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Abstract

Eggs assume a significant role in the daily dietary intake of the Taiwanese
population, emphasizing their crucial nutritional contribution. Consequently,
maintaining stable egg prices holds substantial importance. This study amalgamated
egg price data from diverse sources spanning November 1, 2010, to April 30, 2023, with
interpolated values to address gaps. Pertinent factors affecting egg prices were collected
to establish three egg price forecasting models: (1) Multiple Regression, (2) ARIMAX
(Autoregressive Integrated Moving Average with Explanatory Variables Algorithm),
and (3) Long Short-Term Memory (LSTM) neural network model. Training and
prediction were conducted employing standard machine learning methodologies. The
outcomes revealed root-mean-square errors (RMSE) for egg price prediction in multiple
regression, ARIMAX, and LSTM models as 9.2412, 9.3654, and 3.0985 units,
respectively. Consequently, LSTM outperformed the other two models, effectively
capturing the pronounced and larger-scale egg price anomalies expected in Taiwan for
the year 2023. This research furnishes a practicable LSTM framework, serving as a
reference for future researchers or governmental entities aiming to construct models

and implement anticipatory measures.

Keyword :
Taiwan Egg Prices, Multiple Regression Model, ARIMAX Model,

Long Short-Term Memory Model, Price Forecasting
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» Long Short-Term Memory (LSTM) Model
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Correlation Matrix
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df .drop([ 'date”’, "’ orice’, "full inflation’, 'num _chicken', 'corn', 'current temp'], axis=1)
np.array(X)

sm.add_constant(X)

est_size = int(len(X) * 0.2)

rain_x, test_x
rain y, test y

X[:-test_size], X[-test size:]
y[:-test size], y[-test size:]

model = sm.OLS(train_y, train_x)
model fit = model.fit()

1 fit.predict(test_x)
ﬁse = np.mean((pred-test_y)**2)
rmse = np.sqrt(mse)

model fit.summary()
r2 = model_fit.rsquared
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coef std err t P>|t|

const 18.0286 4.965 3.631 0.000
new_year -2.0166 0.234 -8.610 0.000
food_inflation 0.5339 0.023 23.159 0.000
box_egg -0.0003 1.1e-05 -29.006 0.000
num_eliminate -9.407e-05 1.15e-05 -8.180 0.000
num_molt -5.161e-05 4.69e-06 -11.008 0.000
feed -0.1152 0.209 -0.551 0.582
last_temp 0.4161 0.126 3.307 0.001
last_temp_squared -0.0173 0.003 -6.306 0.000

Yo 4.2 47m 0 5 st fFERCA 2 FERIAC 4 2 HIL R o RMSE & 92412 R *
TRO033 HFRGRHTIELAHI A

Regression Model Historical Price, Test Data, and Predicted Price

45 4 —— Train Data
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coef std err t P=|t|

const 37.6697 5.194 1.252 0.000
new_year -0.0008 0.237 -0.256 0.798
food_inflation 0.3512 0.024 14.614 0.000
box_egg -0.0003 1.19e-05 -23.184 0.000
num_eliminate -6.464e-05 1.24e-05 -5.195 0.000
num_molt -3.342e-05 5.07e-06 -6.596 0.000
feed -0.8400 0.226 -3.709 0.000

1043 LR B E T 2022/01/26 (1 90% )0 AL He S e g & S
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43~ % ii&ﬁp’?.&%% ("EFE)
coef std err t P=[t]
const -14.6166 3.497 -4.180 0.000
new_year -2.1035 0.223 -9.434 0.000
food_inflation 0.6141 0.019 32.182 0.000
box_eqg -0.0003 9.36e-06 -28.429 0.000
num_eliminate -3.667e-05 1.03e-05 -3.575 0.000
num_molt -5.6/73e-05 4.29e-06 -13.238 0.000
feed 1.2265 0.148 8.271 0.000
last_temp 0.5246 0.119 4.426 0.000
last_termp_squared -0.0204 0.003 -7.878 0.000
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AFF A0 T X A FHEFFIERIE P R 0 BT 152 B (2019)
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244~ 5 AREEAlS R (50 rd BT

coef std err t P>|t|
const 39.8015 5.030 7.913 0.000
new_year -1.7780 0.239 -7.426 0.000
food_inflation 0.3233 0.024 13.417 0.000
box_egg -0.0003 1.15e-05 -26.848 0.000
num_eliminate -6.282e-05 1.18e-05 -5.315 0.000
num_molt -3.187e-05 4.83e-06 -6.602 0.000
feed -1.3288 0.218 -6.088 0.000
temp_avg 1.2518 0.130 9.649 0.000
temp_avg_square -0.0332 0.003 -11.729 0.000

Regression Model Historical Price, Test Data, and Predicted Price
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raw egg price Partial Autocorrelation Function (PACF)
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ARIMAX #-3] 42 5% 7 4 8] 5.4 #777

\RIMA(train_y, exog=train_X, order=(1, @, @))
|
dictions = model fit.predict(start=len(train_y), end=len(train_y)+len(test_y)-1, exog=test X)

p.mean({predictions - test_y)**2)
= np.sqrt(mse)

y_mean
tntal

Bl 5.4 ~ ARIMAX #7342 5 75

Pe=c+ Xy + BoXo+ -+ BpXn + 91P1 + 0161 + €

F3VE ARIMAX 22 2 258 o P i 5 P 3 ook BRI X ~Xn 5 f Rl (7
4 Rd o blAe g is i) A Pi~Pr i b R i Py 5w - P ehi-foo

PHGMc e p - WA 05 e €, 5§ WEHAA o
WAS S R L 51 97708 3 3 BE R R 2 Ap o FHE R ERTE S
Pl € T "% 1.6554 ~ 8 CPI 2 - H x> R 05016 ~ o FiE
PEATE A BB B B HAR S B £ AR G4 CPLARE  H -
B RARR - - HRRARR > FRREF B L ?)l?v Fp %4 o sigma2
FHAEZ R CHEFAAEAREAA I AZRERETEORE L
B oW AT RIPFE o 15103 o

gﬁ:

P1
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# 5.1 ~ ARIMAX #-3] % %

coef std err z P>|z|
const 11.1949 16.727 0.669 0.503
new_year -1.6554 0.084 -19.614 0.000
food_inflation 0.5016 0.035 14.276 0.000
box_egg -0.0003 5.85e-05 -5.629 0.000
num_eliminate -5.02e-05 4.73e-05 -1.061 0.289
num_molt -4.144e-05 1.9e-05 -2.185 0.029
feed -0.1601 0.823 -0.195 0.846
temp_avg 1.2063 0.037 32.456 0.000
temp_avg_square -0.0332 0.001 -39.345 0.000
arlLl 0.9602 0.005 192.712 0.000
sigma2 0.8769 0.011 78.587 0.000

4o 5.5 #7m o WEAIFE R 2% 3 2 E > RMSE 5 9.3654 0 A ius B AL
AR T bl LR IFEFR A YR & w A S CPL 5T
dgth o B B - B ARG AT o

ARIMAX Model Historical Price, Test Data, and Predicted Price

—— Train Data
—— Test Data
—— Predicted Price

45 1

40 1

w
w
1

Egg Price
w
o

25 V‘I
20 -

15 A

Date

Bl 5.5 ~ ARIMAX #-3|3E Bl.2 %

3 #7% 4 43 % (food_inflation ) f- & 344 #c (box_egg) = F|+ ¥ iv 7 & -
BT EFPRARp L oAb E P ’z‘ﬂ%ﬁ’* = AL Bl AR g
SR T TS 30 % > A RRETFF AL T i*iax@%%%éﬁv%%
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SRR o Ml S S

T o 7 X 1A TS IERE P hRf 0 H T 458 b (2019)
g R FRAER 0 MBIRAETE R B YIRS S 0 ARIMAX #03] 4 K e
# 52 #5F » ARIMAX FE iP5 % 4B 5.6 “75F » RMSE % 13.8329 R T 3 4-

2775 B@ iy T iadp £ &

H14 7 FERISEFLTRFH

# 52~ ARIMAX 3] % % (8 e d FfaficFF 4 {8)

coef std err z P>|z|
const 39.8068 20.456 1.946 0.052
new_year -1.7783 0.085 -20.804 0.000
food_inflation 0.3232 0.039 8.385 0.000
box_egg -0.0004 7.89e-05 -4.557 0.000
num_eliminate -1.302e-05 4.81e-05 -0.271 0.787
num_molt -2.532e-05 1.83e-05 -1.384 0.166
feed -1.3299 0.988 -1.346 0.178
temp_avg 1.2529 0.031 39.937 0.000
temp_avg_square -0.0285 0.001 -35.604 0.000
ar.L1l 0.9633 0.005 201.730 0.000
sigma2 0.8381 0.010 83.146 0.000
ARIMAX Model Historical Price, Test Data, and Predicted Price
——— Train Data
i — Test Data
—— Predicted Price
40
351
(¥
=
&
o 30
o
w
25 1
20 A
15 A

Date

Bl 5.6 ~ ARIMAX 3] Fp iRl % (& 3 Wir A a8 ]+ 8 13
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+ ~ Long Short-Term Memory (LSTM) Model

1. LSTM #:3) % #

LSTM G #4d G B3] » 4o 0.1 4778 & 2B~ & ~ SRR fodi 1 - 1
T R TR A b AT 2 LSTM 03I » de i 8B ides 10 &7
B8 8 BHAER 1 BRI

input layer hidden layer 1 hidden layer 2 output layer

B 6.1 ~ dFAd e ns e

LSTM % # %A 5% 8 (Recurrent Neural Network » RNN) 2 #t ## » RNN &1
BRI (Ao 6.2 #77n ) #4d 5 ¢ ¥ - Tﬂ;ﬁs?]:".ﬁ >3- Tﬂ;é’ﬁﬁs?]% > ¢ i)
iR R L ERERIES I RRALDREZREFY TR

P G AR B M BT R W

) ® ®
t | t

A -E A

| |
© © ©

The repeating module in a standard RNN contains a single layer.

@] 6.2 ~ RNN #-4] % 4 ( Christopher Olah » 2015)
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LSTM H-3] % #4cF] 6.3 #77¢ » ©2 RNN % A #4c » Input Gate ~ Output Gate
4v Forget Gate 4 ‘%'J#j';ﬁi'lﬁj PN ﬁa?l e L E o L d g Sl Sigmoi $#
#50% 1 ehliciE (4B 6.4 977 ) I ° %ﬁa?l?‘i)?z@i,%’rié\fxvgttanh e L-1 3
L higeis (40 0.5 #77 )> Ap g >t~ d 1 BRE 4B BESEHAT v
Foo @3RN0 A5 Y > RECA L 5 B Joislhai 4 0 i H0R ehIE R

RES

l I
&) ) &)

The repeating module in an LSTM contains four interacting layers.

()
A lelgll) A }:

® 6.3 ~ LSTM i3] % 4% ( Christopher Olah » 2015)

sig(t)

1.0

0.8

0.6

2 4 G 8

] 6.4 ~ Sigmoid jci& & #ic
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2.

B 6.5 ~ Tanh jgcis S0 #ic

LSTM #-3]3" g -8 fF

TG AR A e LSTM & Ao MAeifRl 0 F AT F I RN

—

80% r}—'ﬁia?l >3 AP 27250 0 Epochs 5 100 2" % 2. Loss 374 B4

3.6 40 0 REF B TERL 0 AR F AR 3.7 A 0 TR RLA T

Loss

Model Loss

—— Tain Loss

Validation Loss
030 4

025 A

020

0.15

010

0.05

0.00

Epochs

B 6.6 ~ 474> LSTM 2" 3% %
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Historical Price, Test Data, and Predicted Price

—— Train Data
Test Data

—— Predicted Price
40 ’J—‘

45

Egg Price
<]

[~
LA
_—
_—
=

20 1

Date

B 6.7 ~ 44 LSTM 3 Bl % %

PG T AR TR S0 FRLECAIES BV I L& R Tt AR
P Loss T "EiE S o e R iPIEE Loss &2 T "X T PRA pT o F|p AT HE
Sliding Window #-pF B FHL % 235 § L mmapr B T4 > €45 % B 15 - :g)];gk_
Bl BT EEEH LS T R 0 Stride (% B8 ) 4% *+ 1> window-size ( #
S ) ARF T BRE - *fj\‘ﬁﬁ"— BRI DT T ¥ AIEREE Y A4
20% = Dropout’ 2" %% % 4o B 3.8 #ror IR A 4 EHE L 0 PE E A Epochs
15320 =+ 38 M misEbrt 2 &7 BV HEEE -

hd 3

TS

Training and Validation Loss

—— Training Loss
— Validation Loss

0.10 1

\ I
W

(%]
8 0.06 A
-

ol | /\J M/V \/

0.02 4

B 6.8 ~ LSTM Bt & 2" %% %
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FH kAT 5 % Epochs 3 B 5 150 1S R 4o 3.9 T 0 BRI R A
B ¥ AT RE % 4o ] 3.10 #757 » RMSE % 3.0985» LSTM 7 %0 AT A% 34 75 4o
Bl 3.1 5757 5 BB B AN A 4B 3.12 #7570 HoA Sficho £ 3.1 AT o

Training and Validation Loss

0.08 A —— Training Loss
~—— Validation Loss
0.07
0.06
0.05 A
@
S
0.04 4
0.03 4
0.02 A
0.01 1
0 2 a 6 8 10 12 14
Epochs
Bl 6.9 ~ LSTM 3" 4= 5% 5 %
ISTM Historical Price, Test Data, and Predicted Price
—— Train Data
—— Test Data
45 1 —— Predicted Price
40 -
35 A i‘
@
)
a
o
2 301
'!
25 4 ’
20 A
15 A

Date

B 6.10 ~ LSTM B % FE B % %
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MinMaxScaler
_keras.models i t Sequential
tensorflow.keras.layers i t LSTM, Dense, Dropout
matplotlib.pyplot as plt
seaborn sns

df[” pd.to_datetime(df[ ‘date’])
df.set_index( ‘date’, inplace=Tr

nflation’,

MinMaxSc )
scaler_y.fit_transform(y.values.reshape(-1, 1))

scaler_X = MinMaxScaler()
scaled_X = scaler_X.fit_transform(X)

create_time_series_data(X, y, time steps, window s
X_time ser

, len(X) - time_steps, window_si
+time_steps]
y[i+time_steps-1]
es.append (X_window)
es.append(y_window)
np.array(X_time_series), np.array(y_time_series)

Bl 6.11 ~ LSTM F 2w g2

time_steps
window_si

steps, window_size)

train_X, test X = X _time_.
train_y, test y y_time

model = Sequential()

model . add(LSTM(64, input
model.add(Dropout(@.2))

model . add(LSTM(64) )
model.add(Dropout(@.2))

model . add(Dense(1))
model.compile(optimizer="adam’, loss="m

, validation_d

predictions = model.predict(test X)

scaler.inverse_transform(predictions)

mse = np.mean((predicted_values - scaler.inverse_transform(test_y.reshape(-1, 1)))**2)
rmse = np.sqrt(mse)

B 6.12 ~ LSTM #-3] 425 /5
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4 6.1 ~ LSTM #-7] % ¥

¥ L FE 5-¥
Cells 64
Layers 2
Dropout 0.2
optimizer adam
loss mean squared error
epochs 15
batch size 32
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2. Rl

AFT R LR R A A 4T S S % 4 LSTM # - e 7R 0 3
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4ok 719w 0 AT BB HFE T 2 % L@ % LSTM (g iR »c %k 4 > B /L
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7.0 A HCAGERIE S B

B E A e ARIMAX LSTM
RMSE 9.2412 9.3654 3.0985

R P P R 2020/10/29 z 2023/04/30
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