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ABSTRACT: This study aimed to evaluate the use of decision trees to select sows based
on the production parameters of parity order (PO) 1 sows from a commercial herd. Data
were collected at a piglet production unit with a capacity of housing 5,500 sows in collective
pens. Piglet production and sow culling information was collected from PO1 and PO2 sows.
The period from January 2017 to March 2020 was analyzed. The correlation analysis was
used to identify the influence of the production parameters on sow culling after exploring the
database using the graphical analysis and descriptive statistics. The ANOVA was applied
to evaluate differences in the response variables between culled and unculled sows. Two
models were proposed using the decision tree method: model 1 referred to sow culling,
and model 2 comprised the total number of liveborn piglets (TBA). The calculated value
was close to 0, although the correlations of the production parameters with culling were
statistically significant. The mean number of weaned piglets was higher for unculled sows
in PO1 (p < 0.05). The number of weaned piglets, total number of liveborn piglets, and
weaning-service interval did not differ in the unculled and culled sows in PO2 (p > 0.05).
Using a confusion matrix as a metric tool, the decision tree method used in this study
provided consistent results for this database, indicating its possible use for decision-making
in sow selection.

Introduction

Productive performance is one of the main selection
criteria in animals reared in intensive systems. Although
the productive performance of sows has improved
considerably in recent years due to advances in genetic
improvement, a wide variation in performance is
still common (Baxter et al., 2020). Several factors are
associated to low productivity and sow culling. High
weight loss during lactation, feed restriction, high
temperatures, long lactations, weaning-to-service
intervals, diseases, injuries, reproductive failure, and
irregular return to estrus are some factors that can
reduce productivity and lead to the early culling of
sows (Koketsu et al., 2017). Therefore, the capacity to
predict which sows have high reproductive performance
and high longevity to facilitate culling decisions is
advantageous for producers (lida and Koketsu, 2015)
to increase productivity and reduce production costs.
In this sense, studies have shown that it is possible to
predict the production of piglets considering only first-
parity data (Gruhot et al., 2017; Hoving et al., 2011; lida
et al., 2015; Iida and Koketsu, 2015).

Decision trees allow to integrate a large amount
of information generated during the production process
and to present the results in a simple and objective way
thus assisting in the decision-making process on farms.
Decision trees can generate knowledge representation by
constructing of classifiers based on an ordered sequence
of questions. The subsequent questions depend on the
previous answers, and the classification is given by the
answer to the last question (Kingsford and Salzberg,
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2008). A decision tree is a machine learning technique
capable of classifying information based on training
data. A series of questions with simple answers (yes
or no) is generated at each tree node. As the questions
are answered, they generate other child nodes, forming
an inverted tree (Kingsford and Salzberg, 2008). This
method has already been applied in different production
systems. Applications of decision trees in the swine
industry include the areas of animal welfare (Cordeiro
et al., 2018), piglet performance (Lee et al., 2019), water
use (Lee et al., 2017), prevention and control of diseases
(Liang et al., 2020), carcass and meat production
classification (Masferrer et al., 2018), and pork pricing
(Ding et al., 2010).

Therefore, predicting sow culling maintenance
in the herd based on the internal reproductive
performance of the production system is an exciting
tool for the decision-making process. This study applied
the decision tree method to production parameters of
primiparous sows from a commercial herd to indicate
female selection.

Material and Methods

Farm characterization

Data were obtained from a piglet production unit (PPU)
in the municipality of Carambei, Parana State, Brazil.
The PPU has a stable herd with a housing capacity
of 5500 sows and is equipped with a biosecurity
system, electronic temperature, and ventilation control
(evaporative plates and exhaust fans) in all sheds, as well
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as a farrowing unit equipped with a heated floor for the
piglets. In addition, the PPU produces its replacement
sows. The genetic lines used are Camborough and AG
1020 (Agroceres PIC®).

Immediately after weaning or when they are
introduced into the herd, sows are submitted to the
breeding sector for artificial insemination (AI), where
the sows are housed in cages containing drinkers and
individual feeders. Immediately after insemination, a
batch is formed and sent to the gestation sector. The
gestation is divided into pens with a static system to
ensure that no female is introduced to the pen after the
batch formation. All gestation pens are equipped with
drinkers and electronic feeders. The sows are transferred
to the farrowing rooms one week before the expected
farrowing date. All farrowing rooms are equipped with
metal farrowing crates with slatted flooring, drinkers
and manual feeders, in addition to a heating system,
drinkers, and feeders for the piglets.

The sow remains in the farrowing room until
weaning, which occurs on average 21 days after
farrowing, and is then transferred to the breeding sector
to be again inseminated. In all production sectors,
employees collect data using paper spreadsheets. These
data are then sent to the office and entered the Agriness
S2® farm management software.

Data collection

The data on the herd were obtained from the Agriness
S2® software. The period from January 2017 to March
2020 was analyzed. The information was exported to
electronic spreadsheets where each line corresponded to
a sow and the variables were arranged in columns. The
descriptive variables were divided into environmental,
labor, date (month and time), animal (identification
number, genetic line, PO, weaning-service interval -
WSI, culling, type of delivery - TD, gestation length
- GL, and farrowing duration - FD), and production
parameters (non-productive days - NPD, TBA, number
of mummified piglets - NMP, number of stillborn
piglets - NSP, number of weaned piglets - NWP,

Table 1 — Mean values of variables studied for each parity order.
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piglets weaned/female/year - WFY, and mortality
rate), proportion of piglets deaths at farrowing - DPart,
proportion of piglets deaths at weaning - DW.

The type of delivery (TD) was established based on
the information in the Agriness S2® software: dystocic,
induced, normal, premature, or premature and dystocic.
This information was also used to determine the types
of culling, physical condition, hooves, return to estrus,
false pregnancy, anestrus, low productivity, presence
of mastitis, metritis, agalactia, abortion, and uterine
prolapse.

Definitions

Return to estrus was defined as when the sow, after
insemination and transfer to the gestation facilities,
returned to manifest estrus and was again transferred to
the breeding sector for new insemination (Hoving et al.,
2011). In this case, only information on insemination that
resulted in parturition was considered for the analysis.
WSI was defined as the number of days after weaning
until the first insemination. NPD was defined as the
number of days when the sow was neither pregnant nor
nursing (Ilida and Koketsu, 2015). The number of piglets
that died at farrowing or until weaning was calculated as
the proportion of the number of dead piglets in relation
to the number of live or weaned piglets + number of
dead piglets.

Statistical analysis

The data obtained were analyzed using R 3.3.0 (RStudio
Team, 2020). First, quality control and verification of
biological coherence or possible typing errors of the
tabulated data were performed using the descriptive
statistics (minimum, maximum, mean, and standard
deviation) and the graphical analysis (Table 1). The
criteria for removing data from the analyses comprised
information considered outside the normal pattern of
the PPU, data showing biological inconsistency, and
information of litters resulting from “milk mothers”
sows (because it does not refer to the production

Parity 1 Parity 2 Parity 3 Parity 4 Parity 5 Parity 6 Parity 7 Parity 8
Sows, n 8,869 6,213 4,105 2,612 1,420 706 313 76
Al n 21(1-3) 217 (1-3) 224 (1-3) 2.29(1-3) 228 (1-3) 2.28(1-3) 2.38 (1-3) 23(1-3)

GL, days 115.1 (108 - 122) 115.2 (108 - 122) 115.3 (108 - 122) 115.2 (108 - 120) 115.2 (108 - 121) 115.3 (109 - 120) 115.5 (108 - 119) 115.8 (113 - 119)
FD,min  201.5 (10 - 1385)227.4 (10 - 1415)233.6 (10 - 1390)248.8 (15 - 1411)258.5 (10 - 1380)256.1 (10 - 1010)255.4 (20 - 1171) 254.1 (60 - 610)

WSI, days 6.1 (0-76) 4.9 (0-43) 5.09 (0 - 46)

Piglets

TBA, n 13.62(0-23) 13.00(0-24) 13.56(0-25) 13.98 (0-24)
DPart, % 0.09(0-1) 0.08 (0-1) 0.08(0-1)

Weaned, n  12.13 (0 - 20) 11.9 (0 - 20) 11.7 (0 - 20)

DW, % 0.1(0-1) 0.11(0-1) 0.11(0-1)

4.96 (0 - 50)

0.10 (0 - 1)
11.59 (0 - 20)
0.12(0- 1)

538(1-46) 5.12(2-28)  4.45(0-22) >

1412(0-25) 14.06(0-23) 1377 (2-21) 12.87 (1-21)

0.10 (0 - 1) 0.12(0-1)  0.13(0-0,75) 0.11(0-0,9)
11.33(0-20) 11.31(0-19) 11.37(0-20) 10.29 (0 - 15)
0.13(0-1) 0.12 (0- 1) 0.12(0- 1) 0.15(0- 1)

Al: Artificial insemination. GL: Gestation length. FD: farrowing duration. WSI: Wean-to-service interval. TBA: Total born alive piglets. DPart: proportion of piglets
deaths farrowing. DW: proportion of piglets deaths at weaning. Values in parentheses: minimum — maximum.
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results of the sow itself but of the donor). After quality
control and verification, the correlations between TBA,
WSI, DW, DPart, Al, GL, FD, and NWP (Weaned) were
calculated for PO1 (Table 2) and PO2 sows (Table 3) to
assess the interaction of these variables with culling. We
consider TBA as a productivity indicator of sows and
NWP as a PPU productivity indicator. The ANOVA was
used to evaluate the difference in TBA and NWP between
culled and unculled sows individually for PO1 and PO2,
adopting a level of significance of 5 % (p < 0.05).

The decision trees were built using the method
described by Kirchner et al. (2004) and the C4.5
algorithm. The data were divided into two random
groups. To train the decision tree algorithm, the database
was randomly divided into a training and a testing
group. Employing the model generated from the training
group, predictions were made on the testing group,
which was subsequently analyzed using a confusion
matrix. The confusion matrix is organized as follows:
true positive (TP) when the classifier correctly predicts
a positive outcome and hits; false positive (FP) when the
classifier incorrectly predicts a positive outcome and
fault; true negative (TN) when the classifier correctly
predicts a negative outcome and hits, and false negative
(FN) when the classifier incorrectly predicts a negative
outcome and fault (Cordeiro et al., 2018). Based on the
confusion matrix used to assess the analytical capacity,
the precision of the decision tree classification, accuracy;,
sensitivity and specificity metrics were calculated using

Decision trees for sow selection

the formulas: Sensitivity =
= TN/(FP+TN), and Accuracy =
FP+ TN +FN) (Kirchner et al., 2004).

TP/(TP+FN), Specificity
(TP+TN)/(TP+

Productivity

In the first analysis (Model 1), we used decision trees
to classify sows according to first-parity productivity. A
total of 6,441 primiparous sows were used. The following
variables were evaluated: TBA, WSI, DW, DPart, Al, GL,
FD, NWP, and TD. The sow population was first divided
into two groups based on first-parity productivity and the
classification method was then applied. The decision tree
algorithm was trained in two different scenarios using the
variables mentioned above to first identify the 25 % most
productive sows (denominated excellent) and, second, to
identify the 50 % most productive sows (denominated
good).

Culling of sows

In the second analysis (Model 2), we sought to study
the effects and understand the behavior of the culling
criteria adopted by the farm and that somehow may be
present in the database. First- and second-parity sows
were considered in this model. A total of 5,717 sows
were used. The following variables were used to build
the decision tree: TBA, WSI, DW, DPart, AI, GL, FD,
NWP, and TD.

Table 2 — Correlations between variables and culled sows considering only data on the first and second farrowing of sows.

GL FD TBA DPart NWP DW WSI CULLED
Al 0.13*** —0.02 ns —0.03** —0.03** —0.01ns 0.0 ns —0.08*** —0.09***
GL -0.01ns —0.16*** —0.01ns 0.02 ns —0.04*** —0.05*** —0.05***
FD 0.05*** 0.19*** —0.10*** 0.1*** 0.03* 0.04**
TBA —0.36*** 0.20*** —0.01ns 0.04*** 0.10***
DPart —0.25*** 0.11** 0.03* 0.08***
NWP —0.73** -0.02* —0.07***
DW 0.04*** 0.13***
WSl 0.04 ns

Al: artificial insemination. GL: gestation length. FD: farrowing duration. TBA: Total born alive. DPart: proportion of piglets deaths at farrowing. NWP (Weaned):
number of weaned piglets. DW: proportion of piglets deaths at weaning. WSI: weaning-service interval. Culled: total culled sows. *p < 0.10; **p < 0.05; ***p <

0.01; ns: not significant.

Table 3 — Correlations between variables (data of second farrowing sows) and culled (second parity order -PO2 and total).

GL FD TBA DPart NwWP DW WSI CULLED PO2 CULLED
Al 0.14*** —-0.02* —0.02 ns —0.02 ns 0.01ns —0.02* —-0.01ns 0.0ns —0.04**
GL —0.05"* —0.22"* —0.07** 0.07** — 0.1 -0.02 ns 0.0ns —0.05"
FD 0.13** 0.16™** —0.08™* 0.08*** 0.0ns 0.02 ns —0.01ns
TBA —0.23** 0.13** 0.03** 0.02ns 0.03* —0.09"**
DPart —0.20*** 0.08*** —0.01ns —-0.01ns 0.07***
NwWP —0.73" —0.05" 0.01ns —0.09"**
DW 0.06™** 0.02 ns 0.03**
WsI - 0.05***
CULLED PO2 0.16***

Al: artificial insemination. GL: gestation length. FD: farrowing duration. TBA: Total born alive. DPart: proportion of piglets deaths at farrowing. NWP (Weaned):
number of weaned piglets. DW: proportion of piglets deaths at weaning. WSI: weaning-service interval. Culled: total culled sows. Culled PO2: culled of second

parity order - PO2 sows *p < 0.10; **p < 0.05; ***p < 0.01; ns: not significant.
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Results

The analyses are limited to PO8 because of the need
for more information for higher parities; thus, WSI was
not considered for PO8. The descriptive statistics of the
complete database are arranged according to sow parity
(Table 1). To better understand the data behavior, the
population was divided into culled and unculled sows.
Considering PO1 sows, the mean NWP in the unculled
group differs from that in the culled group (p < 0.05),
while the mean TBA in the unculled and culled groups do
not differ (p > 0.05). Considering PO2, the mean NWP,
TBA, and WSI in the unculled and culled group do not
differ (p > 0.05) (Table 4).

All PO1 sows were previously ranked for best
production. First, 25 % of sows had > 16 TBA (excellent
sows), and 50 % of subsequent sows of the ranking
were considered good sows > 14 TBA productivity. To
measure sow productivity, the classifier started with
the variable number of live piglets per parturition using
two groups of sows based on productivity: excellent (>
16 TBA) (Figure 1) and good (> 14 TBA) (Figure 2). The
model for the excellent and good groups selected only
the TBA variable based on information from PO1 sows
for classification, demonstrating that TBA is the variable
that best explains the sow productivity. . The model for
excellent sows correctly classified the outcome, showing
86 % sensitivity, 74 % specificity, 86 % accuracy, 74 %

Table 4 — Analysis of variance of TBA and NWP between culled
and unculled sows individually for PO1 and PO2.

PO1 PO2
Unculled Culled P Unculled Culled P
TBA 13.62+3.36 11.67+503 ns 13.0+3.87 16.2+2.77 ns
NWP 12.14+3.15 767+666 * 11.9+3.24 126+2.88 ns
WsSI 6.10+6.03 4.75+05 ns
PO: parity order. TBA: Total born alive. NWP: number of weaned piglets.

WSI: weaning-service interval. Culled: total culled sows *p < 0.10; **p <
0.05; ***p < 0.01; ns: not significant.

Figure 1 — Decision tree to classify the sows through the Total
Born Alive (TBA) as excellent considering PO1 sows. Values
in the boxes (leaves) are: - rating: 0 (poor) and 1 (good); - the
average of the tree leaf: ex. 0.26 hits index and means that of
the animals considered good, 100 % proportion of total samples
in this leaf. Colors: lower the mean value - bluer and higher the
mean value — greener. Accuracy: 0.83. Kappa: 0.58. Sensitivity:
0.86. Specificity: 0.74. Prevalence: 0.74.

Sci. Agric. v.81, 20230002, 2024
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prevalence, and a kappa index of 58 % (Figure 1). The
model for good sows correctly classified the outcome
with 73 % sensitivity, 88 % specificity, 80 % accuracy,
49 % prevalence, and a kappa index of 61 % (Figure 2).

To predict the culling criteria of sows, we used
TBA, TD, WSI, DW, DF, Al, GL, FD, and NWP as
explanatory variables. Total culling was the dependent
variable since this approach made the model more
explanatory than culling according to parity order.
Decision trees of PO1 sows consider the influence of
other variables on the response variable (Figure 3). The
bar chart shows that the Weaned (NWP) has the most
important variable to determine the culling of a sow.
According to the algorithm, only sows that did not wean
any piglets or whose TD was dystocic or premature were
culled. In the confusion matrix, the model was excellent
in classifying sows that were not culled correctly (98 %
sensitivity); however, it showed low accuracy (14 %) in
classifying sows that were culled, with low confidence
of the classifier (kappa = 17 %).

A decision tree that groups data from PO1 and PO2
sows indicates that sow culling is a complex decision
and considers more than one variable (Figure 4). The
addition of PO2 information increased the branches of
the tree, which became more complex. In this respect,
WSI, Al, and NWP (Weaned) were the variables that most
influenced the formation of the tree. Sows that weaned,
on average fewer than 9.3 piglets were culled. Based
on this classification, sows with a WSI of 6 to 24 days
and those submitted to more than two AI stayed in the
herd. Furthermore, when WSI was less than five days,
maintenance of the sow depended on a combination of
the Al and NWP results. However, sows that weaned
more than 14 piglets were culled. The classifier for this
tree was more balanced (kappa = 46 %) and correctly
classified 59 % of unculled sows and 85 % of culled sows.

To study the effect of the other variables on the
groups of good (top 50 %) and excellent (top 25 %) sows,

Figure 2 — Decision tree to classify the sows through the Total
Born Alive (TBA) as good considering PO1 sows. Values in the
boxes (leaves) are: - rating: 0 (poor) and 1 (good); - colors: lower
the mean value - bluer and higher the mean value — greener;
- the average of the tree leaf: ex. 0.50 hits index and means
that of the animals considered good, 100 % proportion of total
samples in this leaf. Accuracy: 0.80. Kappa: 0.61. Sensitivity:
0.73. Specificity: 0.88. Prevalence: 0.49.
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Figure 3 —A) Decision tree to classify sow culling considering PO1 data. B) Order of influence of variables on the construction of the decision
tree. Sensitivity = 0.98. Specificity = 0.14. Prevalence = 0.71. Accuracy = 0.74. Kappa: 0.17. p < 0.001. NWP (Weaned): number of weaned
piglets. DPart: proportion of piglets deaths at farrowing. TBA: Total born alive. GL: gestation length. TD (Part): types of delivery (dystocic,
induced, normal, premature, or premature and dystocic). DW: proportion of piglets deaths at weaning; Values in the boxes (leaves) are: -
rating: 0 (poor) and 1 (good); - colors: lower the mean value - bluer and higher the mean value — greener; - the average of the tree leaf: ex.
0.29 hits index and means that of the animals considered good, 100 % proportion of total samples in this leaf.

TBA was removed from the model since it was the
variable most used in the previous models (Figure 5).
It was not possible to use the classification of excellent
sows. However, it was possible to predict good sows.
This method was not accurate to classify sows as good.
However, we can see that a long FD (between 118 and
527 minutes) and a long GL (118 days) compromise the
number of liveborn piglets. In contrast to the previous
classifications, model accuracy was limited to 34 % for
sows classified as not good and 78 % for those classified
as good (kappa = 0.12).

Discussion
The graphical characteristics of decision trees allow
straightforward interpretation of the results. In addition,

from an economic viewpoint, decision trees are
computationally inexpensive to train, assess, and store
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data. However, these trees are prone to overfitting since
small changes in the dataset can generate extremely
different trees (Valletta et al., 2017).

Efficiency is the focus of the swine industry,
which is achieved by increasing herd productivity and
reducing production costs. In this respect, the aim is to
identify sows that produce more and stay in the herd
longer. We, therefore, applied decision trees to identify
the variables that most influence the permanence of
sows in a commercial herd. Considering the PO1 data,
we observed that TBA was the essential variable since it
was the only one in the trees for both excellent and good
sows. In the tree for excellent sows (> 16 TBA), 29 % of
the population was classified as excellent and the model
proved to be accurate. The model correctly classified
86 % of not-excellent sows and 74 % of excellent sows.
However, when the classifier was less demanding
(> 14 TBA), 57 % of the population was classified as
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Figure 4 — A) Decision tree to classify sow culling considering PO1 and PO2 data. B) Order of influence of variables on the construction of the
decision tree. Sensitivity = 0.59. Specificity = 0.85. Prevalence = 0.45. Kappa: 0.46. p < 0.001. NWP (Weaned): number of weaned piglets.
WSI: weaning-service interval. Al: artificial insemination. - GL: gestation length. FD: farrowing duration. DPart: proportion of piglets deaths
at farrowing. DW: proportion of piglets deaths at weaning. TBA: Total born alive. Values in the boxes (leaves) are: - rating: 0 (poor) and 1
(good); - colors: lower the mean value - bluer and higher the mean value — greener; - the average of the tree leaf: ex. 0.55 means that of
the animals considered good, 100 % proportion of total samples in this leaf.

good sows and the model was more accurate, correctly
classifying 73 % of not-good sows and 88 % of good sows.
Therefore, the models were capable of predicting sow
productivity with some accuracy based on PO1 data.
The great contribution of TBA to sow classification was
expected. This parameter is one of the main criteria used
for sow selection on farms since it is strongly associated
to profitability, mainly because more prolific sows stay
longer in the herd (Gruhot et al., 2017), diluting fixed
costs and thus making the activity more profitable (Zak

Sci. Agric. v.81, 20230002, 2024

et al., 2017). For these reasons, low productivity is a
leading cause of culling first- and second-parity sows
(Andersson et al., 2015).

Correlations between the TBA of culled and
unculled sows were not significant (p >0.05 and 0.064,
respectively) indicating that TBA is not the main variable
influencing culling. Therefore, the culling criteria of
sows must t consider different factors, not only TBA. We
emphasize that sow selection based only on productivity
can have consequences for the welfare of dams and



Hilgemberg et al.

Figure 5 — Decision tree to classify sows as good (top 50 %) in
terms of TBA from PO1, considering the duration of farrowing
(FD) and gestation (GL). Accuracy: 0.56. Sensitivity = 0.34.
Specificity = 0.78. Prevalence = 0.49. Kappa: 0.12. p < 0.001.
GL: gestation length. FD: farrowing duration. TBA: Total born
alive. Values in the boxes (leaves) are: - rating: 0 (poor) and
1 (good); - colors: lower the mean value - bluer and higher the
mean value — greener; - the average of the tree leaf: ex. 0.50
means that of the animals considered good, 100 % proportion of
total samples in this leaf.

their piglets, and affect the economic efficiency of pig
production (Bergman et al., 2018).

In model 2 (Figures 3 and 4), we can understand
which criteria influenced the culling of sows on the farm
studied. Including only PO1 data, the tree contained only
two variables: NWP and TD. Only 5 % of sows were culled
based on these criteria: 4 % when the sows weaned less
than one piglet and 1 % when farrowing was dystocic or
premature. The results showed that the classifier correctly
classified 98 % of unculled sows but only 14 % of culled
sows. This finding suggests that, when in doubt, the sow
was not culled to increase the opportunity to express its
potential. However, adding second-parity information
increased the number of branches in the tree composed
of WSI, Al and NWP. Neither low-productivity nor high-
productivity sows stayed in the herd. Low-productivity
sows (< 9.3 weaned piglets) were culled, corresponding
to 10 % of the population. Low productivity (litters
with < 7 piglets) affects longevity of sows since they
are culled due to reproductive failures (Baxter et al.,
2020). However, although desired, high productivity
and large litters can compromise the productive life of
sows, increasing farrowing duration and the number of
stillbirths (Bjérkman et al., 2017; Udomchanya et al.,
2019). Sows that produce an average of 12 to 14 piglets

Sci. Agric. v.81, 20230002, 2024

Decision trees for sow selection

stay longer in the herd (Andersson et al., 2015). Our
results showed that sows that weaned between 13 and 14
piglets stayed in the herd (2 % of the population), while
those that weaned more than 14 piglets were culled (11
% of the population). These results can be attributed to
the fact that the increase in the number of born piglets
tends to increase mortality, mainly because of the low
birth weight, viability, and performance of the piglets
(Campos et al., 2012). Other associated factors are heat
stress during lactation, increased mobilization and loss
of body reserves, increased shoulder injuries due to
limited postural change, and reduced maternal capacity
decreasing longevity of sows (Andersson et al., 2015;
Baxter et al., 2020).

Another observation from the decision tree
is that both sows submitted to few (< 1.3) and many
inseminations (> 2.8), as well as sows with high WSI
(> 24 days), were culled (8 % of the population). In
addition, sows with a WSI between 3.8 and 4.3 days
and those that weaned fewer than 13 piglets were culled
(23 % of the population). These results can be explained
by reproductive failures, irregular estrus, embryo
death, and failure in estrus detection, mainly because
reproductive disorders are the leading cause of culling
of younger sows (de Hollander et al., 2015). On the other
hand, sows that weaned more than 9.3 piglets and had a
WSI between 5 and 24 days stayed in the herd (9 % of the
population). Ideally, the WSI should be kept between 3
and 7 days to maximize production and reduce the NPD
of sows and production costs. Likewise, sows submitted
to 2.3-2.8 Al were more likely to stay in the herd (11 %).
Artificial insemination protocols that use two doses for
24 hours are safe since they also target sows with early
ovulation or diagnostic problems (late estrus).

The decision tree method accurately classified
sows according to productivity using only first-parity
information. This tool could also identify the main
variables that influenced the culling of sows in the
current database, demonstrating their relationships
and patterns. These findings show that the method can
be applied on farms to understand critical factors and
improve productivity. However, the present results are
limited to the database of the farm studied since small
changes in data composition can considerably alter the
presentation of the decision trees. It is also important
to emphasize that the main focus of the study was to
evaluate the applicability of the method within the
farm rather than reporting values that could be used for
selection. Thus, further studies using a larger database
and involving a larger number of production units are
necessary for a more detailed analysis. Decision trees
accurately represented the patterns and relationships
between production variables and culling. Regarding
productivity, the decision trees could identify good/
excellent sows based on first-parity TBA data. As for the
culling criteria, sows with a WSI longer than 5.3 days
are culled earlier, and those that wean between 13 and
14 piglets stay in the herd for a longer period.
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