Summary of the indices considered for the evaluation of EP- and CP-like lung lesions.

Index Description

EP Sum of the CLP-CVPC scores for all lobes of all evaluated lungs in a batch divided by the total number of lungs being evaluated in that batch, i.e., the arithmetic average of the 
CLP-CVPC scores within the same batch. This index provides information on the presence and severity of EP-like lesions.

CP Relative frequency of lungs with CLP-CP scores equal to or greater than 2 in a batch multiplied by the arithmetic mean of the CLP-CP scores in that batch. This index provides 
information on the presence and severity of CP-like lesions.

EP: Enzootic pneumonia; CP: Chronic pleuritis; CLP: Ceva Lung Program
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CP-like lung lesions at different slaughterhouses. Audits were conducted 
between 2016 and 2021 and included information on audit identifica
tion number, date, slaughterhouse, REGA code for farm identification (it 
provides information related to the farm location), number of evaluated 
lungs per batch, and the EP and CP indices at the batch level. Informa
tion related to vaccination against Mhyo of these evaluated pig batches 
was obtained from the corresponding veterinarian/producer. No infor
mation regarding vaccination against App or other pathogens was 
recorded.

The EP and CP indices per batch were aggregated in the audit’s 
dataset at monthly level by averaging the EP and CP indices of the 
evaluated batches within the same month and region. The time series of 
this study included all evaluated batches in Spain as well as 7 different 
Spanish regions (Catalonia, Aragon, Galicia, Norte, Centro, Levante and 
Sur). The aggregation of the information provided a total of 16 time 
series (for Spain and each of the seven Spanish regions considered, we 
had 2 time series at the month level: for the EP and CP indices) that were 
all independently modelled using classical time series analysis and, more 
specifically, Autoregressive Integrated Moving Average (ARIMA) 
processes.

2.3. Data modelling and forecasting

Univariate time series are random variables that are sequences of 
data points and are usually measured over discrete time intervals. One of 
the most popular models for continuous-valued time series is the ARIMA 
process, which is often used for describing and estimating the dynamic 
properties of a time series, as well as for forecasting.

More formally, let Xt be a univariate time series where t ∈ T is a 
discrete time interval, e.g., T = (1,⋯,T) following an ARIMA(p,d, q)
process. Let Zt = (1 − L)dXt be the d-time differentiated Xt process, 
where L is the lag operator. Then, the process Zt for t ∈ T follows a 
weakly stationary ARMA(p, q) process defined with the equation given 
below: 

Zt = μ+φ1Zt− 1 +φ2Zt− 2 +…+φpZt− p + εt +ϑ1εt− 1 +…+ ϑqεt− q, 1) 

where Zt− k = (1 − L)dXt− k and parameters p and q determine the order 
of the autoregressive (AR) and the moving average (MA) parts, respec
tively. In addition, the process εt is defined as independent and identi
cally distributed (iid) observations coming from a random variable with 
expectation 0 and constant variance σ2. We denote it as εt ∼ WN(0,σ2), 
where WN indicates white noise.

A weakly stationary (or only stationary) ARMA(p,q) process Zt sat
isfies that its expectation is constant over time, i.e., E(Zt) = μZ for all t,
and its autocovariance function depends only on the temporal lag |h|
= |s − t| for all s, t, i.e., γ(s, t) = Cov(Zs,Zt) = Cov(Zs+r,Zt+r) =

γ(s+r, t+r) or, in other words, γ(h) = Cov(Zt,Zt+h) for all h; thus, 
Var(Zt) = γ(0) for all t.

In this study, all evaluated 16 time series were not stationary. In 
general, the monthly time series of the EP index at the batch level at 
either the country or the region level showed a clear decreasing linear 
trend over time (Figure S1), while the monthly time series of the CP 
index at the batch level at either the country or the region level showed 
an increasing linear trend over time (Figure S2). Thus, with these trend 
patterns, the distributions of the monthly EP and CP indices over time 
did not have a constant expectation, as the expectation of the EP index 
decreased from 2016 to 2019, while the expectation of the CP index 
increased from 2016 to 2019.

Non-stationary time series are frequent in real-world applications, 
and different methods for addressing them are available in the literature 
(Brockwell and Davis, 2016; Shumway and Stoffer, 2017). As most of 
our time series showed linear trends and seasonal components, we used 
the method described below to model our non-stationary time series 
using ARMA processes.

Let Yt be a univariate time series where t ∈ T and T = (1,⋯,T). 

Assume that Yt = mt + st + Xt, where mt is the trend component of the 
time series Yt, st is the seasonal component of the time series Yt, and 
finally, Zt = (1 − L)dXt is a stationary time series following an ARMA 
structure, as given in Eq. (1). There are a number of methods aimed at 
estimating the trend component mt and the seasonal components st. 
For instance, the trend component, mt, can be fitted using a parametric 
approach (e.g., estimating a polynomial, exponential, logistic trend) or a 
non-parametric approach with methods such as moving averages, a local 
polynomial smoother, an exponential smoother, and kernel smoothing, 
among others. In addition, we can use a wide range of methods for the 
estimation of the seasonal component, st, including the use of the trig
onometric polynomial. Further details on classical methods for non- 
stationary time series modelling can be found in Brockwell and Davis 
(2016) and Shumway and Stoffer (2017).

In the current paper, we estimated the trend and seasonal compo
nents of our time series using a parametric approach based on a linear 
regression model with a linear trend and a trigonometric polynomial. 
More precisely, the following model was considered for our time series 
Yt :

Yt = μ + β1t + β2sin
(

2πt
12

)

+ β3cos
(

2πt
12

)

+ β4sin
(

2πt
4

)

+ β5cos
(

2πt
4

)

+ β6sin
(

2πt
3

)

+ β7cos
(

2πt
3

)

+ Xt,

(2) 

where mt = β1t is the linear trend, st = β2sin
(

2πt
12

)

+ β3cos
(

2πt
12

)

+

β4sin
(

2πt
4

)

+ β5cos
(

2πt
4

)

+ β6sin
(

2πt
3

)

+ β7cos
(

2πt
3

)

are the seasonal 

components and Zt = (1 − L)dXt is a stationary ARMA process, as 

defined in Eq. (1). Note that part β2sin
(

2πt
12

)

+ β3cos
(

2πt
12

)

of the trig

onometric polynomial considers an annual periodicity, part 

β4sin
(

2πt
4

)

+ β5cos
(

2πt
4

)

of such a polynomial considers a fourth-month 

periodicity, and part β6sin
(

2πt
3

)

+β7cos
(

2πt
3

)

of the polynomial con

siders a quarterly periodicity. These periodicities were considered 
because they were the most frequently observed on the dynamics over 
time of the infections related to EP and CP, e.g., the 12-month period
icity was considered to cover the effect of temperature changes related 
to the seasons on both the time series of the EP and CP indices, while the 
3-month and 4-month periodicities were considered to cover the effect 
on both the time series of the EP and CP indices due to aspects related to 
logistics and batch management in swine production, as the fattening 
period generally lasts for 3–4 months. Note also that while the time 
series Yt is not stationary, the time series Zt is stationary. Before 
choosing the values for the parameters p, d and q, we selected, for each 
considered time series, the trend and seasonal components to be 
included as exogenous variables in the ARIMA models. In particular, we 
estimated a classical linear model with the corresponding EP or CP index 
as the response variable and including a linear trend and all the seasonal 
components previously described as explanatory variables, i.e., we 
estimated the following linear model using the ordinary least squares 

method: Yt = β0 + β1t + β2sin
(

2πt
12

)

+ β3cos
(

2πt
12

)

+ …+β6sin
(

2πt
3

)

+

β7cos
(

2πt
3

)

+ εt, ∀t, and selected those components that were statisti

cally significant to include as exogenous variables in the ARIMA model. 
Then, for a given EP or CP index to be modelled, the considered ARIMA 
models with different values for the parameters p, d and q included the 
previously selected trend and seasonal components as exogenous 
variables.

Different versions of ARIMA models were considered by combining 
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different values for the parameters p, d and q and estimating them using 
the maximum likelihood method (function arima from R). As described 
in the documentation for this function, the maximum likelihood method 
can handle missing values in the time series, which is particularly useful 
in our case as we have some missing values in some of our analysed time 
series. Values for parameters p and q ranging from 0 to 5 were explored 
and for parameter d ranging from 0 (no differentiation of the original 
time series) to 1 (first-order differentiation of the original time series). 
These candidate models were compared based on the lowest second- 
order Akaike Information Criterion (AICc), as our time series were of 
short length (Burnham and Anderson, 2002), selecting the model among 
all candidates with a small AICc value accompanied by a good validation 
of the model assumptions and model properties (e.g., residuals should be 
uncorrelated, with expectation around 0, constant variance and nor
mally distributed). Therefore, for some geographical areas, we did not 
select the model with the smallest AICc value as its validation was not 
good, but a model with an AICc value close to the smallest and a good 
validation of the model properties based on its residuals. Although there 
are different methods for order selection in ARMA models, in this paper 
we adopt the approach described by Brockwell and Davis (2016)
[Chapter 5, Section 5.1.3]. The authors there showed that when p > 0 
and q> 0, i.e., under ARMA-like structures, the orders p and q in the 
empirical autocorrelation function (ACF) and partial autocorrelation 
function (PACF) are more difficult to identify, and therefore this 
approach is less valuable compared to cases where either p = 0 or q= 0. 
As an alternative, they suggested that in cases where p > 0 and q> 0, a 
likelihood-based goodness-of-fit measure such as the AICc for time series 
of small length should be used. It should also be noted that the monthly 
time series of both the EP and CP indices were not (weakly) stationary, 
as they showed trends and seasonal components in many of the 
geographical areas studied (see also Figures S1 and S2 in the Supple
mentary Material). In these cases, the evaluation of the empirical ACF 
and PACF for order selection is neither appropriate nor straightforward, 
as this practice is only valid when the time series are stationary. At this 
point, it is also important to highlight that, for a given geographical area, 
the comparison between ARIMA models with d= 0 and ARIMA models 
with d= 1 based on AICc is not an appropriate practice, since the like
lihoods on ARIMA models with d= 0 and d= 1 are not comparable -as 
the response variables are not the same- and the time series used are not 
of the same length (if we differentiate once, we lose one observation 
from the original time series). The comparison can be made within the 
ARIMA models considered with d= 0 and independently within the 
ARIMA models considered with d= 1, taking the best ones in terms of 
AICc with d= 0 and the best ones in terms of AICc with d= 1. After 
examining the properties of these models, such as their predictive ability 
and complexity, the behaviour of their residuals, the statistical signifi
cance of their parameter estimates and the size of the corresponding 
standard errors of the parameter estimates, etc., the final model selected 
is the one that offers the best compromise between all these properties. 
In our case here, we have studied these properties from the best ARIMA 
models based on AICc from the group with d= 0 and d= 1 and accord
ingly selected the best one.

ARIMA models can be used for short-term predictions. In our case 
here, this is especially interesting since the models proposed in the 
current work can be used as tools for the early detection of potentially 
abnormal peaks in the EP and CP indices, anticipating an unexpected 
change in the temporal dynamics of such indices, and thus providing 
information on changes in the incidence of diseases related to EP- and 
CP-like lung lesions in pigs. In the current work, we have considered a 1- 
step ahead dynamic prediction procedure for the time series of the EP 
and CP indices for Spain and Catalonia for the period 2020 and 2021. 
Consider the time series Yt for t = 1,…,T modelled following an ARIMA 
structure such as the one described in Eqs. (1) and (2). We want to 
predict the expected value for the time series at time T + 1, i.e., ŶT+1 
(point prediction) based on the estimated ARIMA model, which was 

estimated with the training time series observed from time for t = 1 to 
time for t = T. For example, for a zero-mean stationary AR(1) process, 
the point prediction of the time series at time T+1 (1-step ahead pre
diction) can be computed as ŶT+1 = φ̂YT. In addition, we want to pro
vide this point prediction together with prediction intervals as a 
measure of error prediction. For more details on the 1-step ahead pre
diction in MA(q) and ARMA(p,q) processes, as well as the construction 
of prediction intervals, see Section 3.3 of Chapter 3 of Brockwell and 
Davis (2016). Once we have the 1-step ahead prediction and the asso
ciated prediction intervals for time T + 1, we compare the observed 
value of the time series at time T+1 to the 1-step ahead prediction and 
evaluate whether the observed value of the time series lies inside the 
corresponding prediction intervals. If so, the observation a time T+1 is 
considered normal under the estimated model; otherwise, the observa
tion is considered potentially abnormal and replaced by the predicted 
value. After that, the observed values at time T+1 is included in the 
training time series and the estimated ARIMA model (keeping the same 
structure) is re-estimated with the time series from time t = 1 to time t =

T + 1, and 1-step ahead point prediction and prediction intervals are 
computed for the next observation of the time series. Again, once the 
new prediction and prediction intervals are computed, the observation 
of the corresponding time is compared to the corresponding prediction 
and the observed value is evaluated if it is potentially abnormal or not. 
This process is recursively computed for a given period of time, and at 
each prediction and prediction intervals step the observed value of the 
time series is compared to the corresponding prediction and it is 
investigated whether this observation is abnormal or not based on the 
estimated ARIMA model.

3. Results

3.1. Period 2016–2019: construction of the time series models

The analysis was conducted on a monthly aggregated basis for all 
evaluated batches at different Spanish geographical locations between 
2016 and 2019. In particular, we averaged the recorded EP and CP 
indices by month and by geographical area in order to construct the 
monthly time series of the EP and CP indices that were later used to 
construct the ARIMA models. These geographical locations included the 
whole country as well as the following sub-regions of Spain: Catalonia, 
Aragon, Galicia, Norte (including Castilla y León, País Vasco, La Rioja, 
Navarra and Cantabria), Centro (including Madrid, Castilla-La Mancha 
and Extremadura), Levante (Comunitat Valenciana and Murcia) and Sur 
(Andalucía).

A total of 3947 audits obtained from a total of 474 farms associated 
with 302 different companies in Spain between 2016 and 2019 were 
included on an aggregated basis (Table S1). Of these, a total of 1140 
audits (29.0 %) from 201 farms (42.4 %) belonging to 102 different 
companies (33.8 %) and a total of 708 audits (18.0 %) from 110 farms 
(23.3 %) associated with 41 different companies (13.6 %) were from 
Catalonia and Aragon, the most important Spanish regions in terms of 
swine production. A total of 604,469 individual lungs from the 3947 
audits were evaluated. In addition, the number of pigs evaluated in each 
audit ranged from 14 to 501, with a mean (standard deviation, SD) of 
153.2 (56.1). However, in Catalonia and Aragon, the number of evalu
ated pigs in each batch ranged from 20 to 406 and 18–465, respectively, 
with a mean (SD) of 149.5 (45.6) in Catalonia and 164.4 (49.0) in 
Aragon.

A total of 25.38 % of the pig lungs examined in this study had EP-like 
lung lesions and 29.97 % had CP-like lesions. Between 2016 and 2019, 
the mean (SD) EP index among all evaluated batches at the country level 
was 1.70 (1.58), and the mean (SD) of the monthly time series of EP 
indices in Spain was 1.93 (0.90). The mean EP index of all evaluated 
batches ranged from 1.6 in the northeast and east of Spain (Levante 
[1.64]; Catalonia [1.64] and Aragon [1.64]) to 1.86 in the Norte (1.86) 

A. Fernández-Fontelo et al.                                                                                                                                                                                                                   Preventive Veterinary Medicine 239 (2025) 106525 

4 



and Centro (1.86) regions (Table S2). The maximum EP index recorded 
during this study period among all evaluated batches was 10.66 
(December 2016) at the Spanish level, while in Catalonia and Aragon it 
reached 9.34 (December 2016) and 8.36 (August 2016), respectively. By 
averaging the EP indices by month, the resulting time series for Spain, 
Catalonia and Aragon (and the rest of the geographical areas) became 
more reliable and no dramatic abnormal peaks were observed, except 
for the time series of the EP index in Aragon in April 2016, which was 
eventually eliminated. In contrast, the mean (SD) CP index among all 
evaluated batches recorded between 2016 and 2019 was 0.51 (0.43) in 
Spain and 0.42 (0.37) and 0.43 (0.39) in Catalonia and Aragon, 
respectively. By region, we observed a mean (SD) CP index among all 
evaluated batches ranging from 0.29 (0.29) to 0.83 (0.48) in Sur and 
Galicia, respectively (Table S3). Finally, the maximum CP index among 
all evaluated batches recorded during the study period was 2.54 
(December 2019) in Spain and 2.52 (May 2018) and 2.54 (December 
2019) in Catalonia and Aragon, respectively (Table S3). As for the 
monthly time series of the EP indices, the monthly time series of the CP 
indices become more reliable and only one abnormal peak was detected 
for the monthly time series of the CP indices in Catalonia in May 2016, 
which was also eliminated. For a more detailed description of the evo
lution of the time series of the EP and CP indices in Spain and its sub- 
regions, see Figures S1 and S2 in the Supplementary Material.

The estimated ARIMA models for the time series of the EP and CP 
indices averaged by month between 2016 and 2019 at the country and 
region levels are shown in Tables 2 and 3. These tables also provides the 
point estimates and associated standard errors for all estimated pa
rameters of the selected ARIMA models for each analysed sub-region of 
Spain. As described in Section 2.3, to incorporate a linear trend and 
seasonal components into the ARIMA models, we first fitted a classical 

linear model, regressing the corresponding EP or CP index on covariates, 
including a linear trend and seasonal components with periods of 3, 4, 
and 12 months. We then selected the components that were statistically 
significant at the 10 % significance level for inclusion in the ARIMA 
model. Finally, to determine the values of the ARIMA parameters p, d, 
and q, we chose the model with a small AICc value while ensuring a good 
validation of model assumptions and properties.

We will focus here on a detailed description of the models for Spain 
and Catalonia and Aragon, which are the most important Spanish sub- 
regions in terms of production (MAPA, 2022). For additional details 
on the estimated models for the other regions, see Tables 2 and 3 and the 
Supplementary Material. In addition, for the validation of the selected 
models, see Figures S4, S5, S6 and S7 in the Supplementary Material. In 
general, the empirical ACF and the empirical PACF of the residuals of the 
selected time series models show a behaviour compatible with white 
noise (see Figures S4 and S5), and the distribution of these residuals does 
not deviate significantly from the normality assumption, as they all pass 
the Shapiro-Wilk normality test at a 1 % significance level (see 
Figures S6 and S7).

First, for the time series of the EP index, there was a clear decreasing 
trend in the period of study in almost all studied sub-regions of Spain, 
and we identified in almost all these sub-regions that the temporal dis
tribution of the EP index was autocorrelated. In more detail, at the 
Spanish level, we can write the estimated equation of the ARIMA model 
as follows: 

ŶS,t = − 0.088t − 0.048sin
(

2πt
12

)

+0.355cos
(

2πt
12

)

+ ẐS,t,

where the process YS,t is the observation of the EP index at time t in 

Table 2 
Estimated ARIMA models for the EP index in Spain and different Spanish sub-regions.

Index Geographical 
area

Linear trend β̂1 (
σ̂β̂1

)
Seasonal components Estimated ARIMA (p,d,q) parameters

12-period β̂2 
(

σ̂β̂2

)
β̂3 

(
σ̂β̂3

)
4-period β̂4 
(

σ̂β̂4

)
β̂5 

(
σ̂β̂5

)
3-period β̂6 
(

σ̂β̂6

)
β̂7 

(
σ̂β̂7

)

EP Spain − 0.088 (0.049) − 0.048 (0.063) 
0.355 (0.065)

​ ​ ARIMA 
(2,1,2)

φ̂1 (σ̂ φ̂1 ) 0.939 (0.143)
φ̂2 (σ̂ φ̂2 ) − 0.496 (0.182)
ϑ̂1(σ̂ ϑ̂1

) − 1.570 (0.095)

ϑ̂2(σ̂ ϑ̂2
) 1.000 (0.099)

Aragon − 0.028 (0.003) − 0.451 (0.099) 
0.007 (0.099)

​ ​ ​ μ̂
(

σ̂ μ̂
)

2.315 (0.065)
ARIMA 
(1,0,1)

φ̂1 (σ̂ φ̂1 ) 0.648 (0.134)

​ ϑ̂1(σ̂ ϑ̂1
) − 1.000 (0.093)

Catalonia − 0.064 (0.038) ​ ​ ​ ARIMA 
(1,1,2)

φ̂1 (σ̂ φ̂1 ) − 0.709 (0.126)
ϑ̂1(σ̂ ϑ̂1

) 0.413 (0.193)

ϑ̂2(σ̂ ϑ̂2
) − 0.587 (0.150)

Centro ​ ARIMA 
(3,0,2)

μ̂
(

σ̂ μ̂
)

2.189 (0.325)
φ̂1 (σ̂ φ̂1 ) 0.744 (0.166)
φ̂2 (σ̂ φ̂2 ) − 1.071 (0.073)
φ̂3 (σ̂ φ̂3 ) 0.383 (0.148)
ϑ̂1(σ̂ ϑ̂1

) − 0.565 (0.122)

ϑ̂2(σ̂ ϑ̂2
) 1.000 (0.117)

Galicia ​ ARIMA 
(3,0,1)

μ̂
(

σ̂ μ̂
)

1.261 (0.073)
φ̂1 (σ̂ φ̂1 ) 0.708 (0.191)
φ̂2 (σ̂ φ̂2 ) 0.207 (0.266)
φ̂3 (σ̂ φ̂3 ) − 0.503 (0.198)
ϑ̂1(σ̂ ϑ̂1

) − 1.000 (0.182)

Levante − 0.026 (0.015) ​ ARIMA 
(1,0,0)

μ̂
(

σ̂ μ̂
)

2.610 (0.437)
φ̂1 (σ̂ φ̂1 ) 0.336 (0.167)

Norte − 0.021 (0.008) 0.308 (0.138) 
0.296 (0.136)

​ ​ ARIMA 
(0,0,0)

μ̂
(

σ̂ μ̂
)

2.153 (0.223)

Sur ​ ​ ​ ARIMA 
(2,1,2)

φ̂1 (σ̂ φ̂1 ) − 1.198 (0.037)
φ̂2 (σ̂ φ̂2 ) − 1.198 (0.037)
ϑ̂1(σ̂ ϑ̂1

) 1.246 (0.192)

ϑ̂2(σ̂ ϑ̂2
) 0.994 (0.222)
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Spain and the process XS,t was once differentiated, resulting in the 
process ZS,t = (1 − L)XS,t = XS,t − XS,t− 1 with L as the lag operator. The 
differentiated process ZS,t is estimated with the following equation: 

ẐS,t = 0.939ZS,t− 1 − 0.496ZS,t− 2 + εS,t − 1.570εS,t− 1 + 1.000εS,t− 2,

which corresponds to the equation of a stationary ARMA process with p 
= 2 and q = 2, i.e., ARMA (2,2). Figure S8 in the Supplementary Ma
terial shows how the estimated linear trend and the annual seasonality 
for the EP index in Spain behave over the period of study. This figure 
clearly shows a decreasing linear trend, but it also shows an annual 
periodic behaviour with an increase in the mean EP index over in fall- 
winter and a decrease in the mean EP index over in spring-summer, 
approximately.

Focusing on Aragon and Catalonia, as these are the two most 
important geographical areas in Spain in terms of swine production, we 
still observed a decreasing linear trend as well as a 12-period seasonal 
component (Aragon) of the monthly time series of the EP index between 
2016 and 2019. As for the EP index in Spain, Figure S8 in the Supple
mentary Material again shows how the estimated linear trend and the 
annual seasonality for the EP index in Aragon over the study period 
behave similarly to the EP index in Spain. The monthly time series of the 
EP index in Aragon also showed an autocorrelation structure, as in the 
case of the time series of the EP index in Spain. Finally, the time series of 
the EP index in Catalonia also showed a decreasing linear trend and an 
autocorrelation structure. For more details on the models for these time 
series in Spain and in each of the geographical areas analysed, see 

Table 2. In addition, for the validation of the models, refer to Figures S4 
and S6 of the Supplementary Material.

On the other hand, the monthly time series of the CP index generally 
showed an increasing trend over the period of study, and particularly at 
the country level, this index slightly linearly increased between 2016 
and 2019. After taking this trend component into account, the remaining 
process showed an autocorrelated structure over time, and more pre
cisely, we modelled such a process with an AR(2) structure. More 
particularly, consider the process Yʹ

S,t as the CP index at time t in Spain, 

which was modelled as follows: Ŷ
ʹ
S,t = 0.004t+Ẑ

ʹ
S,t, where Zʹ

S,t is 
modelled with the following stationary AR(2) process: 

Ẑ
ʹ
S,t = 0.352+0.212Zʹ

S,t− 1 +0.273Zʹ
S,t− 2 +uS,t. That is, the time series of 

the CP index in Spain increased slightly from 2016 to 2019, and after 
considering this trend component, the process at time t was linearly 
associated with itself at times t − 1 and t − 2, i.e., the observed CP index 
in a given month over the period of study is partially explained by what 
happened to such an index in the immediately preceding two months. In 
addition, while the time series of the CP index for Aragon still showed an 
increasing linear trend, in line with what was observed for the time 
series of the CP index for Spain, this trend was not observed for Cata
lonia. However, the time series of the CP index showed a clear second 
and third order autocorrelation structure for Aragon and Catalonia 
respectively. For the remaining sub-regions of Spain, Table 3 also pro
vides detailed information on each selected model for the time series of 
the CP index and Figures S5 and S7 in the Supplementary Material show 

Table 3 
Estimated ARIMA models for the CP index in Spain and different Spanish sub-regions.

Index Geographical area Linear trend 
β̂1 

(
σ̂β̂1

)
Seasonal components Estimated ARIMA (p,d,q) 

parameters
12-period 
β̂2 

(
σ̂β̂2

)
β̂3 

(
σ̂β̂3

)
4-period 
β̂4 

(
σ̂β̂4

)
β̂5 

(
σ̂β̂5

)
3-period 
β̂6 

(
σ̂β̂6

)
β̂7 

(
σ̂β̂7

)

CP Spain 0.004 (0.002) ​ ​ ARIMA (2,0,0) μ̂
(

σ̂ μ̂
)

0.352 (0.060)
​ φ̂1 (σ̂ φ̂1 ) 0.212 (0.152)
​ ​ φ̂2 (σ̂ φ̂2 ) 0.273 (0.162)

Aragon 0.007 (0.001) ​ ARIMA (2,0,3) μ̂
(

σ̂ μ̂
)

0.246 (0.014)
φ̂1 (σ̂ φ̂1 ) − 0.550 (0.154)
φ̂2 (σ̂ φ̂2 ) 0.329 (0.165)
ϑ̂1(σ̂ ϑ̂1

) 0.814 (0.160)

ϑ̂2(σ̂ ϑ̂2
) − 0.814 (0.129)

ϑ̂3(σ̂ ϑ̂3
) − 0.999 (0.170)

Catalonia ​ ​ ARIMA (3,0,1) μ̂
(

σ̂ μ̂
)

0.425 (0.010)
φ̂1 (σ̂ φ̂1 ) 1.157 (0.139)
φ̂2 (σ̂ φ̂2 ) 0.218 (0.244)
φ̂3 (σ̂ φ̂3 ) − 0.471 (0.149)
ϑ̂1(σ̂ ϑ̂1

) − 1.000 (0.075)

Centro ​ ​ − 0.137 (0.047) 
− 0.010 (0.048)

ARIMA (0,0,1) μ̂
(

σ̂ μ̂
)

0.515 (0.051)

ϑ̂1(σ̂ ϑ̂1
) 0.363 (0.128)

Galicia 0.014 (0.007) 0.020 (0.077) 
0.154 (0.074)

​ ARIMA (4,0,2) μ̂
(

σ̂ μ̂
)

0.057 (0.207)
φ̂1 (σ̂ φ̂1 ) − 0.931 (0.339)
φ̂2 (σ̂ φ̂2 ) − 0.608 (0.323)
φ̂3 (σ̂ φ̂3 ) 0.102 (0.347)
φ̂4 (σ̂ φ̂4 ) 0.111 (0.372)
ϑ̂1(σ̂ ϑ̂1

) 1.440 (0.392)

ϑ̂2(σ̂ ϑ̂2
) 1.000 (0.431)

Levante 0.005 (0.001) 0.089 (0.017) 
− 0.085 (0.018)

0.019 (0.014) 
− 0.054 (0.016)

ARIMA (4,0,2) μ̂
(

σ̂ μ̂
)

0.253 (0.011)
φ̂1 (σ̂ φ̂1 ) 0.588 (0.190)
φ̂2 (σ̂ φ̂2 ) 0.674 (0.407)
φ̂3 (σ̂ φ̂3 ) 0.105 (0.185)
φ̂4 (σ̂ φ̂4 ) − 0.702 (0.154)
ϑ̂1(σ̂ ϑ̂1

) − 1.556 (0.367)

ϑ̂2(σ̂ ϑ̂2
) 0.556 (0.324)

Norte 0.003 (0.002) 0.093 (0.033) 
0.022 (0.033)

0.027 (0.033) 
− 0.086 (0.032)

ARIMA (0,0,0) μ̂
(

σ̂ μ̂
)

0.419 (0.053)

Sur 0.011 (0.032) 
− 0.098 (0.032)

​ 0.064 (0.031) 
0.020 (0.033)

ARIMA (0,0,0) μ̂
(

σ̂ μ̂
)

0.266 (0.023)

A. Fernández-Fontelo et al.                                                                                                                                                                                                                   Preventive Veterinary Medicine 239 (2025) 106525 

6 



the results of the validation of these models.
Looking at Tables 2 and 3, it is easy to see that there were common 

characteristics in the estimated models for the time series of the EP and 
CP indices in most of the geographical areas. For example, for the time 
series of the EP index, in general, a linear decreasing trend was observed 
over the period studied in almost all the geographical areas of Spain 
(except for Centro, Galicia and Sur), and for some of these areas (Spain, 
Aragon and Norte) an annual seasonal component is also detected. 
Regarding the autocorrelation structure of the time series of the EP index 
for each geographical area, it is generally observed that these time series 
very often show a second or even third order autocorrelation structure, 
accompanied by a complex structure for the random error process (i.e., 
the error process itself is correlated with a generally first and second 
order temporal dependence). On the other hand, the time series of the 
CP index shows a generally increasing linear trend over the period of 
study in most of the geographical areas studied (except for Catalonia, 
Centro and Sur), together with an annual seasonal component (except 
for Spain, Aragon, Catalonia and Centro). Four- and three-period sea
sonal components are also observed in the time series of the CP index for 
some geographical areas, but these are not very frequent. Finally, the 
time series of the CP index generally shows a second order autocorre
lation structure, as well as an autocorrelation structure for the random 
error process.

Some of the differences in the model structures between the different 
geographical areas when modelling either the time series of the EP index 
or the CP index can be linked to the differences in management and 
logistics in each of these areas, as well as to differences in climate traits, 
as there are areas with a typical Mediterranean climate, while others 
have a more typical continental climate.

3.2. Period 2020–2021: dynamic predictions with estimated time series 
models

After modelling both the time series of the EP and CP indices at the 
Spanish level and in different sub-regions of Spain to describe their 
temporal behaviour and understand their evolution in terms of trends, 
seasonal components, and autocorrelation structures during the study 
period, we used the selected time series models (Tables 2 and 3) to 
evaluate their predictive capability. We also wanted the models to be 
used as alarm tools for the early detection of potentially abnormal 
changes in the evolution of the studied indices over time. Our focus was 
primarily on Spain and Catalonia, mainly because these are the most 
reliable time series. While Catalonia is one of the most important 
Spanish regions in terms of pig production, Spain aggregates informa
tion of EP-like and CP-like lesions from different subregions of the 
country, giving a picture of the situation of EP and CP related pathol
ogies at the country level.

Following the description of the prediction procedure conducted in 
the current work (see Section 2.3), to obtain monthly dynamic pre
dictions, the estimated ARIMA models for Spain and Catalonia for both 
the time series of the EP and CP indices was used. We forecasted the 
expected EP and CP indices for Spain and Catalonia for January 2020. 
These point predictions were accompanied by their corresponding 90 % 
prediction intervals. More precisely, Table S4 shows that the predicted 
EP index value and the associated 90 % prediction intervals for Spain 
and Catalonia for January 2020 were 1.434 (0.699, 2.168) and 1.189 
(0.319, 2.058), respectively, while the predicted CP index value and 
their 90 % prediction intervals for Spain and Catalonia for January 2020 
were 0.482 (0.300, 0.664) and 0.369 (0.152, 0.585), respectively. When 
data from both Spain and Catalonia were available for January 2020, the 
observed EP and CP indices were compared to the estimated values and 
evaluated whether the observed indices fell within the corresponding 
90 % prediction intervals. It was considered a normal value if the 
observed index fell within the respective 90 % prediction intervals. 
Otherwise, it was considered an abnormal observation and reported as 
such. In the example above, while we observed in January 2020 a value 

for the EP index of 1.199 for Spain and a value of 1.434 for Catalonia, for 
the CP index we observed in January 2020 values of 0.525 and 0.573 for 
Spain and Catalonia, respectively. In all the cases before, except for the 
CP value for Catalonia, the observed values are within the corresponding 
90 % prediction intervals.

After this first prediction for the EP and CP indices for January 2020, 
for the EP index in Spain, the selected ARIMA (2,1,2) was re-estimated 
but over the monthly observations from January 2016 to January 
2020, i.e., the observation corresponding to January 2020 is incorpo
rated in the training time series. Similarly, we used the data from the 
same period to re-estimate the selected ARIMA (2,0,0) for the CP index 
in Spain. Related to Catalonia, we re-estimated the selected ARIMA 
(1,1,2) for the EP index and the selected ARIMA (3,0,1) for the CP index 
using the data collected between January 2016 and January 2020. The 
re-estimated models for both the EP and CP indices for Spain and Cat
alonia were used to predict again the expected values of such indices for 
February 2020 as well as the associated 90 % prediction intervals, as 
previously described.

Once the information on the observed EP and CP indices for February 
2020 was available, these observed values were compared to the pre
dicted ones and were classified as normal or abnormal values with 
respect to the 90 % prediction intervals constructed over the re- 
estimated ARIMA models. This process was repeated until September 
2021. Predicted values (green) and the associated 90 % prediction in
tervals (red) for EP and CP indices in Spain and Catalonia from January 
2020 to September 2021 are shown in Fig. 1. It also depicts the evolution 
of the observed EP and CP indices from January 2016 to September 
2021, showing whether the observed values between January 2020 and 
September 2021 fall within the estimated 90 % prediction intervals 
(Fig. 1). Additionally, the observed values from January 2020 to 
September 2021 for both the EP and CP indices, respectively, as well as 
the predicted values and the respective 90 % prediction intervals, are 
detailed in Tables S4 and S5 in the Supplementary Material. Note here 
that we have considered 90 % prediction intervals rather than 95 % 
prediction intervals, as our time series lengths are not particularly long, 
and the precision of the predictions is not as ideal. For prediction 
methods in ARMA models, please see Brockwell and Davis (2016).

4. Discussion

In this study, we described the prevalence and dynamics of EP- and 
CP-like lesions at slaughterhouses in different Spanish regions between 
2016 and 2019, as well as a system to predict the prevalence of such lung 
lesions in pigs at slaughter age in 2020 and 2021.

The presence of EP- and CP-like lung lesions are typically associated 
with Mhyo and App infections, respectively (Arruda et al., 2024). High 
prevalence of these lung lesions has been reported worldwide, except for 
Switzerland, Finland and Norway, where eradication programmes were 
performed (Maes et al., 2023). Specifically, previous studies carried out 
in Spain reported that the percentages of pigs showing infections related 
to EP ranged from 31 % to 56 % and those related to CP ranged from 
19 % to 37 % (Fraile et al., 2010; Pallarés et al., 2021). This study 
indicated lower prevalence for EP-like lung lesions (25.38 %) in Spain 
over the years, while lesions related to CP (29.97 %) seems to be within 
the range. Thus, these results confirm that these lesions are still wide
spread in Spanish herds. Interestingly, a statistically significant 
decreasing trend in the monthly time series of the EP index was observed 
in both Spain and Catalonia from 2016 to 2019 (Fig. 1). This significant 
decrease could be associated with the implementation of different 
measures within their control programs, such as improvements in 
management and biosecurity practices and/or differences in the vac
cines used against Mhyo.

Vaccination is the most used management practice to control Mhyo 
infections (Maes et al., 2023). In this study, the EP index observed in 
Spain at time t was inversely linearly related to the proportion of batches 
vaccinated with Hyogen® at time t − 1, with a statistically significant 
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difference of 5 % (Figure S3). Thus, an increase in the proportion of 
vaccinated batches seemed to impact the immediate future evolution of 
the EP index at slaughterhouses and the prevalence of infections related 
to Mhyo.

In contrast, our results showed that the prevalence of lesions related 
to CP increased during the same study period, especially at the national 
level. This finding could be related to different factors previously re
ported in different studies. First, the intensification and type of pig 
production and the decrease in the use of antibiotics may increase the 
occurrence of lesions related to CP at the slaughterhouse (Enøe et al., 
2002; Maes et al., 2023). Moreover, management practice of increasing 
the fattening time of pigs to reach the slaughter weight could also 
contribute to increase the risk of pleuritis (Hartley et al., 1988; Jir
awattanapong et al., 2010). Additionally, the presence of diverse sero
types of App with different virulence and/or seroconversion to other 
primary pathogens (e.g., porcine reproductive and respiratory syndrome 
virus and swine influenza virus) has also been identified as a risk factor 
for pleuritis occurrence (Dottori et al., 2007; Fraile et al., 2010; Merialdi 
et al., 2012). These findings, together with the fact that infections 
related to CP are among the main causes of condemnation of carcasses in 
slaughterhouses (De Conti et al., 2021; Szeredi et al., 2015), highlight 
the importance of lung lesion assessment at slaughterhouses as part of 
control monitoring programs. Finally, CVPC and pleurisy lesions are not 
pathognomonic to Mhyo and App infections, respectively. In fact, 

pleuritis is recognized as a multifactorial lesion associated with Pas
teurella multocida type A, a secondary agent of EP caused by Mhyo 
infection (Park et al., 2016; Petri et al., 2023), and/or with other agents 
causing polyserositis such as Glaesserella parasuis or Mycoplasma hyorinis 
in case of weaned piglets Salogni et al., 2020). Therefore, an additional 
diagnostic analysis is required to confirm the pathogen(s) involved in 
both lung lesions.

Like many other respiratory diseases, environmental factors could 
play an important role in the transmission and severity of lung lesions 
(Fraile et al., 2010; Meyns et al., 2011; Merialdi et al., 2012). In this 
sense, a seasonal effect was observed for infections related to EP and CP 
in Catalonia and Aragon. Although most swine production is based on 
confinement systems, the impact of environmental conditions, such as 
temperature and humidity, in fattening units with natural ventilation 
could be especially significant since pigs are exposed to different 
external conditions depending on the season.

The time series models considered in this study were constructed 
based on data collected at different slaughterhouses in Spain during a 
period of 4 years, from 2016 to 2019. Although the coverage of the 
target swine population varied between regions, north-eastern Spain 
(Aragon and Catalonia) was the most represented since it covered more 
than half of the Spanish pig census (MAPA, 2022). One of the original 
parts of this study was the evaluation of the predictive performance of 
the estimated model at a quasi-real time with data from 2020 to 2021. 

Fig. 1. Evolution of the observed (blue), predicted (green) and 90 % prediction intervals (red) of the EP and CP indices from 2016 to 2021.
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The predictive values obtained for the EP and CP indices based on the 
estimated ARIMA models did not significantly differ from the observed 
values collected at the slaughterhouse and were within the corre
sponding 90 % prediction intervals. Therefore, these results showed that 
the ARIMA model constructed in this study has high performance in 
predicting EP- and CP-like lesions in pigs slaughtered at the national 
level and in the considered sub-regions of Spain.

The estimated time series models provide a strong starting point for 
future research on infection dynamics and outbreak forecasting. The 
prediction of lung lesion prevalence using this powerful tool can facili
tate the early detection of potential respiratory outbreaks on a farm by 
veterinarians. Likewise, the management practices focused to minimize 
the pathogen spread (i.e. pig density reduction, age of weaning) and/or 
the application of preventive strategies as vaccination against these 
pathogens could be implemented in advance, minimizing the impact of 
the disease/outbreak. Thus, this predictive approach using time series 
models can have a significant impact reducing economic losses associ
ated to respiratory diseases and outbreaks in swine industry. Notwith
standing, further investigations into the application of automatic image 
analysis methods for lesion evaluation as well as the artificial 
intelligence-based systems could be explored to enhance the predictive 
efficiency and accuracy of these models.

5. Conclusions

In conclusion, the study of the evolution of EP- and CP-like lesions at 
slaughterhouses using time series models is a useful tool to be routinely 
implemented as part of control programmes for Mhyo and App. First, the 
temporal evolution of infections associated with EP and CP in Spain was 
described, and second, the evolution of such infections over time was 
predicted. Likewise, the proposed models constructed in the current 
study could be used to early identify potential critical points such as 
respiratory outbreaks within herds and thus design appropriate inter
vention strategies to minimize their impact.
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Szeredi, L., Cságola, A., Dán, Á., Dencső, L., 2015. Vascular lesions and pneumonia in a 
pig fetus infected by porcine circovirus type 2. Acta Vet. Hung. 63 (2), 215–222. 
https://doi.org/10.1556/004.2015.019.

Ward, M.P., Iglesias, R.M., Brookes, V.J., 2020. Autoregressive Models Applied to Time- 
Series Data in Veterinary Science. Front. Vet. Sci. 7, 604. https://doi.org/10.3389/ 
fvets.2020.00604. PMID: 33094106; PMCID: PMC7527444. 

Yaeger, M.J., Alstine, W.G., 2019. Respiratory system. In: Zimmerman, J.J., Karriker, L. 
A., Ramirez, A., Schwartz, K.J., Stevenson, G.W., Zhang, J. (Eds.), Diseases of swine, 
eleventh edition. Wiley-Blackwell.

A. Fernández-Fontelo et al.                                                                                                                                                                                                                   Preventive Veterinary Medicine 239 (2025) 106525 

10 

http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref23
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref23
https://doi.org/10.1016/j.vetmic.2007.09.008
https://doi.org/10.1186/s13567-023-01136-2
https://doi.org/10.1186/s13567-023-01136-2
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref26
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref26
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref26
https://doi.org/10.1016/j.tvjl.2011.11.009
https://doi.org/10.1016/j.tvjl.2009.12.027
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref29
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref29
https://doi.org/10.1016/j.prevetmed.2017.04.006
https://doi.org/10.1080/00480169.2013.853278
https://doi.org/10.1080/00480169.2013.853278
https://doi.org/10.1111/j.1439-0442.2007.00920.x
https://doi.org/10.1186/s40813-021-00204-3
https://doi.org/10.1186/s12917-016-0650-7
https://doi.org/10.3390/ani11123604
https://doi.org/10.3390/ani11123604
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref36
https://doi.org/10.3390/ani13091493
https://doi.org/10.3390/ani13091493
https://doi.org/10.1177/1040638720928973
https://doi.org/10.1177/1040638720928973
https://doi.org/10.1007/978-3-319-52452-8
https://doi.org/10.1007/978-3-319-52452-8
https://doi.org/10.1016/j.tvjl.2008.02.020
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref41
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref41
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref41
https://doi.org/10.1556/004.2015.019
https://doi.org/10.3389/fvets.2020.00604
https://doi.org/10.3389/fvets.2020.00604
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref44
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref44
http://refhub.elsevier.com/S0167-5877(25)00110-2/sbref44

	Time series modelling of swine lung lesion prevalence to predict the temporal dynamics of Mycoplasma hyopneumoniae and Acti ...
	1 Introduction
	2 Materials and methods
	2.1 Scoring systems used for the evaluation of EP- and CP-like lesions: the ceva lung program (CLP)
	2.2 Population of study and data sources
	2.3 Data modelling and forecasting

	3 Results
	3.1 Period 2016–2019: construction of the time series models
	3.2 Period 2020–2021: dynamic predictions with estimated time series models

	4 Discussion
	5 Conclusions
	Funding
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgement
	Appendix A Supporting information
	Data availability
	References


