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Minimum carbon dioxide is a key 
predictor of the respiratory health of pigs 
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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 × Lan‑
drace) × 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), CO2 (2,739.93 vs 847.91 ppm, p < 0.001), NH3 (20.53 vs 8.18 ppm, p < 0.001), and H2S (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 CO2, Min NH3, and Avg 
CO2 as the best predictors of respiratory health, and CO2 was strongly correlated with NH3 and H2S concentrations.

Conclusions  These findings emphasize the critical importance of proper environmental management in pig farming 
and suggest that regular monitoring and control of either CO2 or NH3, 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 (CO2), 
ammonia (NH3), and hydrogen sulfide (H2S) 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]. NH3 and H2S 
are the most health-threatening gases in pig farms to 
both humans and pigs [16, 17]. High levels of NH3 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, H2S 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 CO2 is the least toxic among the three 
gases, its concentration is strongly associated with the 
NH3 and H2S concentrations [17]. Therefore, the control 
of either one of the gases can potentially control other 

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 (Largewhite × Lan-
drace) × Duroc 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-
500S, 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 
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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 NH3 level of at least 20 ppm. 
However, the desired NH3 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 m2/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).

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, CO2, NH3, and H2S (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 (BWG), average daily gain 
(ADG), and the feed conversion ratio (FCR) were calcu-
lated using the equations below.

BWG
(

kg
)

=Final BodyWeight
(

kg
)

− Initial BodyWeight
(

kg
)

SoundTalk monitor
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CO2 sensorTemperature & Humidity 
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Fig. 1  Environmental and animal sensors: a Illustration 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 c) SoundTalk (SoundTalks NV, 
Leuven, Belgium) display (left) and monitor (right)
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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 NH3, 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.​sound​talks​web.​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.

Here, Z is the calculated Z score of the data point; X is 
the data point; μ is the mean of the variable; and σ 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, CO2, NH3, 
and H2S, 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 

Z =

(X − µ)

σ

https://www.soundtalksweb.com
https://www.soundtalksweb.com
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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.

The models were evaluated with the root-mean-
square error (RMSE) and coefficient of determination 
(R2) using the equations shown below.

where n is the number of observations; yi is the actual 
value for the i-th observation; ŷi 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 R2 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%), CO2 (847.91 vs 2,739.93  ppm), 

RMSE =

√

√

√

√

1

n

n
∑
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)2
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)2

∑n
i=1

(

yi − y
)2

Fig. 2  Daily environmental conditions in the CON and TRT groups: a temperature, b humidity, c carbon dioxide, d ammonia, and e hydrogen 
sulfide concentrations
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NH3 (8.18 vs 20.53  ppm), and H2S (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 CO2 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 CO2 concentration in the 
TRT group was 3,693 ppm, and the lowest was 820 ppm, 
which was similar to the average CO2 concentration in 
the CON group. There was an increasing trend in NH3 
levels in both groups. The highest level in the CON group 
was 18.56 ppm, which was recorded on the 20th day. The 
NH3 and H2S levels in the TRT group reached 30.60 and 
24.00  ppm, respectively. The highest H2S 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 

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).
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Fig. 3  Weekly and overall growth performance of pigs under different environmental conditions: a body weight, b body weight gained, c average 
daily gain, d feed intake, e average daily feed intake, and f FCR. Means with different superscripts (a & b) are significantly different (p < 0.05)

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

1 Standard error of the mean; BUN blood urea; NH3 ammonia; AST aspartate 
aminotransferase; LDH lactate dehydrogenase; TOS total oxidant status; TAS total 
antioxidant status; OSI oxidative stress index. Means with different superscripts 
(a & b) are significantly different (p < 0.05)

Parameters Control Treatment SEM1 P value

ReHS 97.55a 74.41b 2.23  < 0.001

BUN mmol/L 7.11 6.56 0.42 0.527

Blood NH3 µmol/L 151.89 190.56 11.74 0.387

AST U/L 34.11 45.78 6.30 0.863

LDH U/L 562.89 627.11 61.96 0.796

TOS µmol/L 6.52b 21.58a 2.34  < 0.001

TAS mmol/L 0.47b 0.69a 0.05 0.024

OSI 1.43b 3.24a 0.32 0.001

Cortisol mmol/L 4.07a 2.23b 0.44 0.034
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Blood biochemical parameters
As shown in Table  1, pigs in the TRT group presented 
higher concentrations of blood NH3 (190.56 vs 151.89 
µmol/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 µmol/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 

significantly greater in the CON group than in the TRT 
group (4.07 vs 2.23  µg/dL, p = 0.034). Pearson’s correla-
tion analysis revealed high AST and LDH concentrations 
with increasing blood NH3 (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 CO2 had the highest importance, with an impor-
tance score of 100. It was followed by Min NH3, Avg 
CO2, Avg H2S, and Max Temperature, with importance 

Table 2  Pearson’s correlation analysis of blood biochemical 
parameters

BUN blood urea; NH3 ammonia; AST aspartate aminotransferase; LDH lactate 
dehydrogenase. ** = p < 0.01

BUN Blood NH3 AST LDH Cortisol

BUN

Blood NH3 0.892** 0.899**

AST 0.892** 0.931**

LDH 0.899** 0.931**
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Fig. 4  Daily respiratory health status (ReHS) of pigs under different environmental conditions
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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 
H2S (14.32). The performance of the models is shown in 
Fig.  6, which reveals that the combination of Min CO2 
and Min NH3 had the highest R2 (0.862). However, the 
addition of Avg CO2 to the model improved the RMSE 
(7.34) of the model. However, the differences in R2 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 
CO2 (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 H2S (r = − 0.701). 
Furthermore, moderate (r > 0.50) to very strong (r > 0.900) 
positive correlations between independent variables were 
observed. Min CO2 had strong correlations with Min 
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NH3 and all H2S values. However, the Avg and Max CO2 
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 NH₃ and CO₂ 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 

CO2, NH3, and H2S 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 NH3 [20], at least 7.18 ppm H2S [33], 
or very high CO2 (40,000 ppm) [36]. However, the CO2 
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. NH3 and H2S are the most important air pollut-
ants on farms because of their toxic effects [16, 17, 24]. 

Fig. 7  Pearson’s correlation analysis of respiratory health status and different environmental parameter values (* = p < 0.05, ** = p < 0.01)
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Consistent with the results of the current study, Wang 
et  al. [20] reported an increase in blood NH3 in pigs 
exposed to increasing atmospheric NH3 and induced oxi-
dative stress. Additionally, high ambient temperature and 
high H2S and CO2 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].

AI 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 AI, which revealed that pigs exposed to poor envi-
ronmental conditions had low ReHS. Additionally, the 
alarm system of the AI was triggered from day 7 until 12, 
which is indicative of respiratory distress. NH3 and H2S 
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 CO2 can exacerbate the 
toxic effects of NH3 and H2S by increasing the respiration 

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 NH3 and H2S 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 NH3 and H2S, 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 NH3 
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 CO2 had the greatest importance score 
on the ReHS of pigs and was highly correlated. Although 
CO2 is not very potent in inducing respiratory distress, 
its concentrations are strongly positively associated with 
the concentrations of more potent gases, such as NH3 
and H2S, since these gases are natural products of micro-
bial activity on organic material in slurry pits and bed-
ding. Specifically, NH3 and H2S 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, CO2 is also released [55]. Additionally, urease-
producing bacteria can hydrolyze urea excreted in urine 
into NH3 and CO2 [56]. In the study of Peng et al. [51], 
CO2 was also found to have the highest importance in 
predicting the NH3 concentration in pig houses, as much 
of the NH3 results from the breakdown of proteins and 
urea, processes in which CO2 is also produced, as previ-
ously described. These findings suggest that respiratory 
health could be indirectly improved by controlling the 
CO2 concentration, which may, in turn, help regulate 
NH3 and H2S concentrations, both of which are known as 
respiratory stressors in the housing environment.

The combination of Min CO2, Min NH3, and Avg CO2 
produced the best model in terms of RSME to predict 
ReHS in pigs. However, to simplify the model, the Min 
CO2 and Min NH3 combination can be used since the 
RSME difference between the two models was small (7.36 
vs 7.34), and it had the highest R2 value (0.862 vs 0.858). 
Adding more variables to the model deteriorates the 
model R2 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 
AI 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 CO2 
and minimum NH3 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 CO2, NH3, or both into 
intelligent environmental control systems can potentially 
improve the management of pigs’ respiratory health.
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