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Abstract

Background Respiratory disease is an economically important disease in the swine industry. Housing air quality con-
trol is crucial for maintaining the respiratory health of pigs. However, maintaining air quality is a limitation of current
housing systems. This study evaluated the growth and health parameters of pigs raised under different environmental
conditions and identified key environmental variables that determine respiratory health. Eighty (Largewhite x Lan-
drace) x Duroc crossed growing pigs (31.71+0.53 kg) were equally distributed into two identical climate-controlled
houses with distinct environmental conditions (CON=normal conditions and TRT =poor conditions). Two-sample
tests were performed to compare the means of the groups, and a random forest algorithm was used to identify

the importance scores of the environmental variables to respiratory health.

Results Pigs in the TRT group were significantly exposed to high temperatures (28.44 vs 22.78 °C, p <0.001), humidity
(88.27 vs 61.86%, p<0.001), CO, (2,739.93 vs 847.91 ppm, p<0.001), NH; (20.53 vs 8.18 ppm, p<0.001), and H,S (14.28
vs 6.70 ppm, p<0.001). Chronic exposure to these factors significantly reduced daily feed intake (1.82 vs 2.32 kg,
p=0.002), resulting in a significant reduction in average daily gain (0.72 vs 0.92 kg, p=0.026), increased oxidative stress
index (3.24 vs 1.43, p=0.001), reduced cortisol levels (2.23 vs 4.07 mmol/L, p=0.034), and deteriorated respiratory
health status (74.41 vs 97.55, p <0.001). Furthermore, a random forest model identified Min CO,, Min NH;, and Avg
CO, as the best predictors of respiratory health, and CO, was strongly correlated with NH; and H,S concentrations.
Conclusions These findings emphasize the critical importance of proper environmental management in pig farming
and suggest that regular monitoring and control of either CO, or NH;, facilitated by environmental sensors and inte-
gration into intelligent systems, can serve as an effective strategy for improving respiratory health management

in pigs.
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Background

The implementation of climate-controlled housing sys-
tems in pig production enhances the productivity of
farms by providing a better environment promoting bet-
ter health conditions, faster growth rates, and a better
feed conversion ratio in fattening pigs but also higher fer-
tility in breeder pigs than in pigs in naturally ventilated
housing systems [1-3]. However, despite advancements
in housing systems, seasonal variations in performance
are still observed in pigs [4, 5] and poultry [6, 7]. This
occurred because the variations in the environmental
conditions inside the house are influenced by the external
environment, primarily temperature [8, 9]. Therefore, the
environmental factors inside the house are not fully con-
trolled in the current housing system. A typical climate-
controlled house is equipped with a temperature-based
ventilation system that has a cooling system and a heat-
ing system, primarily to maintain the temperature inside
the house [10]. However, it has some limitations in con-
trolling humidity in hot humid seasons or climates [11]
and toxic gases during cold seasons in temperate climates
[8, 9, 12]. During the cold season, airflow is automatically
reduced to maintain the temperature inside the house.
However, with limited air exchange, pigs are at risk of
accumulating toxic gases such as carbon dioxide (CO,),
ammonia (NH;), and hydrogen sulfide (H,S) produced
through pigs’ respiration and urine and feces excretion
and from decomposing organic matter in the slurry pit
or bedding [13, 14]. These factors have adverse effects on
the biology of pigs.

Respiratory disease is one of the most economically
important diseases in pigs. It is caused by several patho-
genic bacteria and viruses and is induced by elevated lev-
els of certain environmental factors [15]. NH; and H,S
are the most health-threatening gases in pig farms to
both humans and pigs [16, 17]. High levels of NH; can
irritate the respiratory tract, resulting in increased res-
piratory health symptoms such as coughing and sneezing
[18, 19], and chronic exposure even at 15 ppm in growing
pigs can induce oxidative stress and immune system sup-
pression and alter the nasal bacterial population, favoring
pathogenic bacterial growth and leading to respiratory
infection [20]. On the other hand, H,S is a highly toxic
gas second only to cyanide, which has respiratory and
nervous system toxicological effects [21, 22]. Chronic
exposures below 10 ppm or as low as 0.03 ppm have been
reported to be associated with nasal, ocular, respiratory,
and neurological effects in humans [21], and the same
conditions were observed in pigs at low concentrations
[23]. Although CO, is the least toxic among the three
gases, its concentration is strongly associated with the
NH; and H,S concentrations [17]. Therefore, the control
of either one of the gases can potentially control other
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gases to a minimum. In addition to ventilation, several
approaches, such as diet manipulation to limit nitrogen
and sulfur excretion [24-26], the use of feed additives to
inhibit the production or to bind toxic gases to inhibit
volatilization [27, 28], slurry treatment, such as acidi-
fication to reduce bacterial activity [29], and frequent
removal of slurry or bedding [30], are used to manage
these toxic gas concentrations inside the house. The com-
bination of these is the best approach, but the cost of the
operation must be considered.

Toxic gas concentrations can be controlled to mini-
mum levels through the integration of gas sensors into
ventilation systems or into automatic slurry or litter man-
agement systems. With this system, the concentrations of
toxic gases are automatically controlled, enabling better
health management for both pigs and humans. However,
adding several parameters to the system adds complex-
ity to the feedback control system of the ventilation sys-
tem. Nevertheless, advancements in computer science
can manage these complexities by providing advanced
and robust algorithms. Alternatively, a simple but robust
system is possible by integrating only the key environ-
mental factors significant to pigs’ health. Fortunately,
continuous detection and monitoring of the respira-
tory health conditions of pigs is possible with the help
of artificial intelligence (AI) with high accuracy [15]. The
availability of AI technology and environmental sensors
provides detailed information on the animals and their
environment. Furthermore, subtle relationships between
environmental factors and animal conditions can be fur-
ther understood via machine learning techniques. In this
study, the growth performance and health parameters of
growing pigs raised under different environmental condi-
tions were evaluated, and a machine learning algorithm
was used to identify key environmental variables that
determine respiratory health.

Materials and methods

2.1 Experimental design

A total of 80 healthy growing (LargewhitexLan-
drace) xDuroc crossed pigs with similar weights
(31.71+£0.53 kg) were selected for this study. Two iden-
tical climate-controlled houses at the Sunchon National
University swine experimental farm were used. The
houses were divided into four pens (2.35%2.90 m) with
fully slatted plastic floors and equipped with a heating
and cooling system (BUW1450M9S, LG Electronics,
South Korea) and three mechanical exhaust fans (EURO-
5008, Euro Housing Co., Ltd., South Korea) automatically
controlled by a temperature-based ventilation system
(Euro Housing Co., Ltd., South Korea). Ten pigs with
similar weights were equally distributed in each pen. One
house was used for the control (CON) group, where the



Lagua et al. Porcine Health Management (2024) 10:59

ventilation system was set up to maintain environmen-
tal conditions ideal for growing pigs. The second house
was used for the treatment (TRT) group. In this house,
poor environmental conditions were simulated by set-
ting the fans’ speed to no more than 50% of their capacity
to achieve an atmospheric NH; level of at least 20 ppm.
However, the desired NHj; level was not achieved at the
start of the growing period. Slurry manure was added
1 week before the commencement of the study, and
the slurry was maintained until the end of the growing
period in the treatment facility. The pigs were grown for
21 days during the winter season from the 8th to the 29th
of December 2023.

The stocking density was 0.60 m?/head, excluding feed-
ing and water systems and other equipment. An auto-
matic wet—dry feeder (LFS-120, IONTECH Co., Ltd,,
South Korea) and a water trough were installed per pen,
and the feeders were refilled every afternoon. The pigs
had ad libitum access to feed and water, and the houses
were illuminated artificially 24 h a day throughout the
21-day growing period. No medication was used dur-
ing the study period. This study received approval from
the institutional review board and ethics committee
of Sunchon National University, South Korea (SCNU
IACUC-2023-19).

Page 3 of 13

2.2 Environmental conditions

An environment monitoring system (Farm Note, Nare
Trends Inc., South Korea) was used for automatic detec-
tion and monitoring of environmental parameters such as
temperature, relative humidity, CO,, NH,, and H,S (Fig. 1a
and b). The electronic sensors were installed by the manu-
facturer in the middle of the house 2 m from the floor. The
environmental data were logged at 5-min intervals and
stored and retrieved from the server.

Growth performance parameters

The individual body weights of the pigs were measured in
the morning at a consistent time each week. The remain-
ing feeds were manually collected from the feeder bins
and weighed, and fresh feeds were provided after body
weight data collection. The feed intake is the difference
between the total amount of feed given and the remaining
feed amount. Body weight gain (BWQ@), average daily gain
(ADG), and the feed conversion ratio (FCR) were calcu-
lated using the equations below.

BWG (kg) =Final Body Weight (kg)
— Initial Body Weight (kg)

a

Ventilation system__,,

sensors
control

<+— Window

-

Fig. 1 Environmental and animal sensors: a lllustration of the experimental house, showing the locations of the environmental and animal sensors;
b the carbon dioxide, ammonia, hydrogen sulfide, humidity, and temperature sensors, labeled 1-5, respectively; and ¢) SoundTalk (SoundTalks NV,

Leuven, Belgium) display (left) and monitor (right)

*+— 0, sensor
~ NH,; & H,S sensors
3 4= SoundTalk monitor

<«— Exhaust fan
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Body Weigh J
ADG (kg /day) = 0 yA eig t.Gam(kg)
Growing Period (days)
FCR = Feed Intake (kg)
Body Weight Gain(kg)

Blood biochemical parameters

On the last day of the growing period, 3 pigs from each
replicate or 12 pigs per group were randomly selected to
determine the blood NHj, blood urea nitrogen (BUN),
lactate dehydrogenase (LDH), aspartate aminotransferase
(AST), total oxidant status (TOS), total antioxidant sta-
tus (TAS), oxidative stress index (OSI), and cortisol lev-
els. The OSI is the ratio of TOS to TAS multiplied by 100
[31]. The pigs were snared, and blood samples were col-
lected from the cervical vein via a disposable syringe. At
least 5 ml of blood was collected and transferred into a
serum separator vacuum tube (SSTTM II Advance BD
Vacutainer, Becton and Dickinson and Company, United
Kingdom). The blood samples were kept in a Styrofoam
box with ice and immediately sent to the laboratory for
centrifugation at 3000 rpm for 15 min. Serum samples
were collected, placed in microcentrifuge tubes, and then
stored at —24 °C until analysis. The serum samples were
sent to an external laboratory for analysis.

Respiratory health

The respiratory health status of each herd was automati-
cally evaluated using an artificial intelligence (Sound-
Talks NV, Leuven, Belgium), which is composed of two
devices, a monitor and a gateway (Fig. 1c). The moni-
tor is the sensory device of SoundTalks. It has tempera-
ture, humidity, and sound sensors (only the sound data
from this device were used for the analysis). It can col-
lect sounds within a 10-m radius inside a house. All the
data collected are sent wirelessly to the gateway. The
gateway receives all the data collected from one or more
monitors within a 30-m radius. It has an LAN connec-
tion, and it sends the data to the SoundTalks cloud where
data processing occurs [15]. One SoundTalk gateway
was installed between the two houses, and one monitor
was installed in the middle of each house following the
manufacturer’s guidelines. Coughing sounds are detected
and quantified from the collected sound data and trans-
formed into a metric (0—100) on the basis of a proprietary
algorithm that represents the respiratory health status
(ReHS) score of the herd. A high ReHS score indicates a
high respiratory health status. According to the manu-
facturer’s manual, a yellow warning is notified once the
ReHS score falls below 60 to 40, which indicates potential
respiratory problems. A ReHS under 40 is a red warning
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that indicates a high risk of respiratory problems. All the
collected data were stored and accessed online (https://
www.soundtalksweb.com).

Data preprocessing

The environmental data were preprocessed prior to fur-
ther analysis. There was no missing data; however, out-
liers were identified. The outliers were identified via Z
score statistics, with values exceeding + 3 standard devia-
tions considered extreme. To address these outliers, a
percentile-based approach was employed. Specifically,
extremely high values, defined as those with Z scores
greater than 3, were replaced with the 99th percentile
value, whereas extremely low values (Z scores less than
—3) were substituted with the 1st percentile value. This
method ensures that outlier values are replaced with rep-
resentative values derived from the data distribution.

_ X -
a o

V4

Here, Z is the calculated Z score of the data point; X is
the data point; 4 is the mean of the variable; and o is the
standard deviation of the variable.

Model training and variable importance

Five internal house environmental parameters relevant
to pig health, such as temperature, humidity, CO,, NH,,
and H,S, were collected. Pigs were exposed to fluctuating
levels of these environmental parameters throughout the
day and the growing period. While conventional prac-
tice often relies on assessing pig conditions on the basis
solely of average parameter values, this study adopts a
more comprehensive approach. In this investigation, the
significance of these environmental parameters concern-
ing ReHS was evaluated using not only the average (Avg)
values but also the minimum (Min) and maximum (Max)
values. This enables a thorough examination of the range
of environmental conditions experienced by pigs.

The random forest (RF) algorithm is a popular
machine learning algorithm used for classification and
regression [32]. It constructs an ensemble of decision
trees, each trained on a random subset of data and fea-
tures at each split. Each tree is diverse, which improves
the overall performance of the model. The final predic-
tion is made by aggregating the predictions of all indi-
vidual trees. Feature importance scores are computed
based on how much each feature reduces impurity
across all trees in the forest. These scores indicate the
relative importance of each feature in predicting the
independent variable. In the current study, an RF was
used to identify the importance scores of the environ-
mental values concerning ReHS. The training and eval-
uation of the RF models and the extraction and ranking
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of importance scores were conducted in RStudio using
the ‘caret’ and ‘randomforest’ packages. The dataset
was split into training (70%) and testing (30%) subsets
before model training. The model was trained with ten-
fold cross-validation to optimize model performance.
The combinations of variables of the models are shown
in Additional file 1.

Statistical analyses

RStudio version 4.3.1 was used for the statistical analy-
ses. All the data were tested for normality of distribu-
tion using the Shapiro—Wilk test and for homogeneity
of variance using Levene’s test. Parameters with signifi-
cance (p<0.05) in either of the tests were subjected to
the Mann—Whitney U test to compare significant dif-
ferences between groups. Otherwise, the two-sample
t test was employed. The significance level was set at
p <0.05. Descriptive statistics are provided in the addi-
tional files.

The correlations between ReHS and the environmen-
tal parameters were calculated with Pearson correlation
analysis. Separately, the correlation of blood biochemi-
cal parameters was also assessed using the same test.
A significant correlation is set at the <0.05 significance
level.
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The models were evaluated with the root-mean-
square error (RMSE) and coefficient of determination
(R?) using the equations shown below.

YL i)
i (i — 7)2

where 7 is the number of observations; y; is the actual
value for the i-th observation; y; is the predicted value for
the i-th observation; and }_ denotes the summation of all
observations from i=1.

The model with the lowest RMSE and R’ closer to
1 is considered the model with the best prediction
performance.

Results

Environmental conditions

The descriptive statistics of the environmental param-
eters are shown in Additional file 2, and the trends are
illustrated in Fig. 2. The differences in all the environ-
mental parameters were highly significant (p<0.001)
with increasing temperature (22.78 vs 28.44 °C), humid-
ity (61.86 vs 87.27%), CO, (847.91 vs 2,739.93 ppm),
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NH, (8.18 vs 20.53 ppm), and H,S (6.70 vs 14.28 ppm)
in the TRT group. The lowest recorded temperature
was 12.17 °C in the CON group and 17.18 °C in the TRT
group during the second half of the growing period.
During this period, the temperature fluctuations were
considerable as the external temperature began to drop
below zero. Additionally, humidity was reduced in the
CON group but remained high in the TRT group during
the same period.

The CO, levels in the TRT group fluctuated more than
those in the CON group, and those in the TRT group
tended to increase but were almost stable in the CON
group. The highest recorded CO, concentration in the
TRT group was 3,693 ppm, and the lowest was 820 ppm,
which was similar to the average CO, concentration in
the CON group. There was an increasing trend in NH;
levels in both groups. The highest level in the CON group
was 18.56 ppm, which was recorded on the 20th day. The
NHj; and H,S levels in the TRT group reached 30.60 and
24.00 ppm, respectively. The highest H,S level recorded
in the CON group was 12.09 ppm.

Growth performance

The weekly and overall growth performance of the pigs
are shown in Fig. 3 (see Additional file 3). The body
weight of the CON group was significantly greater
than that of the TRT group in week 3 (50.92 vs 46.85,
p=0.021). Body weight gain and average daily gain
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were significantly (p<0.05) different in the 1st week,
3rd week, and overall. The differences in feed intake
and average daily feed intake between the CON and
TRT groups were significant (p<0.05) and increased
over time throughout the growing periods. The overall
average daily feed intake of the CON group was 2.32 kg,
which was significantly (p=0.002) greater than that of
the TRT group (1.82 kg). However, the FCR was not
negatively affected (2.54 vs 2.55, p =0.830).

Table 1 Respiratory health status and blood biochemical
parameters of pigs under different environmental conditions

Parameters Control Treatment SEM’ P value

ReHS 97.55° 74.41° 223 <0001
BUN mmol/L 7.1 6.56 042 0.527
Blood NH; pmol/L 151.89 190.56 11.74 0.387
AST U/L 34.11 4578 6.30 0.863
LDH U/L 562.89 627.11 61.96 0.796
TOS umol/L 6.52° 21.58° 234 <0001
TAS mmol/L 047° 0.69° 0.05 0.024
oSl 1430 3.24° 032 0.001
Cortisol mmol/L 407° 2230 044 0.034

! Standard error of the mean; BUN blood urea; NH; ammonia; AST aspartate
aminotransferase; LDH lactate dehydrogenase; TOS total oxidant status; TAS total
antioxidant status; OS/ oxidative stress index. Means with different superscripts
(a & b) are significantly different (p <0.05)
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Blood biochemical parameters

As shown in Table 1, pigs in the TRT group presented
higher concentrations of blood NH; (190.56 vs 151.89
pumol/L), AST (45.78 vs 34.11 IU/L), and LDH (627.11
vs 562.89 U/L) than those in the CON group. How-
ever, these differences were not statistically significant
(p>0.05). Additionally, no significant change in the
BUN concentration was observed, but the BUN concen-
tration in the CON group was greater than that in the
TRT group (7.11 vs. 6.56 mmol/L, p=0.527). Compared
with the CON group, the TRT group presented signifi-
cantly greater TOS (21.58 vs 6.52 pmol/L, p<0.001) and
OSI (32.4 vs 1.43 mmol/L, p=0.001), indicating oxida-
tive stress. Surprisingly, the cortisol concentrations were

Table 2 Pearson’s correlation analysis of blood biochemical
parameters

BUN Blood NH;  AST LDH Cortisol
BUN
Blood NH; 0.892%* 0.899%*
AST 0.892** 0931%*
LDH 0.899%* 0.931%
Cortisol

BUN blood urea; NH; ammonia; AST aspartate aminotransferase; LDH lactate
dehydrogenase. **=p <0.01
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significantly greater in the CON group than in the TRT
group (4.07 vs 2.23 pg/dL, p=0.034). Pearson’s correla-
tion analysis revealed high AST and LDH concentrations
with increasing blood NH; (Table 2).

Respiratory health status

ReHS was significantly (p<0.001) affected by changes in
environmental conditions (Table 1 and Fig. 4). The pigs
in the TRT group had an average ReHS of 74.41, whereas
those in the CON group had an average of 97.55. The
ReHS in the CON group was stable and close to 100,
indicating good respiratory health conditions. A signifi-
cant reduction in the ReHS score from the 7th day until
the 12th day was observed in the TRT group, and dur-
ing these periods, yellow warnings from SoundTalks were
issued, indicating potential respiratory health problems.
The ReHS scores increased and stabilized at the same lev-
els as those observed in the first week from the 13th day
until the end of the growing period. However, the ReHS
scores remained lower than those of the CON group.

Key indicators of respiratory health

Figure 5 shows the level of importance of each of the
environmental parameters affecting the ReHS of the pigs.
Min CO, had the highest importance, with an impor-
tance score of 100. It was followed by Min NH,, Avg
CO,, Avg H,S, and Max Temperature, with importance

100 4_‘/.\“./.\‘_.\ o000 o , ®-0-°
90 o -
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Fig. 4 Daily respiratory health status (ReHS) of pigs under different environmental conditions
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Fig. 5 Importance scores of different environmental parameter values to the respiratory health status of pigs
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Fig. 6 Performance of the random forest models in predicting the respiratory health status of pigs

scores of 64.40, 60.77, 55.46, and 52.18, respectively. The
four least important variables were Avg, Max, and Min
Humidity (0, 1.80, and 17.14, respectively), and Min
H,S (14.32). The performance of the models is shown in
Fig. 6, which reveals that the combination of Min CO,
and Min NH; had the highest R? (0.862). However, the
addition of Avg CO, to the model improved the RMSE
(7.34) of the model. However, the differences in R? and
RMSE between models 1 and 2 were small. Furthermore,
the prediction performance decreases with the addition
of other variables.

The results of the Pearson’s correlation analysis revealed
that all the environmental variables presented significant
(p<0.05) and at least moderate negative (r>—0.50) corre-
lations with the ReHS, as shown in Fig. 7. The ReHS was
strongly negatively correlated with Min, Avg, and Max
CO, (r=-0.805, -0.797, and -0.762, respectively); Max
and Avg temperature (r=-0.724 and -0.715, respectively);
Min humidity (r=-0.702); and Min H,S (r=-0.701).
Furthermore, moderate (> 0.50) to very strong (r>0.900)
positive correlations between independent variables were
observed. Min CO, had strong correlations with Min
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Avg Humidity

Fig. 7 Pearson’s correlation analysis of respiratory health status and different environmental parameter values (*=p <0.05, **=p <0.01)

NH, and all H,S values. However, the Avg and Max CO,
values were very strongly correlated with the other toxic
gases’ Min, Max, and Avg values.

Discussion

The concentrations of toxic gases in the current study
were higher than the Min, Max, and Avg concentrations
of NH; and CO, recorded in both the CON and TRT
groups in our previous study conducted during the sum-
mer [10]. This increase is likely a result of reduced ven-
tilation rates to maintain the indoor temperature during
colder seasons in a temperature-based ventilation system
[9, 12]. Reduced air exchange leads to the accumulation
of toxic gases.

Pigs are exposed to fluctuating levels of environmental
parameters and, if not controlled, can have a significant
effect on their growth and health [20, 33, 34]. These find-
ings are demonstrated in the current study, where the
feed intake of the pigs was restricted by elevated temper-
ature, humidity, and the presence of toxic gases such as

CO,, NH;, and H,S inside the house, resulting in a sig-
nificant decrease in growth performance. The TRT group
had 21.73% less feed intake than the CON group, which
reduced the average daily gain by 21.51% without affect-
ing feed efficiency. A reduction in feed intake is one of
the thermoregulatory responses of pigs during heat stress
[35], but it can also be observed when they are exposed
to at least 15 ppm NH, [20], at least 7.18 ppm H,S [33],
or very high CO, (40,000 ppm) [36]. However, the CO,
concentrations in the current study did not reach that
level. The differences in feed intake increased over time,
suggesting that the degree of effects of the environmen-
tal stressors differed across the different stages of the pigs
and the length of exposure.

BUN is a waste product formed in the liver from
the breakdown of excess protein [37]. In this study,
the reduced BUN in the TRT group could be due to
reduced protein intake resulting from a reduction in feed
intake. NH; and H,S are the most important air pollut-
ants on farms because of their toxic effects [16, 17, 24].
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Consistent with the results of the current study, Wang
et al. [20] reported an increase in blood NH; in pigs
exposed to increasing atmospheric NH; and induced oxi-
dative stress. Additionally, high ambient temperature and
high H,S and CO, concentrations are known to induce
reactive oxygen species (ROS) production, leading to oxi-
dative stress in animals [38—40]. Pigs in the TRT group
were apparently under oxidative stress, as shown by their
high TOS and OSI values. The increase in TAS was the
response of the pigs to eliminate oxidants in the body,
however, the OSI indicates that the antioxidant system
was overwhelmed by high oxidants. Additionally, the dif-
ference in TOS between the CON and TRT groups was
too high, which may indicate the synergism of the above-
mentioned environmental factors. However, the effects
of each parameter and their interactions cannot be quan-
tified as a limitation of the experimental design in the
current study. These gases coexist in the pig house; there-
fore, there is a need to study their interactions to deter-
mine their minimum threshold levels when they coexist.
Increased oxidants in the body lead to oxidative damage
to cellular components, including proteins, lipids, and
DNA. This damage can disrupt cell membranes, orga-
nelles, and other cellular structures, leading to cell injury
or death [41-43]. This can be attributed to the increased
blood AST and LDH concentrations in the TRT group, as
these enzymes leak into the bloodstream from damaged
cells.

The production of cortisol is a response to animals
experiencing stress, leading to a spike in cortisol levels
[44]. However, in chronic conditions, the hypothalamic—
pituitary—adrenal (HPA) axis, which controls the stress
response, can become dysregulated under prolonged
stress [45]; this is the reason for the low cortisol level
observed in the TRT group, which is consistent with the
study of O’Connor et al. [46]. This mechanism protects
the body from the adverse effects of elevated cortisol,
which are not limited to inflammation, muscle break-
down, or immune suppression [45, 47].

Al has been applied to monitor respiratory health
in pigs [15], poultry [48], and cattle [49]. In the current
study, respiratory health was automatically monitored
using Al, which revealed that pigs exposed to poor envi-
ronmental conditions had low ReHS. Additionally, the
alarm system of the Al was triggered from day 7 until 12,
which is indicative of respiratory distress. NH; and H,S
can irritate mucous membranes in the eyes and respira-
tory tracts of pigs, and prolonged exposure to these gases
can damage the respiratory tract and impair the immune
response, increasing the susceptibility of pigs to respira-
tory infections [20, 21]. Furthermore, high ambient tem-
perature and high atmospheric CO, can exacerbate the
toxic effects of NH; and H,S by increasing the respiration
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rate and volume [38], leading to greater exposure to toxic
gases. Additionally, high humidity can exacerbate heat
stress effects and respiratory distress in pigs by increas-
ing the solubility of NH; and H,S in the air [50, 51], cre-
ating a favorable environment for pathogen growth [52],
and increasing mucous membranes in the respiratory
tract, increasing their sensitivity to NH; and H,S, which
can increase respiratory distress symptoms [53].

As discussed above, environmental control is crucial
for optimizing growth and maintaining the respiratory
health of pigs, and many studies have associated NH,
with respiratory disease [10, 19, 54]. However, average
values were used in previous studies, other toxic gases
were not considered, and the levels of environmental fac-
tors changed over time. In the current study, RF analysis
revealed that Min CO, had the greatest importance score
on the ReHS of pigs and was highly correlated. Although
CO, is not very potent in inducing respiratory distress,
its concentrations are strongly positively associated with
the concentrations of more potent gases, such as NH,
and H,S, since these gases are natural products of micro-
bial activity on organic material in slurry pits and bed-
ding. Specifically, NH; and H,S are produced from the
decomposition of nitrogenous compounds (e.g., proteins
and amino acids) and sulfur-containing compounds (e.g.,
methionine and cysteine), respectively, and during these
processes, CO, is also released [55]. Additionally, urease-
producing bacteria can hydrolyze urea excreted in urine
into NH; and CO, [56]. In the study of Peng et al. [51],
CO, was also found to have the highest importance in
predicting the NH; concentration in pig houses, as much
of the NH; results from the breakdown of proteins and
urea, processes in which CO, is also produced, as previ-
ously described. These findings suggest that respiratory
health could be indirectly improved by controlling the
CO, concentration, which may, in turn, help regulate
NHj; and H,S concentrations, both of which are known as
respiratory stressors in the housing environment.

The combination of Min CO,, Min NH;, and Avg CO,
produced the best model in terms of RSME to predict
ReHS in pigs. However, to simplify the model, the Min
CO, and Min NH; combination can be used since the
RSME difference between the two models was small (7.36
vs 7.34), and it had the highest R* value (0.862 vs 0.858).
Adding more variables to the model deteriorates the
model R? and prediction performance. This could be due
to adding complexity to the model and the multicollin-
earity of the variables. Figure 7 shows that the variables
had collinearity. Highly correlated variables add redun-
dant information, which does not improve the model
and can lead to unstable estimates [57, 58]. However, the
RF can address multicollinearity [59]. Respiratory dis-
ease is caused by multiple factors that are not limited to
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environmental factors. Nevertheless, machine learning
models can be useful in identifying and selecting the best
predictors of respiratory disease that can be used as tools
to improve the health management of pig farms.

The limitations of this study include the absence of ven-
tilation rate data, which is also an important factor in res-
piratory health. Including ventilation rate could provide
deeper insights into environmental influences on res-
piratory health of pigs. Another limitation was that the
Al tool used generated only one ReHS score per day. We
recommend the use of an alternative AI model capable of
generating high-resolution temporal data on respiratory
distress symptoms (e.g., coughing and sneezing), with
values recorded at frequent intervals (e.g., every 5 min
or hourly) rather than once daily. This increased data
granularity would allow for a more precise linkage with
environmental factors recorded simultaneously, thereby
enhancing the validation and robustness of the findings
of the current study.

Conclusion

The results of the current study revealed that environ-
mental stress significantly reduced the growth perfor-
mance, respiratory health, and overall health parameters
of growing pigs. The tissue and metabolic indicators were
numerically increased and exhibited significantly lower
cortisol levels in pigs with long-term exposure to poor
environments. The analysis revealed that minimum CO,
and minimum NH; values are key indicators of pigs’ res-
piratory health. These findings provide a valuable refer-
ence for building models to predict respiratory health
based on environmental parameters. Additionally, the
findings suggest that integrating CO,, NH,, or both into
intelligent environmental control systems can potentially
improve the management of pigs’ respiratory health.

Abbreviations

ADG  Average daily gain

AST Aspartate aminotransferase
Avg Average

BUN Blood urea nitrogen

BWG  Body weight gain
Co, Carbon dioxide

CON Control

FCR Feed conversion ratio

H,S Hydrogen sulfide

HPA Hypothalamic—pituitary—adrenal
LDH Lactate dehydrogenase

Max Maximum

Min Minimum

NH, Ammonia

Osl Oxidative stress index

R? Coefficient of determination
ReHS  Respiratory health status

RF Random forest

RMSE  Root-mean-square error

TAS Total antioxidant status
TOS Total oxidant status
TRT Treatment

Page 11 of 13

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/540813-024-00408-3.

Additional file 1.
Additional file 2.
Additional file 3.

Acknowledgements

The authors would like to acknowledge the Korea Institute of Planning and
Evaluation for Technology in Food, Agriculture and Forestry (IPET) and the
Korea Smart Farm R & D Foundation through the Smart Farm Innovation Tech-
nology Development Program, funded by the Ministry of Agriculture, Food
and Rural Affairs (MAFRA), the Ministry of Science and ICT (MSIT) and the Rural
Development Administration (RDA) (RS-2021-1P421019). Additionally, this work
was supported by the "Cooperative Research Program for Agriculture Science
& Technology Development (Project title: Development of high-yielding

sow feeding and management technology to improve PSY, Project No. RS-
2022-RD010428)" Rural Development Administration.

Author contributions

Conceptualization: EBL, HSM & CJY; Data curation: EBL & HSM; Formal analysis:
EBL & HSM; Investigation: EBL, HSM, KMBA, HRP, MS, MKS & YHK; Methodology:
EBL, HSM, KMBA, HRP, MS, MKS, YHK & CJY; Software: EBL & HSM; Validation:
EBL, HSM, KMBA, HRP, MS, MKS, YHK & CJY; Visualization: EBL & HSM; Resources
& Supervision: CJY; Writing—original draft: EBL & HSM; Writing—review & edit-
ing: EBL, HSM, KMBA, HRP, MS, MKS, YHK & CJY. All the authors have read and
agreed with the published version of the manuscript.

Funding
This research received no external funding.

Availability of data and materials
The datasets used and/or analyzed during the current study are available from
the corresponding author and the first authors upon reasonable request.

Declarations

Ethics approval and consent to participate

The animal study protocol was approved by the Institutional Review Board or
Ethics Committee of Sunchon National University (SCNU IACUC-2023-19). This
study did not involve human participants; thus, no consent to participate was
needed.

Consent to publish
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

' Animal Nutrition and Feed Science Laboratory, Department of Animal Sci-
ence and Technology, Sunchon National University, Suncheon 57922, Republic
of Korea. ?Department of Multimedia Engineering, Sunchon National Univer-
sity, Suncheon 57922, Republic of Korea. >Department of Animal Science, Col-
lege of Agriculture, Sultan Kudarat State University, Tacurong City 9800, Philip-
pines. *Department of Animal Science and Veterinary Medicine, Bangabandhu
Sheikh Mujibur Rahman Science and Technology University, Gopalganj 8100,
Bangladesh. *Department of Poultry Science, Sylhet Agricultural University,
Sylhet 3100, Bangladesh. ®Interdisciplinary Program in IT-Bio Convergence
System (BK21 Plus), Chonnam National University, Gwangju 61186, Republic
of Korea. Interdisciplinary Program in IT-Bio Convergence System (BK21 Plus),
Sunchon National University, 255, Jungangno, Suncheon 57922, Republic

of Korea.

Received: 30 September 2024 Accepted: 19 November 2024
Published online: 20 December 2024


https://doi.org/10.1186/s40813-024-00408-3
https://doi.org/10.1186/s40813-024-00408-3

Lagua et al. Porcine Health Management

(2024) 10:59

References

1.

20.

21

22.

Berton MP, de Céssia Dourado R, de Lima FBF, Rodrigues ABB, Ferrari FB,
do Carmo Vieira LD, et al. Growing-finishing performance and carcass
yield of pigs reared in a climate-controlled and uncontrolled environ-
ment. Int J Biometeorol. 2015;59(8):955-60.

Costantino A, Fabrizio E, Calvet S. The role of climate control in monogas-
tric animal farming: the effects on animal welfare, air emissions, produc-
tivity, health, and energy use. Appl Sci. 2021;11(20):9549.

Kornegay ET, Thomas HR. Effects of air-conditioned versus naturally
ventilated housing during hot weather on the reproductive efficiency of
gilts or sows. Livest Prod Sci. 1983;10(4):387-95.

Cobanovi¢ N, Stajkovi¢ S, Blagojevi¢ B, Beti¢ N, Dimitrijevi¢ M, Vasilev D,
et al. The effects of season on health, welfare, and carcass and meat qual-
ity of slaughter pigs. Int J Biometeorol. 2020;64(11):1899-909.

Hagan JK, Etim NN. The effects of breed, season and parity on the repro-
ductive performance of pigs reared under hot and humid environments.
Trop Anim Health Prod. 2019;51(2):411-8.

Abdel-Azeem AF, Shamma TA, Omara YO. Seasonal variation and perfor-
mance evaluation of broiler breeder chickens reared in enclosed houses.
Egypt Poult Sci J. 2015;35(4):833-56.

Benyi K, Netshipale AJ, Mahlako KT, Gwata ET. Effect of genotype and
stocking density on broiler performance during two subtropical seasons.
Trop Anim Health Prod. 2015;47(5):969-74.

Jang DH, Kwon KS, Kim JB, Kim JK, Yang KY, Choi SM, et al. Investigation
and analysis of particulate-matters and ammonia concentrations in
mechanically ventilated broiler house according to seasonal change,
measurement locations and age of broilers. J Korean Soc Agric Eng.
2021,63(1):75-87.

ShiZ, Li X, Wang T, Xi L, Cheng P, Fang M, et al. Application effects of three
ventilation methods on swine in winter. Agron J. 2022;114(4):1915-22.
Lagua E, Mun HS, Ampode KMB, Chem V, Park HR, Kim YH, et al. Monitor-
ing using artificial intelligence reveals critical links between housing
conditions and respiratory health in pigs. J Anim Behav Biometeorol.
2024;12(1):2024008-2024008.

. HuZ Yang Q, TaoY, ShiL, Tu J,Wang Y. A review of ventilation and cooling

systems for large-scale pig farms. Sustain Cities Soc. 2023;1(89): 104372.
Tabase RK, Millet S, Brusselman E, Ampe B, De Cuyper C, Sonck B, et al.
Effect of ventilation control settings on ammonia and odour emissions
from a pig rearing building. Biosys Eng. 2020;1(192):215-31.

CaoY, Bai Z, Misselbrook T, Wang X, Ma L. Ammonia emissions from dif-
ferent pig production scales and their temporal variations in the North
China Plain. J Air Waste Manag Assoc. 2021;71(1):23-33.

Zhang L, Zhang M, Yu Q, Su S, Wang Y, Fang Y, et al. Optimizing winter air
quality in pig-fattening houses: a plasma deodorization approach. Sen-
sors. 2024;24(2):324.

Lagua EB, Mun HS, Ampode KMB, Chem V, Kim YH, Yang CJ. Artificial
intelligence for automatic monitoring of respiratory health conditions in
smart swine farming. Animals. 2023;13(11):1860.

Luhken E, Nicolaisen T, Risch B, Volkmann N, Schnier S, Schulz J, et al.
Comparison of two free-farrowing systems and a conventional farrowing
crate system with special regard to air hygiene. Agriculture. 2019;9(1):12.
Ni JQ, Heber AJ, Lim TT. Ammonia and hydrogen sulfide in swine produc-
tion. In: Air Quality and Livestock Farming. CRC Press; 2017.

Olanrewaju HA, Miller WW, Maslin WR, Thaxton JP, Dozier WA, Purswell J,
et al. Interactive effects of ammonia and light intensity on ocular, fear and
leg health in broiler chickens. Int J Poult Sci. 2007,6(10):762-9.

Pessoa J, Camp Montoro J, Pina Nunes T, Norton T, McAloon C, Garcia
Manzanilla E, et al. Environmental risk factors influence the frequency of
coughing and sneezing episodes in finisher pigs on a farm free of respira-
tory disease. Animals. 2022;12(8):982.

Wang T, He Q Yao W, Shao Y, Li J, Huang F. The variation of nasal micro-
biota caused by low levels of gaseous ammonia exposure in growing
pigs. Front Microbiol. 2019;16(10):1083.

Batterman S, Grant-Alfieri A, Seo SH. Low level exposure to hydrogen
sulfide: a review of emissions, community exposure, health effects, and
exposure guidelines. Crit Rev Toxicol. 2023;53(4):244-95.

Qianru C, Xueyuan H, Bing Z, Qing Z, Kaixin Z, Shu L. Regulation of H2S-
induced necroptosis and inflammation in broiler bursa of Fabricius by the
miR-15b-5p/TGFBR3 axis and the involvement of oxidative stress in this
process. J Hazard Mater. 2021;15(406): 124682.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Page 12 of 13

Brglez S. Risk assessment of toxic hydrogen sulfide concentrations on
swine farms. J Clean Prod. 2021;20(312): 127746.

Liu S, Ni JQ, Radcliffe JS, Vonderohe C. Hydrogen sulfide emissions from
a swine building affected by dietary crude protein. J Environ Manage.
2017;15(204):136-43.

Sajeev EPM, Amon B, Ammon C, Zollitsch W, Winiwarter W. Evaluating the
potential of dietary crude protein manipulation in reducing ammonia
emissions from cattle and pig manure: a meta-analysis. Nutr Cycl Agro-
ecosyst. 2018;110(1):161-75.

Trabue SL, Kerr BJ, Scoggin KD. Swine diets impact manure char-
acteristics and gas emissions: Part Il sulfur source. Sci Total Environ.
2019;1(689):1115-24.

Alsubait IS, Alhidary IA, Al-Haidary AA. Effects of different levels of yucca
supplementation on growth rates, metabolic profiles, fecal odor emis-
sions, and carcass traits of growing lambs. Animals. 2023;13(4):755.
Barto$ P, Dolan A, Smutny L, Sistkova M, Celjak |, Soch M, et al. Effects of
phytogenic feed additives on growth performance and on ammonia and
greenhouse gases emissions in growing-finishing pigs. Anim Feed Sci
Technol. 2016;1(212):143-8.

Wang K, Huang D, Ying H, Luo H. Effects of acidification during storage
on emissions of methane, ammonia, and hydrogen sulfide from digested
pig slurry. Biosys Eng. 2014;1(122):23-30.

Hansen MJ, Kamp JN, Adamsen APS, Feilberg A. Low-emission slurry pits
for pig houses with straw application. Biosys Eng. 2020;1(197):56-63.
Sanchez-Rodriguez MA, Mendoza-Nufez VM. Oxidative stress indexes
for diagnosis of health or disease in humans. Oxid Med Cell Longev.
2019;25(2019):4128152.

Belgiu M, Dragut L. Random forest in remote sensing: a review of
applications and future directions. ISPRS J Photogramm Remote Sens.
2016;1(114):24-31.

CuiJ,Wu F, Yang X, LiuT, Xia X, Chang X, et al. Effect of gaseous hydrogen
sulphide on growth performance and cecal microbial diversity of wean-
ing pigs. Vet Med Sci. 2021;7(2):424-31.

de Oliveira MJK, Valk M, Melo ADB, Marcal DA, Silva CA, da Valini GAC,

et al. Feeding behavior of finishing pigs under diurnal cyclic heat stress.
Animals. 2023;13(5):908.

Moreira VE, Veroneze R, dos Teixeira AR, Campos LD, Lino LFL, Santos

GA, et al. Effects of ambient temperature on the performance and
thermoregulatory responses of commercial and crossbred (Brazilian Piau
Purebred Sires x Commercial Dams) growing-finishing pigs. Animals.
2021;11(11):3303.

Hoover WH, Sawyer MS, Apgar WP. Ovine nutritional responses to
elevated ambient carbon dioxide. J Nutr. 1971;101(12):1595-600.

Yu D, Zhu W, Hang S. Effects of low-protein diet on the intestinal
morphology, digestive enzyme activity, blood urea nitrogen, and

gut microbiota and metabolites in weaned pigs. Arch Anim Nutr.
2019;73(4):287-305.

CuiY,HaoY, Li J,Bao W, Li G, Gao Y, et al. Chronic heat stress induces
immune response, oxidative stress response, and apoptosis of finishing
pig liver: a proteomic approach. Int J Mol Sci. 2016;17(5):393.

Xu L, Zhang H, Yue H,Wu S, Yang H, Wang Z, et al. Gas stunning with CO2
affected meat color, lipid peroxidation, oxidative stress, and gene expres-
sion of mitogen-activated protein kinases, glutathione S-transferases, and
Cu/Zn-superoxide dismutase in the skeletal muscles of broilers. J Animal
Sci Biotechnol. 2018;9(1):37.

Wang S, Chi Q, Hu X, Cong Y, Li S. Hydrogen sulfide-induced oxidative
stress leads to excessive mitochondrial fission to activate apoptosis in
broiler myocardia. Ecotoxicol Environ Saf. 2019;15(183): 109578.

Juan CA, Pérez de la Lastra JM, Plou FJ, Pérez-Lebefa E. The chemistry of
reactive oxygen species (ROS) revisited: outlining their role in biological
macromolecules (DNA, Lipids and Proteins) and induced pathologies. Int
J Mol Sci. 2021;22(9):4642.

Shields HJ, Traa A, Van Raamsdonk JM. Beneficial and detrimental effects
of reactive oxygen species on lifespan: a comprehensive review of com-
parative and experimental studies. Front Cell Dev Biol. 2021;11(9): 628157.
Sies H, Berndt C, Jones DP. Oxidative stress. Annual Rev Biochem.
2017,86:715-48.

Martinez-Mir6 S, Tecles F, Ramon M, Escribano D, Herndndez F, Madrid J,
et al. Causes, consequences and biomarkers of stress in swine: an update.
BMC Vet Res. 2016;12(1):171.



Lagua et al. Porcine Health Management (2024) 10:59

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

59.

Herman JP, McKlveen JM, Ghosal S, Kopp B, Wulsin A, Makinson R, et al.
Regulation of the hypothalamic-pituitary-adrenocortical stress response.
Compr Physiol. 2016;6(2):603-21.

O’'Connor EA, Parker MO, McLeman MA, Demmers TG, Lowe JC, Cui L,

et al. The impact of chronic environmental stressors on growing pigs, Sus
scrofa (Part 1): stress physiology, production and play behaviour. Animal.
2010;4(11):1899-909.

Myers B, McKlveen JM, Herman JP. Neural regulation of the

stress response: the many faces of feedback. Cell Mol Neurobiol.
2012;32(5):683-94.

Singh M, Kumar R, Tandon D, Sood P, Sharma M. Artificial intelligence
and loT based monitoring of poultry health: A review. In: 2020 IEEE
International Conference on Communication, Networks and Satellite
(Comnetsat) [Internet]. 2020 [cited 2024 Jun 13]. (pp. 50-4). Available
from: https://ieeexplore.ieee.org/abstract/document/9328930
Vandermeulen J, Bahr C, Johnston D, Earley B, Tullo E, Fontana |, et al.
Early recognition of bovine respiratory disease in calves using auto-
mated continuous monitoring of cough sounds. Comput Electron Agric.
2016;1(129):15-26.

Kafle GK, Chen L. Emissions of odor, ammonia, hydrogen sulfide, and
volatile organic compounds from shallow-pit pig nursery rooms. J Biosyst
Eng. 2014;39(2):76-86.

Peng S, Zhu J, Liu Z, Hu B, Wang M, Pu S. Prediction of ammonia
concentration in a pig house based on machine learning models and
environmental parameters. Animals. 2023;13(1):165.

QiuY, ZhouY, Chang Y, Liang X, Zhang H, Lin X, et al. The Effects of
ventilation, humidity, and temperature on bacterial growth and bacterial
genera distribution. Int J Environ Res Public Health. 2022;19(22):15345.
Wang C, Bing A, Liu H, Wang X, Zhao J, Lin H, et al. High ambient humid-
ity aggravates ammonia-induced respiratory mucosal inflammation by
eliciting Th1/Th2 imbalance and NF-kB pathway activation in laying hens.
Poult Sci. 2022;101(9):102028.

Michiels A, Piepers S, Ulens T, Van Ransbeeck N, Del Pozo SR, Sierens A,

et al. Impact of particulate matter and ammonia on average daily weight
gain, mortality and lung lesions in pigs. Prev Vet Med. 2015;121(1):99-107.
Dai XR, Saha CK, Ni JQ, Heber AJ, Blanes-Vidal V, Dunn JL. Characteristics
of pollutant gas releases from swine, dairy, beef, and layer manure, and
municipal wastewater. Water Res. 2015;1(76):110-9.

Yu X, Chu J, Yang Y, Qian C. Reduction of ammonia production in the
biocementation process for sand using a new biocement. J Clean Prod.
2021;1(286): 124928.

Kim JH. Multicollinearity and misleading statistical results. Korean J Anes-
thesiol. 2019;72(6):558-69.

Yoo W, Mayberry R, Bae S, Singh K, He QP, James W, Lillard J. A study of
effects of multicollinearity in the multivariable analysis. Int J Appl Sci
Technol. 2014;4(5):9.

Li M, Zhang Y, Wallace J, Campbell E. Estimating annual runoff in response
to forest change: a statistical method based on random forest. J Hydrol.
2020;1(589): 125168.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 13 of 13


https://ieeexplore.ieee.org/abstract/document/9328930

	Minimum carbon dioxide is a key predictor of the respiratory health of pigs in climate-controlled housing systems
	Abstract 
	Background 
	Results 
	Conclusions 

	Background
	Materials and methods
	2.1 Experimental design
	2.2 Environmental conditions
	Growth performance parameters
	Blood biochemical parameters
	Respiratory health
	Data preprocessing
	Model training and variable importance
	Statistical analyses

	Results
	Environmental conditions
	Growth performance
	Blood biochemical parameters
	Respiratory health status
	Key indicators of respiratory health

	Discussion
	Conclusion
	Acknowledgements
	References


