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Abstract. This paper researches the future trend of the Chinese pharmaceuti-
cal company’s stock prices in the Covid-19 pandemic. Through the optimized
ARIMA-GARCH model, this paper investigates the China National Medicines
Corporation stock representing the Chinese pharmaceutical stocks. The data
analysis provides reliable support for future investment strategies in Chinese
pharmaceutical stocks for investors.
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1 Introduction

Covid-19, a series of acute atypical respiratory diseases, occurred in Wuhan, China,
in January 2020 and quickly spread to other areas. It was declared as “Public Health
Emergency of International Concern” and alarmed worldwide. Vaccination is always
a standard method to confront the virus and control the spread of the epidemic. Four
companies have produced most of the coronavirus vaccines approved by governments in
China which are the China National Medicines Corporation, Sinovac Biotech, CanSino
Biologics, and Zhifei Biological Products. Apart from Sinovac Biotech, the remaining
three pharmaceutical companies have all gone public. At the early stage of the Covid-
19 pandemic spreading (i.e., from 2020 to June 2021), the Chinese government and
citizens emphasized coronavirus prevention and invested a large amount of capital in
the pharmaceutical industry (especially in vaccine production and promotion), so stock
prices of these three companies fluctuated and increased significantly. However, the
three stocks have shown downward trends in varying degrees from July 2021, perhaps
because of the high vaccination rate and the effective control of the coronavirus diffusion.
Therefore, will these pharmaceutical stocks no longer have investment value shortly?
While the spread of coronavirus has been effectively controlled, small-scale infections
of viruses like delta variant still occur as the virus continues to mutate. Under this
situation, this paper investigates what investment attitude investors should hold toward
pharmaceutical stocks in China?

The time series analysis is thewell-known statistical method used for the stock prices
analysis. In terms of popular time series models, the Autoregressive Moving Average

© The Author(s) 2023
Z. Zeng et al. (Eds.): ECIT 2022, AHE 11, pp. 786–795, 2023.
https://doi.org/10.2991/978-94-6463-005-3_79

http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-005-3_79&domain=pdf
https://doi.org/10.2991/978-94-6463-005-3_79


Forecasting the Pharmaceutical Stock Prices 787

Model (ARMA) usually emphasizes the stationarity of time series data. In contrast,
the Autoregressive Integrated Moving Average Model (ARIMA), which extends the
ARMA model, and the Autoregressive Conditional Heteroskedasticity Model (ARCH),
which includes the Generalized Autoregressive Conditional Heteroskedasticity Model
(GARCH), are mainly for forecasting the non-stationary time series data [12]. Because
of the constant conditional variance of the ARMA model, it cannot capture the pro-
cess with volatility, a time-varying conditional variance [10]. The ARIMA model is
a method that delivers better prediction results for long-term financial forecasting [1].
Under normal distribution assumption, Frimpong and Oteng-Abayie (2006) showed
that the GARCH (1, 1) model performs better in predicting [4]. However, though the
GARCH model can capture characteristics of financial time series and is widely used
for stock volatility analysis, its hypothesis ignores the symbol of new information [15].
Furthermore, the high-dimensional volatility modeling problem cannot be overlooked
since the interconnected stock markets are more than three for volatility analysis. But
many researchers showed the GARCH model is limited from solving high-dimensional
(over three-dimensional) problems [6, 8, 14, 16, 19]. Mixed models such as the ARMA-
GARCH/ARIMA-GARCHmodels have been investigated [10, 15]. In sum, the optimal
forecasting model is various for different focuses of the research object, such as long-
term or short-term, different sizes of the companies, and different types of securities
[17].

This research uses time series analysis to analyze and forecast the future trend of
China’s pharmaceutical stock prices. Since stock price data are usually considered as the
non-stationary time series data and this article hopes to predict the long-term tendency
of China’s pharmaceutical stocks, the main model adopted will be the ARIMA model.
It is necessary to do the residual analysis of the fitted model. If the residuals present
a skewness normal distribution instead of a standard normal distribution, the ARCH-
type models need to be considered to optimize the volatility of the fitting model. Since
GARCH (1, 1) usually presents an ideal fitting and prediction effect [4], it is common to
take theGARCHmodel to fit the residualmodel. Combining themain datamodel and the
residual fitting model is the optimized ARIMA-GARCH model. Carry out the residual
test on the optimized ARIMA-GARCH model. If the residuals conform to the standard
normal distribution and the significance is within the set range, it means that the model
fits well and can be used for prediction. Otherwise, the model needs to continue to be
adjusted. In general, the optimized ARIMA-GARCH model combines the advantages
of the ARIMA model and the GARCH model and has a better performance for the
long-term financial market forecasts overall.

As the Sinovac Biotech and CanSino Biologics went public in December 2020 and
August 2020, there is no such data available for analysis during the early stage of the
coronavirus. Market participants have become accustomed to the coronavirus, so despite
the existence of the coronavirus’s macro impact, investors always depend on the long-
term performance of stocks. The China National Medicines Corporation, a Fortune 500
company, came on the market in 2002 and became a leading pharmaceutical company
with outstanding long-term market performance in China. While the Sinovac Biotech
and CanSino Biologics will benefit investors, this research focuses on analyzing and
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forecasting the future trend of the China National Medicines Corporation, which is
more representative of China’s pharmaceutical industry.

The dataset used for this research is downloaded from the trading data on the Shang-
hai Stock Exchange. The close data of all trading days since the listing date are used to
determine the best-fitting model. It is unrealistic to forecast the daily stock price data
for the long-term (3–5 years) due to the large calculation. However, predicting a small
amount of daily stock price data cannot serve as a reasonable investment recommenda-
tion. In order to simplify the calculation and at the same time enable the forecast results
to have a longer-term investment strategy, this article calculates the annual average clos-
ing price as the new time series data and predicts the 3–5 subsequent time-series data to
determine the general trend of the future stocks.

The forecasting results can provide the data support of investment strategies in phar-
maceutical stocks for investors. The rest of the paper is organized as follows. Section 2
introduces the model and estimation process of the time series analysis and the rele-
vant productions. The investment strategy and forecasting result discussion are given in
Sect. 3. Section 4 concludes the paper.

2 Methodology

Suppose the stock prices of the China National Medicines Corporation are a non-
stationary time series from Fig. 1. Let the ARIMAmodel be the basic analysis model to
achieve optimal forecasting for a long-term period. The GARCH model may be needed
to consider depending on the subsequent test results. The significance level used in this
research is α = 0.05.

Consider the ARIMA model

yt = ARIMA(p, d , q),

�d yt = xt =
∑p

i=1
ϕixt−i + ut+

∑q

i=1
θiut−i.

The Augmented Dickey-Fuller (ADF) test confirmed that the data form a non-
stationary time series since the p-value = 0.3551 > α = 0.05. The first-order difference
of our data gives the p-value < 0.01 < α = 0.05, providing a stationary time series and
leading to the parameter d = 1. The remaining parameters p and q can be estimated
through the Akaike Information Criterion (AIC) with AIC = −2 log(�) + 2k and esti-
mated coefficients can be obtained. The best-fitted model is, therefore, the ARIMA (1,
1, 2) model with the expression as

ARIMA(1, 1, 2) = ŷt − ŷt−1

= 0.6739
(
ŷt−1 − ŷt−2

) + ε̂t

− 0.6108ε̂t−1 − 0.1166ε̂t−2.

The test on the residuals of the fitted ARIMA (1, 1, 2) model is necessary since
it can provide sufficient evidence on whether the ARIMA (1, 1, 2) model needs to be
optimized via the GARCH model.
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Fig. 1. The historical stock prices of the China National Medicines Corporation based on the
close prices

Except for some extreme outliers on the left, the residual density distribution of the
fitted ARIMA (1, 1, 2) model seems to follow the standard normal distribution by Fig. 2.
However, it is distributed under a non-Gaussian case according to the graphs of the
Autocorrelation Function (ACF) shown in Fig. 3 and Partial Autocorrelation Function
(PACF) given as Fig. 4, and the Ljung-Box (LB) test with p = 0.0008665 < α, when
LAG = 22. From the Chi-squared test, we got p-value < 2.2e−16 < α, so utilizing the
GARCH model will be necessary for optimization.

Consider the GARCH model as

GARCH (m, s) = σ 2
t

= w +
∑m

i=1
αiε

2
t−i+

∑s

j=1
βjσ

2
t−j.

The GARCH (1, 1) model fits the residual sequence giving results as

Coefficient(s) :
Estimate Std .Error t value Pr(> |t|)

a0 1.999e − 03 7.061e − 05 28.31 < 2e − 16 ∗ ∗∗
a1 8.205e − 02 3.535e − 03 23.21 < 2e − 16 ∗ ∗∗
b1 9.297e − 01 2.175e − 03 427.35 < 2e − 16 ∗ ∗∗

Jarque Bera Test
data : Residuals
X − squared = 1841770, df = 2, p − value < 2.2e − 16

Box − Ljung test
data : Squared .Residuals
X − squared = 0.060849, df = 1, p − value = 0.8052.

All the p-values of the estimated coefficients are less than α, showing statistical
significance. Furthermore, the p-value of the LB test is greater than α, giving theGARCH
(1, 1) model is sufficient to present the residuals of the ARIMA (1, 1, 2) model. Taking
the estimated coefficient, the GARCH (1, 1) model is

GARCH (1, 1) = σ̂ 2
t

= 1.999e − 03 + 8.205e − 02 ε̂2t−1

+ 9.297e − 01 σ̂ 2
t−1.
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Fig. 2. The residual density distribution of the fitted ARIMA (1, 1, 2) model

Fig. 3. The Autocorrelation Function of the residuals of the fitted ARIMA (1, 1, 2) model

Fig. 4. The Partial Autocorrelation Function of the residuals of the fitted ARIMA (1, 1, 2) model

The optimized ARIMA (1, 1, 2) - GARCH (1, 1) model can be determined by
combining the ARIMA (1, 1, 2) model and the GARCH (1, 1) model with the formula
of

ARIMA(1, 1, 2) − GARCH (1, 1)

= ŷt − ŷt−1

= 0.6739
(
ŷt−1 − ŷt−2

) − 0.6108ε̂t−1 − 0.1166ε̂t−2

+ 1.999e − 03 + 8.205e − 02 ε̂2t−1 + 9.297e − 01σ̂ 2
t−1.
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Fig. 5. The residual density distribution of the ARIMA (1, 1, 2) - GARCH (1, 1) model

Fig. 6. The real stock price (blue) of the China National Medicines Corporation compared with
the estimated price (red) based on the ARIMA (1, 1, 2) - GARCH (1, 1) model

Figure 5 shows the residual density distribution of the fitted ARIMA (1, 1, 2) -
GARCH (1, 1) model. The estimations for stock prices of our fitted ARIMA (1, 1, 2) -
GARCH (1, 1) model are shown in Fig. 6, where the blue line is the actual stock prices,
and the red line is the estimated stock prices.

The residual density distribution of the ARIMA (1, 1, 2) - GARCH (1, 1) model
follows a well Gaussian distribution, and Fig. 6 shows it has been well-fitted as well.
Therefore, the optimized ARIMA-GARCH model can be utilized to predict the stock
price trend of the China National Medicines Corporation.

3 Results and Discussion

3.1 Forecasting Results

Under the ARIMA-GARCH model, the future forecasting of stock prices for the China
National Medicines Corporation is given in Fig. 7.

3.2 Investment Strategy

Figure 7 shows that the price curve rises slightly in the following year but decreases
significantly afterward. Until about the latter 2024, a turning point shows a remarkable
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Fig. 7. The forecasting results of the China National Medicines Corporation stock price

upward trend. However, whether stock prices will continue to rise substantially is still
doubtful.

From the perspective of investment income, investors are not eager to buy shares
in the China National Medicines Corporation stock shortly. Experienced short-term
investment operations may still bring benefits but are not outstanding. Buying stocks in
later 2024 may obtain excellent investment returns because of the turning point.

3.3 Discussion

The optimized ARIMA (1, 1, 2) - GARCH (1, 1) model provides a well-fitted prediction
for stock prices of the China National Medicines Corporation. However, the accuracy
and adequate forecasting timemay be limited by applying the basic prediction algorithm.
Therefore, the application of the model will be significantly restricted due to the lack of
efficient high-precision forecasting algorithm optimization.

In recent years, besides the statistical models, a significant contribution has been
made in developing and applying machine learning techniques to predict stock prices.
A wide range of machine learning methods can be adopted for stock price forecasting:
regression analysis (logistic, lasso, ridge, etc.), cluster analysis (K-means, hierarchical
clustering, etc.), support vectormachines (SVM), decision trees, random forests, extreme
gradient boosting (XGBoost), and neural networks [1, 2]. Compared with traditional
Machine Learning models, Deep Learning, also called the Artificial Neural Network,
performs better in stock prices analysis and prediction. Sezer et al. (2020) summarized
the contribution of the recent popular Deep Learningmodels such as Convolutional Neu-
ral Networks (CNNs), Deep Belief Networks (DBNs), and Long-Short Term Memory
(LSTM) in financial time series forecasting problems from 2005 to 2019 [11]. Rein-
forcement Learning is a relatively new approach in Machine Learning, and Dang (2019)
believed that Reinforcement Learning has a lot of potentials in decision-making for stock
trading [13]. The LSTMs models, which use special gates to control information flow,
are currently the type of neural network that gives the preferred performance in financial
forecasting [18].
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Using Machine Learning to forecast stock price volatility highly depends on the
scale and pre-processing techniques of the dataset. Since the coronavirus is an unprece-
dented collective crisis with insufficient data for model training and sentiment analysis,
the overfitting problems, lack of historical stock data and unavailability of information
such as government policies and market sentiment will lead to biased results [2]. How-
ever, the machine learning techniques have a high potential prediction accuracy and
numerous researchers have adopted a hybrid model combining statistics and machine
learning techniques [21] for forecasting algorithm optimization. The multi-layer LSTM
optimization algorithm for time series forecasting is widely used to improve prediction
accuracy [7].

Furthermore, considering the volatility of the financial market, an analysis of the
overall performance of stocks and market participants’ sentiments should be included.
And it is necessary to adopt technical analysis methods flexibly rather than obstinately
apply forecasting algorithms.

From the perspective of stock price trends, the China National Medicines Corpora-
tion pattern presents a cyclical triangle. Pattern Recognition, a popular technical method,
can aid forecasting and algorithm optimization [9]. Meanwhile, pharmaceutical stocks
are unlikely to fall sharply considering the impact of major epidemic diseases. In con-
trast, the performance of pharmaceutical companies in epidemic diseases will affect the
sentiment of market participants and thus stock prices. During the SARS-CoV outbreak
(2002–2003) and the Influenza A virus subtype H1N1 episode (2009–2010), the China
National Medicines Corporation did not significantly contribute to the research and
development for related vaccinations. Due to the market impact, its stock price declined,
but not dramatically during the epidemic disease period, considering people tend to rely
on pharmaceutical companies psychologically in the disease [22]. With the remarkable
achievements in researching and developing the vaccination for the Covid-19, the stock
price of the China National Medicines Corporation has shown a significant rise. Market
participants’mental and emotional factors can drivemarket changes in the short term and
even cause unexpected price fluctuations in the financial market. Therefore, sentiment
analysis, a relatively novel approach, is unique in financial market forecasting by ana-
lyzing and measuring data sources’ potential emotions and text corpus [5] implemented
by machine learning technique [23].

Moreover, despite our normal-distributed residuals, the normal distribution is ideal,
and most time-series data tend to show skewness. For non-Gaussian considerations,
using various copulas with the flexible specification of the marginal distributions is an
extension that performs remarkably well in dynamic volatility forecasting with copula-
based multivariate models [3, 20].

Furthermore, with a series of severe social and environmental issues such as global
warming, health awareness growth, and the Chinese government’s strong support for
the pharmaceutical industry, pharmaceutical stocks still have long-term solid investment
significance.
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4 Conclusion

The optimized ARIMA (1, 1, 2) - GARCH (1, 1) model shows a well-performance
in predicting stock prices for the China National Medicines Corporation and provides
investors with data-based investment strategies.

Future research can focus on the optimization of the forecasting algorithms. Com-
bining the machine learning technique such as the preferred multi-layer LSTM mod-
els, Pattern Recognition and Sentiment Analysis may provide more accurate long-term
prediction results and bring more significant investment returns.
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