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Abstract - The aims of this paper present a stock price model and a method for forecasting stock prices under the assumption
that stock prices follow the log-normally distribution law, simulating stock prices using geometric Brownian motion. The
empirical analysis is conducted on stock codes in the VN30 index on the Viethamese stock market. The experimental results show
that the forecasting method presented in the report can be used to forecast stock prices in short-term investment periods of less
than one month.
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1. Introduction

The stock market is constantly fluctuating, directly affecting investment strategies. Stock investors always want to accurately
forecast stock prices to build appropriate investment strategies to bring the most profit possible. In recent decades, there have
been many studies in the world on models for forecasting stock prices in general and stock prices in particular [6, 8];... Each
model has its own advantages and disadvantages, and no model can predict with absolute accuracy. Stock prices fluctuate every
day and are affected by many factors, such as financial market information, economics, society, and information related to the
issuing company... Therefore, forecasting stock prices is not easy. Researchers always strive to come up with forecasting models
to improve accuracy and minimize costs. Different forecasting strategies have been studied by many scientists with very famous
works such as optimization models [3, 10, 11, 15-17, 23, 24], machine learning models [4, 9, 12, 13, 19, 21, 23, 26], ... All of
these research directions focus on the goal of forecasting stock fluctuations, finding the most beneficial way for investors. Normal
distribution and lognormal distribution are widely used in financial mathematics. These two distributions are commonly used in
the process of stock price analysis. The daily return rate of a stock can have a normal distribution. Then, the stock price movement
can be described by the graph of the lognormal distribution. A very important random process used to build a stock price model
is the Brownian motion process. Brownian motion is widely used in physics, economics, engineering... In finance, there have
been many studies on the application of Brownian motion to forecast stock prices [1, 2, 22], ...Studies have shown that the
geometric Brownian motion model is a useful model in stock price analysis and forecasting. This is a simple forecasting model
but has quite high accuracy with short-term forecasting time.

The Vietnamese stock market has undergone nearly 25 years of formation and development. Although there have been
remarkable developments in terms of capitalization and number of listed assets, the Viethamese stock market is still considered
a small, emerging market, very attractive but also potentially risky. Therefore, accurate forecasting of stock prices is very
important for investors to minimize risks and develop appropriate investment strategies. In this report, the author presents a stock
price model and uses geometric Brownian motion to simulate, analyze and forecast stock prices in the near future. The empirical
analysis is conducted on stocks in the VN30 portfolio in the Vietnamese stock market.

2. Continuous-Time Stock Price Model
Let S, be the stock price at time t, and dS; be the amount of stock price change in an arbitrarily small time interval [t,t +

dt]. We can assume that the relative change in stock price is %, which is proportional to the length of time dt with a certain
t
proportionality factor u, that means,
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In addition, there are random factors in the market that affect stock prices. These random factors create a type of random
noise, represented by the random derivative dB, of a Brownian motion B, with a certain proportionality factor o. Therefore, it
can be assumed that the stock price satisfies the following stochastic differential equation:

dSt = ,LlSt dt + O‘St dBt. (1)

Equation (1) shows that, the random motion will be larger if ¢ is larger. Therefore, o is also called the volatility of the stock
price.

2.1. Theorem ([7, section 3])
The solution of the stochastic differential Equation (1) is a stochastic process,

S, =S, (1S )rone. ()

Thus, the stock price satisfies Equation (1) as determined by (2). The price process S; is a geometric Brownian motion. The
expectation of S, is [1]:
E(Sp) = Seet, 3

Where S, is the initial price value of the stock.

Equation (2) can be rewritten as:
2
InS, =In Sy + (u—Z)t+ oB.. ()

2
The random variable In S; has a normal distribution with expectation In S, + (1 — %)t and variance ot.

3. Estimating the Parameters of the Model

We can estimate the parameters u and o of the geometric Brownian motion based on the historical price data of the stocks.
Suppose S; is the closing price on the i-th trading day (i = 0,1,2, ...,n), At is the length of the time interval between two
consecutive transactions in a year. Especially if we call N the number of days that the stock market is open in a year, then,

From the data on the closing prices of the stocks, we calculate the daily return rate series {R;} for each corporate security
according to the formula,

Si .
Ri=In—,i=12,..,n
i-1

Let

n

R,

i=1

R =

S|k

The estimates of the displacement u and volatility o of the stock price can be written by [20],

2
a
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2
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1 1 =
o= E\/E i=1(Ri —R)%. ®)
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2
Since In S, follows the normal distribution with the expectation In S, + (¢ — %)t and variance ¢ 2t, with 95% confidence,
the confidence interval of the value of In S, is,

2 2
InSy + (1 —Z)t = 1.960VE <InS, <InSo+ (u—Z)t + 1.960+t. (6)

From Equation (6), we have the confidence interval of the stock price following the lognormal distribution with 95%
confidence is,

2
Ins +( —”—)t—1.96 T
en ot(1—3 cr\/—<

2
Ins +(u—”—)t+1.96aﬁ
<S <e ™ 2 )

)

4. Empirical Analysis

The study uses daily closing price data of stocks in the VN30 index in the Vietnamese stock market. Closing price data is
collected from January 3, 2023 to March 29, 2024. According to the presented stock price model, the daily return rate series of
stocks must follow a normal distribution. The author randomly selected 20 stock codes: ACB, BCM, BID, BVH, CTG, FPT,
GAS, GVR, HDB, HPG, MBB, PLX, SAB, SSB, SSI, TCB, TPB, VCB, VHM, VIC.

Using the closing price data of these stocks from January 3, 2023, to December 29, 2023, including 249 values for each
stock code, calculate the daily return series for each stock code and use density charts and QQ charts to test the normal distribution
assumption for the daily return series. From the analysis of the charts, it is possible to accept 5 stocks with daily return series
following the normal distribution, which are stocks BID, BVH, GAS, TCB, and VCB. The data processing in this report is
performed using R and Matlab software.

Table 1. Company stocks that satisfy the model's assumptions

No. Stock code Company name
1 BID Vietham Joint Stock Commercial Bank for Investment and Development
2 BVH Bao Viet Group
3 GAS Vietnam Gas Corporation - Joint Stock Company
4 TCB Vietnam Technological and Commercial Joint Stock Bank
5 VCB Vietnam Joint Stock Commercial Bank for Foreign Trade

The number of days the stock market is open in 2023 is 249 days, and so,

1

At=m.

From the daily return series in 2023, find the estimates of the stock price movement u and volatility ¢ using formula (5).
The results are given in Table 2. The author will use these estimates to forecast the stock price in the first three months of 2024.

Table 2. Stock price movement and volatility

Stock code Movement u Volatility o
BID 0.0904 0.2764
BVH —0.1722 0.1854
GAS —0.2986 0.2551
TCB 0.1834 0.2673
VCB 0.1601 0.2918

To simulate the stock price in the first quarter of 2024, the author uses Matlab software to build an algorithm based on the
equation:

2
g
Ft — Ft—le(#_ > )At+o‘£\/At’

Where F, is the forecast price at time t, F, = S, is the current stock price, € is a random number generated from the normal
distribution N(0,1). For each stock code, the author simulates 1000 random paths for the forecast price. The forecast price
simulations are shown by the blue line, and the actual stock price chart is shown by the red line.
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The corresponding images of the forecast price and the actual price can be observed in Figure 1.
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Fig. 1 Simulate forecasted and actual prices of stocks

From the results of the above simulation, we can see that the actual prices of the stocks are all within the simulated price
range. To analyze more clearly the accuracy of the forecasting model, we will find the expected stock price and the confidence
interval of the stock price after one day, one week, two weeks, three weeks, one month, two months and three months with 95%
confidence. Using formulas (3) and (6), we can calculate these results and present them in the following tables:

Table 3. Expected price, confidence interval, actual price of stock after 1 day

Stock Code Expected Price Confidence Interval Actual Price
BID 43.42 (41.95; 44.92) 43
BVH 39.47 (38.57; 40.39) 39.6
GAS 75.41 (73.05; 77.82) 75.6
TCB 31.82 (30.78; 32.89) 32.1
VCB 80.35 (77.48; 83.3) 83.5

Table 4. Expected price, confidence interval, actual price of stock after 1 week

Stock Code Expected Price Confidence Interval Actual Price
BID 43.48 (40.24; 46.9) 45.6
BVH 39.36 (37.38; 41.43) 39.2
GAS 75.05 (69.88; 80.5) 76.6
TCB 31.92 (29.62; 34.35) 32.1
VCB 80.56 (74.24; 87.27) 83.2
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Table 5. Expected price, confidence interval, actual price of stock after 2 weeks

Stock Code Expected Price Confidence Interval Actual Price
BID 43.56 (39.02; 48.47) 43.55
BVH 39.23 (36.45; 42.16) 39.26
GAS 74.6 (67.42; 82.34) 75.46
TCB 32.03 (28.81; 35.52) 34.1
VCB 80.82 (71.96; 90.46) 83.45

Table 6. Expected price, confidence interval, actual price of stock after 3 weeks
Stock Code Expected Price Confidence Interval Actual Price
BID 43.64 (38.13; 49.71) 49.8
BVH 39.04 (35.73; 42.69) 41.6
GAS 74.16 (65.48; 83.66) 76.6
TCB 32.15 (28.22; 36.48) 34.1
VCB 81.08 (70.3; 93.03) 92.5
Table 7. Expected price, confidence interval, actual price of stock after 1 month
Stock Code Expected Price Confidence Interval Actual Price
BID 43.75 (37.13; 51.2) 47.7
BVH 3891 (34.88; 43.27) 40.6
GAS 73.54 (63.22; 85.06) 75.4
TCB 32.32 (27.58; 37.63) 34.15
VCB 81.44 (68.47; 96.14) 88.5
Table 8. Expected price, confidence interval, actual price of stock after 2 months
Stock Code Expected Price Confidence Interval Actual Price
BID 44.0 (35.42; 54.03) 53
BVH 38.48 (33.1; 44.22) 42.6
GAS 72.15 (59.08; 87.25) 77.6
TCB 32.7 (26.51; 39.89) 42.1
VCB 82.28 (65.41; 102.18) 97.5
Table 9. Expected price, confidence interval, actual price of stock after 3 months

Stock Code Expected Price Confidence Interval Actual Price
BID 44.34 (33.77, 57.17) 53
BVH 37.93 (31.66; 45.07) 42.6
GAS 70.36 (54.77; 89.02) 80.6
TCB 33.21 (25.53; 42.47) 47.1
VCB 83.39 (62.53; 109.0) 94.5

With the results found in the tables above, we can see that the actual prices of each stock are mostly within the 95%
confidence intervals. The error between the forecast price and the actual price is very small when the forecast period is one day.
However, the longer the forecast period, the larger the error between the actual price and the expected price of the stocks.
Therefore, the geometric Brownian motion model should only be applied to short-term forecast periods, less than one month.

5. Conclusion

This paper presented the stock price model and the method of stock price forecasting using the geometric Brownian motion
model, assuming that stock prices follow the logarithmic normal distribution law. From historical closing price data, analyze the
daily return rate of stocks, test the series of returns following the normal distribution law, and find the shift and volatility of stock
prices. From there, simulate the forecast price, find the expected price, and the confidence interval of stock prices in the next
three months. The empirical analysis was performed on five stocks in the VN30 portfolio in the Vietnamese stock market. In
general, the empirical results show that the expected forecast price of stocks is close to the actual price for an investment period
of no more than one month. When using the geometric Brownian motion model to simulate stock prices, only the first simulated
price is based on the actual price, while the subsequent simulated prices are based on the previous simulated price, so the accuracy
of the forecast will decrease over time. However, the simulation results are still effective in short-term forecasting and the
geometric Brownian motion model is still a useful tool in stock price forecasting analysis.
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