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The milk yield prediction model based on the cow
feeding condition and production management level could
be used to predict the overall milk yield of different parities.
Due to the closely related relationship between cow milk
yield and dry material intake (Sánchez-Pérez et al. 2018),
the nutrition requirement of lactating cows could be
predicted which provides a reliable basis for the lactating
cow management, nutrition control and stable milk
production (Deen et al. 2019, Singh et al. 2019). Therefore,
milk yield prediction for lactating cows is essential for fine
raising of cows. Many studies on mathematical model for
milk yield prediction have been carried out (Luo et al. 2010,
Xiong et al. 2011, J Johnson et al. 2015, Sharma et al.
2019),among which the Wood model (Wood et al. 1967)and
polynomial model have attained promising predicting
results. Different regions and environments might affect
the milk yield (S. Mote et al. 2016), therefore, there would
be significant differences among parameters used in the
model.

The current study selected data on the production of
Holstein cows in the largest pasture in Yunnan (mountain
plateau, tropical monsoon climate), explored the variation
rules of parity, lactation time and milk yield of Holstein
cows, and compared multiple milk yield sequential variation
models.

MATERIALS AND METHODS

Data sources and processing: The data were derived
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ABSTRACT
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from the largest Yunnan standardized pasture in 2017 and
2018, and the milk yield data records (mean daily yield
milk data) were exported by the MPC automatic milking
system in the pasture. To guarantee the reliability of the
data, the milk yield data used for modeling were the FCM
(fat corrected milk) data from the 1st to 305th days after
delivery, at least 240 records were collected from each
lactation period, the lactation parities ranged from 1 to 3,
and the milk yield was converted to 4% FCM (Gaines et al.
1928). Data satisfying the above-mentioned conditions were
finally used for modeling and analysis was derived from
1,826 Chinese Holstein cows, as shown in Table 1.

Table 1. Milk yield

Parity Cows Record Mean daily milk yield ±SD (kg)

1 433 125049 28.24±11.97
2 685 198766 31.75±10.20
3 708 202731 32.97±9.26

Classification of different lactation periods: The milk
yield observation period was classified as 7, 10 and 30 days,
respectively, and the mean daily milk yields (kg/d) in
different lactation periods were calculated. Then, the
Excel2016, SPSS and Python software were employed for
sorting out the experimental data and plotting for subsequent
model fitting.

Milk yield prediction model and evaluation: The mean
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daily milk yields were calculated based on different
observation periods (7, 10 and 30 days) for model fitting.
The Wood model, Quadrinomial model and Back-
propagation Neural Network (BPNN) model were applied,
among which, the first two models were used to construct
the single-factor prediction models, and observation time
as the inputs to output the predicted value for milk yield.
BPNN used the current observation period and observed
milk yield as the inputs to output the predicted value for
the next period. Adjusted R2 (Ra

2) as the suitable measures
of the goodness of fit when the numbers of independent
variables are different in different models. The
determination coefficient Ra

2, which ranged from 0 to 1,
was adopted to evaluate the model, and a Ra

2 value that
was closer to 1 indicated a higher model fitting degree.

... (1)

n, number of samples; p, number of variables.
Wood model:

Y=atbe-ct ... (2)

t, time; a, b, c, model parameters; e, natural base; Y,
predicted value.

Quadrinomial model:

Y = a + bX + cX2 + dX3 + eX4 ... (3)

X, time; a, b, c, d, e, model parameters; Y, predicted value.
BPNN model:

... (4)

xi, observation period and current observed milk yield; wi,
weight; θ, deviation value; Y, predicted value.

There were 2 input nodes and 1 hidden layer of the
BPNN model framework; as for the hidden node, the Hecht-
Nielsen method (Hecht-Nielsen et al. 1992) was used to
obtain 4 neurons in the hidden layer. BPNN used the current
observation period and milk yield in the current period as
the input nodes to output the predicted value in the next
period.

Feeding management: The cows were fed twice a day
with the full-hybrid daily ration in enclosure, and they had
free access to food and water, and were milked for three
times a day.

RESULTS AND DISCUSSION

Comparative analysis of the observed values of milk
yields among different periods and different parities: The
mean milk yields of cows at different parities during various
lactation periods were analyzed. Then, the lactation period
was used as the horizontal coordinate, while the mean daily
milk yield at different observation periods was used as the
vertical coordinate, to plot the mean daily milk yield
variation trend within different lactation periods, as shown
in Figs 1–3.

It could be seen from Figs 1–3 that, the milk yield
variation trend was as follows: the mean daily milk yield

Fig. 1. 7-day period milk yield variation trend.

Fig. 2. 10-day period milk yield variation trend.

Fig. 3. 30-day period milk yield variation trend.

of cows at parity 1 was slowly increased, the highest daily
milk yield was low, the lactation peak appeared late, and
the milk yield downtrend was slow at the late lactation
period; the milk yields of cows at parities 2 and 3 were
rapidly increased, the highest daily milk yield was high,
the lactation peak appeared early, and the milk yield was
decreased at a relatively fast rate at late lactation period;
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such results suggested that cows at parity 1 had strong
lactation duration, while cows at parities 2 and 3 had weak
lactation duration.

The mean daily milk yield during the 1st lactation period
was 28.24 kg/d, close to that (28.5 kg/d) reported by Penasa
et al. (2016), higher than that (26.02 kg/d) reported by Bilal
et al. (2016), higher than that (27.10 kg/d) reported by Cinar
et al. (2015), lower than that (35.93 kg/d) measured by
Heins et al. (2016). The mean daily milk yield during the
2nd lactation period was 31.75 kg/d, lower than that (34.10
kg/d) reported by Xiong et al. (2011). The mean daily milk
yield during the 3rd lactation period was 32.97 kg/d, close
to that (33.65 kg/d) reported by Xiong et al. (2011). The
mean daily milk yields for parities 2 and 3 within the
lactation period were slightly higher than the mean daily
milk yield (30.4 kg/d) of the mixed cows for multiple
parities reported by Kristensen et al. (2015).

Observations indicate that the peak day of 1st lactation
period was 60th day. The peak day of 2nd lactation period
was 18th day. The peak day of 3rdlactation period was 53rd

day. The lactation peak day for parity 1 had lagged behind
those for parities 2 and 3, and the durability for cows at
parities 1 and 2 was better than that for cows at parity 3;
but the peak milk yield and mean daily milk yield for cows
at parities 2 and 3 were higher than those at parity 1. Such
results indicated that, parity would affect the lactation peak
day and the peak milk yield.

Different fitting model parameters: The models of
observed values and parities at different periods were
obtained through fitting. The major model parameters are
shown in Table 2.

Comparison of the fitting effects of mean daily milk yields
predicted by different models: Cow lactation gradually rises
to peak stage, and then slowly declines. The peak of
lactation is the turning point of the increasing prolactin trend
into the decreasing trend, and it is an important feature of
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Table 3. BPNN prediction model parameters

Parity BPNN model parameters
(Period)

1(30d) H1_1=TANH (–0.9000–0.0822×[POM(d)]+0.0470×[MY])
H1_2=TANH (–8.0368+0.0757×[POM(d)]+0.2285×[MY])
H1_3=TANH (–5.6709–0.0743×[POM(d)]+0.2028×[MY])
H1_4=TANH (6.4011–0.1238×[POM(d)] –0.1934×[MY])

2(30d) H1_1=TANH (–2.8474–0.2041×[POM(d)]+0.1287×[MY])
H1_2=TANH (2.8157+0.0377×[POM(d)] –0.0830×[MY])
H1_3=TANH (0.9679–0.0791×[POM(d)] –0.0197×[MY])
H1_4=TANH (–2.4082+0.1326×[POM(d)]+0.0493×[MY])

3(30d) H1_1=TANH (–2.6832–0.0997×[POM(d)]+0.0839×[MY])
H1_2=TANH (2.3101+0.0352×[POM(d)]–0.0850×[MY])
H1_3=TANH (0.7216+0.3356×[POM(d)] –0.0877×[MY])
H1_4=TANH (0.9317–0.1260×[POM(d)] –0.0210×[MY])

TANH is the hyperbolic tangent function, POM represents
the count value of different observation periods, and MY is the
observed value of milk yield at the current period. The parameters
of the best fitted BPNN model are provided for each Parity
(Period) according to Table 4.
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the whole lactation period (Macciotta et al. 2005). In Table
4, the milk yield of maximum value (peak of the
observational value) was calculated according to different
observing periods of the 7 days, 10 days and 30 days, the
BPNN model performed best in the prediction of observing
periods of the 7 days, 10 days of 1st lactation period, and
the quadrinomial model performed best in the prediction
of observing periods of the 7 days of 1st lactation period.
The BPNN model performs best in all predictions for of
2nd lactation period. The Wood model performed best in
the prediction of observing periods of the 7 days of 3rd

lactation period, and the Quadrinomial model performed
best in the prediction of observing periods of the 10days
and 30 days of 3rd lactation period.

The goodness of fit of the BPNN model was higher than
those of the Wood model and the Quadrinomial model,
while that of the Wood model was close to that of the
Quadrinomial model. For the Wood model, the mean
degrees of fitting of the predicted milk yields at various
observation periods (7, 10 and 30 days) for cows at parity
1 were 0.8373, 0.8977 and 0.9638; while those at parity 2
were 0.9541, 0.8542, and 0.9548; and those at parity 3 were
0.9254, 0.8964 and 0.9489. For the Quadrinomial model,
the mean degrees of fitting of the predicted milk yields at
various observation periods (7, 10 and 30 days) for cows at
parity 1 were 0.8338, 0.9236 and 0.9890; those at parity 2
were 0.9665, 0.9042 and 0.9757; and those at parity 3 were
0.9480, 0.9218 and 0.9647. For the BPNN model, the mean
degrees of fitting of the predicted milk yields at various
observation periods (7, 10 and 30 days) for cows at parity
1 were 0.8905, 0.9828 and 0.9821; those at parity 2 were
0.9222, 0.9894 and 0.9736; and those at parity 3 were
0.9950, 0.9977 and 0.9752.

The Wood model and the Quadrinomial model can well
predict in the presence of few sample data (namely, the 30-
day data for each parity), which can realize the data
smoothness through the means of the cows, and can partially
counteract the errors (noise, observation and measurement).
The Wood model and the quadrinomial model can measure
and partially explain for the uncertainty under single factor
condition, which have favorable self-adaptive control
capacity and can predict new data based on the given
knowledge. Different from the statistics-based prediction
model, the BPNN model is completely data-driven, which
suggests that the complex data pattern in the time sequence
can be naturally captured through the learning mechanism
of the network itself. The BPNN model performs well in
the presence of multiple sample data, particularly; it can
use the multi-factor as the input. In this study, lactation
time and historical milk yield were used as the inputs.

To sum up, when the cow milk yield sample size was
small and simple (single factor), the Wood model and
Quadrinomial model could be utilized to maximally extract
the cows mean information from the limited data. In
addition, the BPNN model could be employed if many
individual cow data were available, and the data
dimensionality was high (multi-factor), with high

requirement on the predicting ability but no requirement to
explain the model itself.

Effect of parity and time interval on the goodness of fit
of the milk yield model: In this study, parity had significant
influence on the goodness of fit of the predicted milk yield,
while observation period partially affected the goodness of
fit of the predicted milk yield. The Wood model had the
highest prediction goodness of fit (0.9638) of the mean daily
milk yield for cows at parity 1 within 30 days of lactation
period, and the mean goodness of fit of the model was
0.9147. Like the Wood model, the Quadrinomial model also
had the highest prediction goodness of fit (0.9890) of the
mean daily milk yield for cows at parity 1 within 30 days
of lactation period, and the mean goodness of fit of that
model was 0.9364. In the BPNN model, the prediction
goodness of fit of the mean daily milk yield for cows at
parity 2 within 30 days of lactation period was the highest
(0.9977), and the mean goodness of fit of that model was
0.9676. At the lactation period of 30 days, the degrees of
fitting for the Wood model and Quadrinomial model in
predicting the milk yield were dramatically improved
compared with those at the lactation period of 10 days. The
mean degrees of fitting of the three models followed the
order of BPNN model > Quadrinomial model > Wood
model. Thus, it could be seen that, even the same model
had different degrees of fitting among different parities,
which also demonstrated the unique features of milk yields
for cows of different species at different parities. For cows
at the same parity, the same model was used, and the
variation range of the goodness of fit was small even though
the different periods were used to predict the milk yield,
and the means were almost the same.

In Table 4, the degrees of fitting of the three models for
the mean daily milk yields at different parities and periods
were over 0.83. The degrees of fitting of the three models
had displayed the same trend; to be specific; the goodness
of fit of the mean daily milk yield at 7 days of lactation
period for parity 1 was the lowest, followed by that at 10
days of lactation period for parity 2. Such results might be
related to the unstable milk yield of cows after delivery, as
well as the great developmental difference among different
cow individuals, especially at lactation periods 1 and 2 (Fox
et al. 1999). For immature cow individuals, the negative
balance of energy at the initial lactation period would
inevitably result in significant fluctuations in milk yield,
and such condition would be alleviated with the increase
in parity.

The Wood model and the Quadrinomial model were
likely to over-fit due to the small number of parity 1 samples.
In addition, the great number of parity samples, together
with the small amount of outlier observed values with
unknown causes would also partially affect the final
predicted results. At the observation period of 30 days, the
Wood model and the Quadrinomial model had evidently
improved degrees of fitting of the predicted milk yield
compared with those at the interval of 10 days. Such results
were relatively consistent with the fitted results of cow’s
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milk yields (3 varieties) from a Xinjiang Cattle Farm (Wang
et al. 1999) using 7 models. Gupta et al. (2016) also reported
that monthly milk yield data was suitable for gamma type
functions and mixed log function.

To sum up, it is feasible to observe the cows at the period
of 30 days when the models were used to predict the milk
yield. The current research would contribute to save the
labor force and detection cost, while enhance the production
efficiency. By contrast, the BPNN model could well utilize
the observed data at all periods.

It could be observed that, for cows at the same species,
the milk yield prediction model variables could be different
under different factors such as production environment and
feeding management, although the basic trend was
consistent. To accurately construct the milk yield prediction
model of the pasture and to predict the lactation level, the
production data in the pasture should be used for fitting,
and the related factors that affected the milk yield prediction
model parameters should be carefully analyzed, to attain
better effect. The variation range of the goodness of fit for
the three models in predicting the milk yields of Chinese
Holstein cows in a Yunnan standardized pasture was
0.7039–0.9982. Different models and parities would affect
the goodness of fit for the predicted milk yield, and different
milk yield prediction models and parities had significant
influence on the peak milk yield and lactation peak day,
while time interval had no obvious influence on the
goodness of fit of the milk yield. For group data (mean),
the Quadrinomial model was likely to over-fit under the
single factor condition with a small sample size, while the
Wood model had a good goodness of fit, and the BPNN
model was more suitable for multi-factor and large sample
data analysis.
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