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Abstract. With the rapid development of economy, investment has become a hot word. Many people
hope to find an investment method to make profits. Many investment methods such as stocks, wealth
management and funds have emerged. In the process of investment, forecasting the trend of
investment products is one of the most important links. This paper analyzes the time series of APPLE,
AMERICAN AIRLINES and AMD based on ARMA-GARCH model, and evaluates the model
according to AIC, BIC, HQIC and other indicators to select the optimal model. The research results
show that ARMA (3,2) - GARCH (1,1) model is applicable to APPLE stock logarithmic profit
Prediction, ARMA (2,2) model is applicable to AMERICAN AIRLINES stock logarithmic profit
prediction, and ARMA (2,2) - GARCH (1,1) is applicable to AMD stock logarithmic profit prediction.
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1. Introduction

With the development of economy and the improvement of residents' income, residents
hope to find an investment method that can be used as a sideline, such as stocks, funds
and real estate. At the same time, investors are also very careful to choose the investment
products, hoping to maximize profits (see [1]). Therefore, before investing, investors
need to predict the price of the investment product in the future according to the price of
the investment product in the past period to predict whether the purchase of the product
will generate profits and evaluate the investment risk.

This paper mainly uses Autoregressive Moving Average Model and Generalized
Autoregressive Conditional Heteroskedasticity Model(ARMA-GARCH) to predict the
APPLE stock returns, American Airlines and Advanced Micro Devices(AMD). The
ARMA model can predict stationary time series data, and it reduces the steps of
difference in the ARIMA model proposed by Box, G. and Jenkins, G (see [2]). In 1982,
the Model was proposed by Engle was ARCH, and this model was suitable for
heteroscedastic financial time series. Bollerslev proposed a model called GARCH in
1986, and established a conditional heteroscedastic time series model of investment price
and return in 1987 (see [3-5]).
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2. Related Works

Stock is a very common option in investment. Many people hope to gain income by
investing in stocks. The information measurement of expected investment is very
important in stock trading. Shareholders need to know the daily closing price, increase
and other important information of stocks in real time (see [6]).

As stock forecasting is a hot research field, Jorg Gottschlich and Oliver Hinz [7]
use BFO and ABFO technologies to develop a prediction model with better accuracy and
faster convergence than those based on genetic algorithm (GA) and particle swarm
optimization (PSO) for stock prediction (see [7]). Using historical information of the
stock closing price to predict the future stock price trend by using random walk model is
very difficult. Therefore, Ritika Singh and Shashi Srivastava respectively built three
kinds of neural networks, including deep neural network (DNN)), to predict stock returns,
and concluded that DNN has a better prediction effect than RBFNN and RNN (see [8]).
Wenyjie Lu et al. combined the Convolutional neural networks (CNN), bi directional long
short term memory (BiLSTM) and Attention Mechanism (AM) to form the CNN-
BiLSTM-AM stock price prediction. The experimental results show that CNN-BiLSTM-
AM has the highest accuracy in predicting stock returns compared with the prediction
results of eight methods, including MLP, CNN and RNN (see [9]).When selecting
investment products such as stocks, traders need to use a variety of forecasting
techniques to obtain information about the stock market, rather than a single method.
Phichhang Ou discussed ten different data mining technologies, such as linear
discriminant analysis (LDA), support vector machine (SVM) and least squares support
vector machine, and applied them to the price trend prediction of Hang Seng Index in
Hong Kong stock market. The experimental results show that support vector machine
and least squares support vector machine have superior performance in predicting the
price trend of Hang Seng Index in Hong Kong stock market (see [10]).

The ARMA-GARCH model has a wide range of applications, in which ARMA can

predict stationary time series data. Before analyzing and predicting the time series data,
it is necessary to perform unit root test (ADF test) on the data. When the data is verified
to be a stationary time series, ARMA model can be used for prediction. Jingli Yang and
Xiaofeng Zhou will apply ARMA model to PM 2.5. The results showed that the ARMA
model can achieve the expected prediction effect (see [11]). Mohammad Valipour et al.
used ARMA model and ARIMA model to predict the inflow of Dez Dam Reservoir every
month from 1960 to 2007 (see [12]). J. L. Torres et al. verified that the wind speed
prediction performance of ARMA is significantly better than that of the persistence
model, especially in the long-term prediction (see [13]).
When ARMA model is used alone, the variance equation will be ignored and many
parameters need to be estimated. The combination of ARMA model and GARCH model
can overcome this shortcoming, and GARCH model can fully describe the volatility
process of asset returns (see [14]). During the investigation of ARMA-GARCH model,
we found that Heping Liu and Jing Shi used ARMA-GARCH model to forecast
electricity prices (see [15]). Alicja Lojowska et al. used ARMA-GARCH model to
predict wind speed (see [16]). ARMA-GARCH can capture the most important features
of the data in a satisfactory way, such as distribution, time related structure and
periodicity. The experimental results show that by simulating the wind speed with
extremely high energy content characteristics, this model can help to consider the
extreme situation of wind power generation (see [12]).
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3. Methods
3.1 ARMA Model

ARMA (p, q) model is mainly aimed at stationary time series data. It is composed of AR
(p) model and MA (q) model. p is the order of automatic regression process, and q is the
order of the sliding average process. This model takes into account the values, prediction
errors and random items of data in the past period. The basic model is shown in (1), a,,
and B, are autocorrelation coefficients and moving average coefficients, respectively.

Rt = 2%:1 amRt—m +&+ ZZ:l ,Bngt—n (1)

{R;} represents stock logarithmic returns time series data of logarithmic stock
returns, {g;} represents the error terms. The model can also be expressed in the form
shown in (2).

Ry =R+ azRi 5+ apRep + & + Br& 1 + Br&rp + - Pyet—q (2)

The stationarity is a necessary condition for forecasting stock data with ARMA
model. Therefore, before building the ARMA model, it is necessary to perform ADF test
on the time series data of stocks (see [17]). After the test data is stationary time series
data, ARMA can be used to analyze and predict the data. Since the average value of the
logarithmic profit data of stocks is close to zero and the variance is constant, the
logarithmic profit data of stocks are considered as stationary time series data (see [18]).

For the established model, we can evaluate the excellence of the ARMA model
according to the value of AIC criteria (see [17]). The value of AIC calculation formula
is shown in (3), L represents the maximum likelihood of the model, and k represents
the number of variables.

AIC = —21n(L) + 2k 3)

In the process of establishing the model, multiple groups of p and q values can be
selected for modeling, AIC of each model can be calculated, and the model with the
lowest AIC value can be selected as the prediction model for the logarithmic return of
stocks.

The flow chart of ARMA model for time series prediction is shown in Figure 1.

Figure 1. ARMA Flow Chart
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3.2 GARCH Model

GARCH(, j) is expressed by (4) and (5), a, and b, are coefficients, 0? represents
the conditional standard deviation at time t, z, represents the white noise with y =0
and unit variance.

0f =g+ a16_1 + aygr_y + -+ a; + b0y + byof, + -+ beoi, 4)
& = 210t (5)
0<Yhoiam+X_b,<1 (6)

In order to select the optimal GARCH model, we can choose three criterion
including Akaike Information Criterion (AIC) (see [17]), Bayesian Information Criterion
(BIC), and Hannan Quinn Information Criterion (HQIC) to evaluate the GARCH model
in this paper (see [19]). The calculation formulas of AIC, BIC, and HQIC are shown in
(3), (7), and (8), k represents the number of variables, N represents the number of
observations, L represents the maximum likelihood of the model.

BIC = In(N) k — 2ln (L) 7
HQIC = 2 In(In(N)) k — 2In (L) )

3.3 ARMA-GARCH Model

According to the model ARMA(p, q) and the model GARCH(I, j), we can build up the
model ARMA(p, q)-GARCH(, j). Before constructing the GARCH model, it is
necessary to test the ARCH effect of the sequence. The GARCH model can be used when
there is no ARCH effect. The standard test is the p value of chi square test. When the P
value is less than 0.05, it indicates that the time series does not have ARCH effect, and
GARCH modeling can be performed. ARMA (p, q) - GARCH (i, j) model models the
mean and variance. ARMA (p, q) model models the mean, and GARCH (i, j) model
models the variance.

4. Experimental Analysis and Results

4.1 Data Set

The data set used in the experiments involved in this paper is the stock closing prices of
APPLE Inc(APPLE), AMERICAN AIRLINES and Advanced Micro Devices(AMD)
from January 4, 2021 to September 30, 2022. The original data is shown in Table 1, and
the data distribution and data trend are shown in Figure 2.
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Table 1. Original Data

APPLE AMERICAN AIRLINES AMD
Date Closing Price Date Closing Price Date Closing Price
2021-1-4 129.41 2021-1-4 15.13 2021-1-4 92.30
2021-1-5 131.01 2021-1-5 15.43 2021-1-5 92.77
2021-1-6 126.60 2021-1-6 15.52 2021-1-6 90.33
2021-1-7 130.92 2021-1-7 15.38 2021-1-7 95.16
2021-1-8 132.05 2021-1-8 15.13 2021-1-8 94.58
2021-9-13 149.55 2021-9-13 19.31 2021-9-13 104.80
2021-9-14 148.12 2021-9-14 19.21 2021-9-14 105.73
2021-9-15 149.03 2021-9-15 19.38 2021-9-15 105.60
2021-9-16 148.79 2021-9-16 19.89 2021-9-16 106.22
2021-9-17 146.06 2021-9-17 19.73 2021-9-17 103.88
2022-9-26 150.77 2022-9-26 11.86 2022-9-26 66.30
2022-9-27 151.76 2022-9-27 12.27 2022-9-27 67.17
2022-9-28 149.84 2022-9-28 12.75 2022-9-28 68.36
2022-9-29 142.48 2022-9-29 12.25 2022-9-29 64.14
2022-9-30 138.20 2022-9-30 12.04 2022-9-30 63.36
200 - Ticker Trend
O  APPLE
180 AMERICAN AIRLINES
AMD

Closing Price
=)
[=]
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Figure 2. Data Distribution and Trend
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4.2 Data Preprocessing

In order to make the data meet the assumptions of the linear model, we convert the stock
closing price data into logarithmic income receipts, and apply ARMA-GARCH model
to predict the logarithmic income of Apple, American Airlines and AMD. The
logarithmic return formula is shown in (9), X, represents the closing price on the t, day.
Re = In(X) — In(Xe-1) = In (0 ©)

The trends of logarithmic return time series data of APPLE, AMERICAN
AIRLINES and AMD are shown in Figure 3 to Figure 5, respectively.
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Figure 3. Logarithmic return of APPLE
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Figure 4. Logarithmic return of AMERICAN AIRLINES
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Figure 5. Logarithmic return of AMD
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4.3 ARMA

Since ARMA model can predict and analyze stationary time series data, ADF test is
required for data before ARMA model is applied to predict and analyze time series data.
When the p-value obtained through the test is less than 0.01, the original assumption that
the data is an unstable time series is rejected, indicating that the data is a stable time
series data, which can be predicted and analyzed using ARMA model. The ADF Test
Results table is shown in Table 2.

Table 2. ADF Test Results

| APPLE | AMERICAN AIRLINES | AMD
ADF Test
p-value ‘ <0.01 ‘ <0.01 ‘ <0.01

According to the ADF results shown in Table 2, the p-value of APPLE and AMERICAN
AIRLINES is less than 0.01. The original assumption is rejected, which indicates that
the logarithmic return data of the three stocks are stable time series data, and ARMA
model can be used for prediction and analysis.

In order to ensure the accuracy of prediction and analysis, eight ARMA models are
selected for data modeling and analysis, and the AIC of the model is calculated (N =
440,k = p + q + 2), p represents the autoregressive term, and q represents the number
of moving average terms. The model with the minimum AIC is selected as the optimal
model. All the AIC values of the eight models are shown in Table 3.

Table 3. AIC Values of ARMA(p, q)

APPLE AMERICAN AIRLINES AMD
Model AIC
ARMA(0,1) -2253.98 -1735.26 -1756.76
ARMA(1,1) -2251.94 -1733.27 -1755.03
ARMA(1,2) -2249.98 -1731.68 -1753.04
ARMA(2,1) -2251.18 -1731.63 -1753.04
ARMA(2,2) -2251.92 -1737.32 -1757.97
ARMA(3,1) -2250.37 -1732.37 -1751.22
ARMA(3,2) -2255.88 -1728.59 -1749.05
ARMA(3,3) -2250.02 -1735.37 -1754.76

According to the AIC of the three stocks obtained by applying the ARMA model, select
the ARMA (3, 2) model for APPLE stocks, ARMA (2, 2) model for AMERICAN
AIRLINES, and ARMA (2, 2) model for AMD stocks. The prediction results are shown
in Figure 6, Figure 7 and Figure 8.
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APPLE Return prediction
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Figure 8. Prediction of AMD Stock Return
4.4 GARCH

Before establishing the GARCH model, it is necessary to test the data for the existence
of the ARCH effect. If the p-value obtained through the test is less than 0.01, the original
assumption that the data has the ARCH effect is rejected, indicating that the data does
not have the ARCH effect, and the GARCH model can be established. The test results of
ARCH effect are shown in Table 4.

Table 4. ARCH Test Results

| APPLE | AMERICAN AIRLINES | AMD

ARCH Test

p-value ‘ 0.0006408 ‘ 0.07996 ‘ 3.436e-06

According to the test results of the ARCH effect, the p-value of the logarithmic return
data of APPLE and AMD stocks is less than 0.01. Rejecting the original hypothesis, it
can be explained that there is no ARCH effect in the logarithmic return data of APPLE
and AMD stocks. GARCH model can be used to analyze the logarithmic return data of
APPLE and AMD stocks. However, the p-value of the AMERICAN AIRLINES stock
logarithmic return data is 0.07996, greater than 0.01, and the original assumption cannot
be rejected. Therefore, it cannot be explained that there is no ARCH effect in the
AMERICAN AIRLINES stock logarithmic return data, so the GARCH model cannot be
used to analyze the AMERICAN AIRLINES stock logarithmic return data.

In order to test the accuracy of GARCH, the GARCH (1,1) model was established.
GARCH (1,2) model and GARCH (1,3) model were used to model and analyze APPLE
and AMD stocks. The AIC, BIC and HQIC obtained from the three types of models are
gradually increasing, so GARCH (1,1) is selected to model and analyze two stocks.
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The evaluation table for modeling and analyzing APPLE and AMD stocks using
GARCH model is shown in Figure 5 and Figure 6. It can be seen intuitively that GARCH
(1,1), GARCH (1,2) and GARCH (1,3) have the same evaluation results on the modeling
and analysis of APPLE stock. In the evaluation results of AMD stock modeling and
analysis, GARCH (1,1) is slightly better than GARCH (1,2) and GARCH (1,3). So we

choose GARCH (1,1) model to model and analyze APPLE and AMD stocks.
Table 5. Model of APPLE

APPLE
Model AIC BIC HQIC
GARCH(1,1) -5.215375 -5.178158 -5.200691
GARCH(1,2) -5.215375 -5.178158 -5.200691
GARCH(1,3) -5.215375 -5.178158 -5.200691
Table 6. Model of ADM
AMD
Model AIC BIC HQIC
GARCH(1,1) -4.066688 -4.029472 -4.052005
GARCH(1,2) -4.061805 -4.015284 -4.043451
GARCH(1,3) -4.057147 -4.001316 -4.035116

4.5 ARMA-GARCH

To sum up, the model selected to predict the logarithmic returns of APPLE, AMERICAN
AIRLINES and AMD stocks is shown in Table 7.

Table 7. Model Selection Results

Stock Model
APPLE ARMA(3,2) — GARCH(1,1)
AMERICAN AIRLINE ARMA(2,2)
AMD ARMA(2,2) — GARCH(1,1)
4.6 Model Accuracy

We can verify the accuracy of the model, by detecting the error of the prediction results.
The error of the results selected by APPL, AMERICAN AIRLINES and AMD are shown
in Figure 9 to Figure 11, respectively. Take standard deviation as the main error
measurement standard, we can find that the prediction errors of APPLE and AMD is less
than 0.03, and the prediction error of AMERICAN AIRLINES stocks is less than 0.1,
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which indicates that the model is accurate and effective in predicting the logarithmic
returns of stocks.
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Figure 11. The Error of AMD

5. Conclusions

This study set out to apply time series analysis to predict and analyze APPLE,
AMERICAN AIRLINES and AMD. This paper combines ARMA (p, q) model and
GARCH (i, j) model for modeling and analysis. The results of time series analysis show
that ARMA (3,2)-GARCH (1,1) model is applicable to APPLE stock, ARMA (2,2)
model is applicable to AMERICAN AIRLINES stock, and ARMA (2,2)-GARCH (1,1)
is applicable to AMD stock. In future work, we will continue to collect the closing price
data of the three stocks to continuously improve the accuracy of the prediction.
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