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Abstract. The main purpose of this paper is to introduce a weighted sampling
method that can reduce bias in a swine production prediction model and to
propose improved performance effect. The results of this study indicate that
applying a weighted sampling method can increase prediction accuracy when
predicting production by using swine management system users’ data that have
different distributions from a population. This can solve problems with
decreasing prediction accuracy due to difficulty in the model’s input data
representing a population.
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Introduction

Prediction is studied in many different areas. Industry spends a large amount of
money to predict the future as prediction can create profits and avoid risks. In
agriculture, it is not easy to increase prediction accuracy because of various external
factors such as climate, harmful insects, and price fluctuations. For example,
Monsanto bought Climate Corporation for $1.1 billion, which indicates how
important it is to predict the future in agriculture.
Many studies related to performance prediction seek to increase model accuracy by
using the newest algorithm. This approach can be successfully implemented when
input data represent a population. If sampled input data are biased, the prediction
results can be incorrect. Thus, unbiasedness of input data is as important as accuracy
in a prediction method. The main purpose of this study is to introduce a weighted
sampling method, which can reduce bias in input data of a swine production
prediction model and propose improved performance effect. First, this paper
introduces previous studies regarding a sampling method and output prediction. Then,
the paper explains swine production prediction and methods for improving
performance when using data obtained from a swine information system. The
conclusions propose implications based on the study results.
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2

Previous Research

2.1 Prediction for livestock production
The prediction of production has been actively studied in the area of stock price
predictions. In the livestock sector, many studies have predicted livestock price [1-4].
In recent years, the increase performance of production prediction for pork, beef, and
chicken is an important issue. In the past, [5] nonlinear optimization based on a
heuristic search procedure was used to predict production. However, this particular
procedure lacked accuracy. Some studies applied time series econometrics such as the
random walk model or autoregressive model [6] as prediction techniques. However,
current studies have focused on algorithms based on data-mining methods such as a
neural network, which can better predict in comparison to econometric methods
([7],[8]). To improve prediction model performance based on a neural network, [9]
used the Back Propagation algorithm with the Levenberg-Marquardt training method.
Furthermore, the Support Vector Machine (SVM) algorithm is recognized for better
prediction than a neural network, and [10] used SVM verified predictive performance
of a livestock model.
2.2 Sampling method
To increase model performance, an accurately estimated population is important.
However, measuring a population is almost impossible, and thus sampling without
bias is also important. Weighted sampling is a classical sampling method [11-13].
[14] used the Bayesian approach to increase sampling accuracy. [15] proposed the
weighted average importance sampling method and [16] presented the weighted
random sampling method. In recent years, the respondent-driven method [17],
capture-recapture method [17-19], random walk method [20-22], and biased sampling
[23] were used to sample internet data, which do not have a normal distribution such
as an online social network service. Considering various methods is important
because population characteristics are an important factor to consider in determining
the sampling method.

3

Prediction for production based on a pig management system

This study used the number of weaned piglets to predict production by using Pig
management system data. Fig. 1 is a pig production life cycle. Farms that use this
particular pig management system have the most abundant data as they input weaned
piglet numbers. They can predict production after 23 weeks (about 160 days).
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Fig 1. Life cycle of pig production

The number of weaned piglet data matches 100% with the shipments after 23 weeks,
unless there is no mortality from illness or variation in shipment timing. However,
these variables have an effect such that it is required to design a prediction model. To
verify the effect of population estimation based on weighted samples, this study
assumed that 100% of the weaned piglets are marketed.

4

Weighted sampling and test for improvement of prediction

If the weaned piglets recorded in the pig management system are 100% marketed, the
number of pigs takes up 25% of total number of pigs slaughtered in Korea. The hog
farms that use a management system are one-quarter of the entire swine farms.
However, these farms have not been chosen from random sampling, and thus can
have distinct characteristics. Table 1 presents the production ratio of different scales
of farms that are selected from random sampling from a population and farms that use
a management system. Table 1 illustrates that the number of pigs per farm that use a
management system are larger than that of farms randomly selected from a population.
A difference in productivity exists in the swine industry because large-size pig farms
usually have higher productivity. Thus, the sampling method after applying a
weighted value by farm size can revise the difference in distribution and productivity
caused by different farm sizes.
Table 1. Ratio of normal hog farms and system users according to farm size in 2013

(unit : percent)

Under
1,000

1,0002,000

2,0003,000

3,0005,000

Over
5,000

Sample from population

23

37.1

19.7

11.6

8.6

System users

4.7

26.4

20.4

22.1

26.4

4.89

1.41

0.97

0.52

0.33

Sample / system users

Table 2 shows the application of the machine learning technique, which manipulated
and put farms over 10,000 pigs to 1. Weighted values for every case from 0.5 to 1.5 in
the unit of 0.1 are multiplied by the number of weaned piglets in the other four size
farms. We calculated the mean square error (MSE) and sum of the data added in the
weekly basis and the actual number of slaughtered pigs after 23 weeks in the
wholesale market. When we compared the default weighted value is 1, we found that
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the minimum error case MSE value is lower. Farms that are under 1,000 pigs have a
lower component ratio and number of shipments. Thus, these small-size farms have
less influence on shipments, which results in less effect on the MSE value in every
range. In the case 1,000 to 3,000 pig farms, the weighted value that is larger than 1 is
found because the ratio of system users was lower than the normal size farms. In the
case of 3,000-10,000 pig farms, the ratio of system users is larger than the normal size
farms. Thus, the weighted value less than 1 is found. These results coincide with the
results in Table 1.

5

Conclusions

This study proves that applying the weighted sampling method can increase
prediction accuracy when predicting productivity by using data of a swine
management system that have different distributions from a population. This result
can solve the problem of decreasing prediction accuracy since prediction model input
data cannot represent the entire population. However, the results have a limitation in
that they can only be applied to the swine industry. Thus, future research should apply
production prediction accuracy to other types of livestock.
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