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Abstract. Forecasting the volatility of financial derivatives and securities returns has always been
the core of financial research. Accurate volatility forecast is integral to financial risk management,
which is vital for investors and supervision authorities. Traditional time series models (e.g., ARCH
and GARCH models) have been famous tools for volatility forecasting. However, those models
cannot capture non-linear correlations, and prediction capability is unsatisfactory. In this paper, we
use multifactorial deep learning algorithms RNN, LTSM, and GRU with sentiment data to predict the
future volatility of Apple (AAPL), then compare the accuracy of prediction with the GARCH model.
According to the analysis, the prediction accuracy of LSTM and GRU significantly improved
compared with the GARCH model. These results shed light on guiding further exploration of stock
volatility prediction using deep learning algorithms. Besides, it advises investors to choose efficient
stock price volatility forecasting and risk management tools.
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1. Introduction

Return and risk are an indispensable part of the investment. For the high-risk and high-return stock
market, investors urgently need a systematic and comprehensive scientific method to make accurate
predictions on the stock market. Nevertheless, predicting financial asset volatility can be challenging
due to the low signal-to-noise ratio of financial information. To address the issue, the modeling tools
have changed dramatically in past decades.

Traditional procedures on volatility prediction are mainly about building time series regression
models. GARCH and related models are the hotspots of research on volatility prediction in the 20th
century. Engle firstly proposed the autoregressive conditional heteroscedasticity (ARCH) model to
estimate the inflation variance of the United Kingdom [1]. In 1986, Bollerslev introduced the
generalized autoregressive conditional heteroscedasticity (GARCH) model, which solved the
problem of overwhelming parameters brought by the ARCH model [2]. Sentana modified the
traditional GARCH model and designed the Quadratic GARCH (QGARCH) model, in which non-
linear relationships between market data and stock volatility are captured even if those non-linear
relationships are far from a complex one [3]. Franses found that QGARCH has a better prediction
accuracy than GARCH and GJR models [4].

A novel approach to conducting volatility prediction is artificial neural networks (ANN).
Donaldson used basic ANN to forecast stock volatility and concluded that ANN has a better
performance as ANN can fit complex non-linear relationships that traditional time series models
cannot capture [5]. Mantri et al. used ANN to model the Indian market volatility, but the conclusion
indicates a trivial difference in the forecast between ANN and other models [6]. Online sentiments
have been essential factors for research in recent years. Liu et al. introduced recurrent neural networks
(RNN) combining sentiment data from the online forum, and the results showed a significant
improvement in prediction performance [7]. Zhou et al. used a deep learning model to forecast the
volatility of SSE50 ETF options. A comparison between the deep learning and GARCH models
showed that deep learning performs better [8]. The long short-term memory (LSTM) process was
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applied to the stock sequence prediction of China A-stock in the paper of Su et al. The paper found
that LTSM can accurately learn the pattern of the China A-stock market [9]. Basic RNNs and LSTM
models have memories of past data and tend to perform better volatility prediction.

Put it all together, this paper aims to find the most efficient method for predicting stock market
volatility by comparing different models. Combining financial knowledge and technical analysis
methods, this paper analyzes the effectiveness of various models in forecasting stock volatility. The
remainder of the article is organized as follows. Section 2 describes the sample data collection process.
Section 3 demonstrates the measurement of various models. In section 4, we compare the prediction
results of different models. A brief analysis is also demonstrated in this section. Concluding remarks
with suggestions for future research are given in Section 5.

2. Data

The data utilized in this study includes 1511 daily observations of AAPL from May 31, 2016, to
May 27,2022. The former 1258 observations are classified as training set while the other to the testing
set. Trading data is obtained from yfinance, an API created by yahoo finance. Market sentiment data
and financial data are collected through Google Trend and the SEC database, respectively. Google
Trends data is normalized keyword searching volume ranging from 0 to 100, and a higher number
means higher searching volume [10]. Google Trend includes data on non-trading days, so we delete
those sentiment data to ensure the consistency of the timeline. Our models will predict the next day’s
volatility using the current day's features. Detailed information on each factor is shown in Table 1.

Table 1. Information on factors

Factor name Explanation

Volume Trading volume

Volume_changes Percentage change of trading volume

Log_returns Logarithmic returns

Volatility Annualized daily volatility

Dividends Dividends on a specific day

Interest Sentiment index

Interest_changes Percentage change of sentiment index

PE Price/earnings per share

Beta Coefficient of the linear regression between 30 days stock price and NASDAQ
composite

Alpha The intercept of the linear regression between 30 days stock price and NASDAQ
composite

MACD Moving average convergence divergence

RSI Relative strength index

Bolling_diff Difference between Bollinger upper band and lower band

KDJ k K series of the stochastic oscillator

KDJ_diff Difference between stochastic oscillator K series and J series

VR Volume variance, a strength index of volume

3. Methodology

3.1 Volatility Measurement

All the volatility used in the article is annualized daily volatility; following is an explanation of
how it is calculated. The method measuring the daily returns is the logarithmic return:

Py
Tt = ln_ == lnPt - lnPt_l (1)
P4
The absolute value of daily returns measures daily volatility:

v, =12 )
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There are 252 trading days annually. Thus, the way to calculate annualized daily volatility is as

follows:
v, = /zszn2 3)
3.2 GARCH Model

We firstly build a classical GARCH model to predict future stock return volatility. Only history
volatility data is needed for GARCH since it is a simple time series regression model. The Python
third-party package ARCH is used to build the GARCH model, which can estimate coefficients,
conduct significance tests, and forecast volatility using the rolling-window method. A typical
GARCH (p,q) model can be expressed as:

Tn=u+e (4)
& = 0" € (5)
0l =w+ Xl ae_ >+ 25-;1 B0 (6)
e,~N(0,1) 7

The item e, in Eq. (5) is independent and identically distributed. Parameters p and g should be
determined by R? between the data in the current period and data in each lagging period. After
deciding two parameters, one could use maximum likelihood to estimate coefficient w, a;, and ;.

3.3 RNNs

The most common neuro-networks are feedforward, which has the data flow from the input layer
to neurons with activation in hidden layers and the output layer, getting the predicted value. For time
series data, the data in one period may have connections with data in previous periods, where
feedforward neuro-networks cannot reach. This problem can be solved by implementing recurrent
layers, whose outputs are affected by both the inputs on the current step and the outcomes on the
previous step, giving the network a short memory, which usually decays over time. Figure 1 illustrates
a sketch of the RNNs. The mathematical expression of the outputs of each layer on RNNs can be
demonstrated as

ve=0(1Xe Yeil[y]+0) ®)

where X, is the current input vector, ¥;_; is the output vector of the last step, @ is the activation
function, W, and W,, are the weight of two vectors, respectively.

Fig. 1 Illustration of Simple RNN.
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Fig. 3 Structure of a GRU cell.

3.4 LSTM Cells

Basic RNNs do not have long-term memory as the memory decays quickly over time. Long short-
term memory is a cell that can capture long-term relations between data, which was innovated by
Hochreiter et al. in 1997 [11]. Fig. 2 shows the structure of an LSTM cell. Here, x; is the input
vector, ¢; isthe long-term state vector that contains long memory and h; is a short memory vector.
Vector ¢;_, drops some information after element-wise multiplication with f, the output of the
logistic function ranges from 0 to 1, and then embrace some new information after adding data from
the input gate, finally forming the new state vector c¢;. Output gate is used to calculate the output of
the neuron and the new short memory vector h;. Egs. (9) to (14) display the detailed calculation of
each vector, where o means logistic activation and @ means element-wise multiplication. The
most impressive feature of the LSTM cell is that it can keep a very long memory of essential
information through ¢; compared with simple RNNs because only simple linear calculations are
applied to ¢;_;.

ip =0(Wy'xe + Wy he_y + b;) 9
fe=0(W,'x, + Wy he_; + by) (10)
0, = (Wyo'x;, + Wpo'hi_1 + b,) (11)

g: = tanh(W,;'x, + Wy,'h,_; + b,) (12)
¢:=ft®c1+i: D g; (13)
y: = h; = 0; ® tanh(c;) (14)

3.5 GRU Cells

In 2014, the gated recurrent unit (GRU) cell was innovated by Cho et al. [12]. GRU cells can be
recognized as simplified variants of LSTM cells. Many researchers found that GRU cells perform as
well as LSTM cells. The main difference between LSTM cells and GRU cells is that vector h; stores
both the long-term memory and the short-term one. Two inputs of a GRU cell are the previous state
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vector h;_, and current input vector x;. Forget gate and input gate are all manipulated using vector
z,, forget gate is manipulated directly. Still, the signal sent to the input gate is 1 — z;, which means
the useless information should be deleted before adding new information. To impose more control on
the previous vector h;, new gate r; and g, are added to GRU cells. In short, GRU cells use one
state vector to manage the flow of information between periods. Compared with LSTM cells, GRU
cells enable a perfect performance with less computation. Fig. 3 illustrates how GRU cells works,
and the mathematical expression of the mechanism of the cell is shown in equation (15) to (18).

z,=0(Wy,'x. + Wy,'hy_y +b,) (15)
re=0(Wy'x; + Wy, 'hy_1 + b,) (16)
ge = tanh(Wngxt + WhgT(rt®ht_1) + bg) (17)
hi=z,®h;_;1 +(1-2) ® g; (18)

3.6 Performance Measure

Mean absolute error (MAE) and mean squared error (MSE) are metrics to measure the loss of
the model or the model's error to predict in this paper. The calculation of MAE and MSE can be
expressed as:

1 ~
MAE = -3, |Y; — i (19)
loss = MSE = % n (Y, - 7)? (20)

Here, Y; is the actual value, Y; is the predicted value, and n is the sample size. MSE is used
as a loss function during the training section.

4. Empirical analysis

This section will discuss the training and testing of models and optimization methods and
compare the performance of different models. The parameter estimation of the GARCH model is
done through the python third-party package ARCH. The neural networks in this article are all built
by TensorFlow.

The current volatility data strongly correlates with the lag 1 to 2 period data. However, the
parameter estimates of the GARCH(2,2) model cannot pass the significance test, so the GARCH(1,1)
model is selected. The parameters of the GARCH model are obtained by maximum likelihood
estimation. The estimated values of w, a and f parameters are 0.0848, 0.1352, 0.8267,
respectively. The estimated values of the three parameters all passed the significance test at the 0.05
significance level.

Before molding with neuro-networks, we use min-max normalization to set the data range to 0
to 1 to avoid unstable gradient problems. The calculation method of min-max normalization is shown
in equation (21).

X « X Xmin (21)

Xmax—Xmin

Two optimizers are adopted to train neuro-networks. Stochastic gradient descent (SGD) is one
of the most classical optimizers in machine learning. SGD searches the lowest point of the loss
function through partial derivatives; if the gradient is a downturn, the weight will increase and verse
versa. It was proven to have perfect optimization performance in most cases. However, SGD has a
slow convergence speed, and the optimization quality is unsatisfactory in some circumstances. The
process of SGD is displayed in Egs. (22) and (23), where w is the weights vector, 7 is the learning

rate, and g(w) is the vector that contains partial derivatives.
wew-—n-g(w) (22)
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[%%MSE(W)}
gw) = |7 MSEW)| (23)

]
Twn MSE (w)J
Another optimizer utilized here is adaptive moment estimation (Adam). The optimizer has a
memory of gradients and squared gradients in both current and previous steps stored in vector m
and s, respectively, and the memory can decay over time through parameters f; and f,. m isthe
momentum vector and vector § makes the learning rate adaptive to the magnitude of the gradient.

All the factors make Adam reaches the global optimum more accurately and faster. Eqs (23) to (27)
show the detailed algorithm of the optimizer.

me pfim—(1-p1)-gw) (24)

S Pos—(A—p2) gw) ® gw) (24)
M e (26)

S« 1_; : (27)
wWew+n: \/;ﬁ? (28)

In 2015, Toffe et al. proposed batch normalization (BN) to tackle unstable gradient problems and
over-fitting [13]. The idea of batch normalization is to normalize the data of inputs in each batch
before the optimization process. In Eq. (29), input vector x is normalized to X with a mean of 0
and a standard deviation of 1; z is the final output of the BN process, which is the result of the linear
calculation on X.

~ _ x—qu
x—m (29)
z=yQ®X+p (30)

In the same year, Laurent et al. and other researchers believed that BN is imperfect at optimizing
RNN:Ss, but layer normalization can do the job [14]. However, for our data and model, the RNNs with
BN consistently outperform RNNs with layer normalization. The structure of the best RNNs we found
is summarized in Table 2. We drop 20% neurons per layer to avoid over-fitting with training data. A
20% dropout rate tends to have the best results for our model. Figure 4 depicts the performance of
simple RNNs, measured by MAE of the testing set, with different normalization methods and
optimizers. According to the results, applying optimizer Adam and implementing batch
normalizations can give simple RNNs the best performance.

Batch normalization can also have a positive effect on the LSTM models. Table 3 lists the best
structure for the LSTM model, having a 20% dropout rate and the implementation of BN. Figure 5
exhibits performance with different optimizers. It indicates that Adam has a better performance on
the predictions on the test set but a poorer performance on the train set. The possible reason for this
phenomenon is the over-fitting caused by SGD. The emergence of this phenomenon has made us
think that optimizer significantly impacts training effects, and the choice of optimizer should be
adapted to local conditions.

Table 2. Structure of best RNNs

Type Neuron quantity Dropout rate Activation
RNN 25 20% SeLu
RNN(BN) 30 20% SeLu
RNN(BN) 30 20% SeLu
RNN(BN) 30 20% SeLu
RNN(BN) 25 20% SeLu
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Fig. 4 Simple RNNs performance with different normalization methods and optimizers.
Table 3. The best structure of the LSTM model

Type Neuron quantity Dropout rate
LSTM 20 20%
LSTM(BN) 20 20%
LSTM(BN) 20 20%
LSTM(BN) 20 20%
LSTM(BN) 20 20%
0.2
0.15
< o1
0.05 I
0
Train Set Test Set

mSGD mAdam
Fig. 5 LSTM performance with different optimizers

SGD tends to have better performance on GRU models. Figures 6 displays the different
performance of the GRU model with different optimizers. Table 4 illustrates the best GRU model
structure. By comparison, it can be found that the SGD optimization method fits the train set better
when training the GRU model, and the Adam optimization method's prediction accuracy of the test
set is also slightly improved.

Table 5 shows the MAE of different models. The table shows that GRU has the best predictive
accuracy for test set data. The prediction accuracy of LSTM is second only to GRU. Compared with
the GARCH model, the accuracy of GRU and LSTM improved by 11% and 14%, respectively. There
is no significant improvement for the simple RNN model.

Table. 4 Best structure of the GRU model

Type Neuron quantity Dropout rate
GRU 25 10%
GRU(BN) 25 10%
GRU(BN) 25 10%
GRU(BN) 25 10%
GRU(BN) 25 10%
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Fig. 6 GRU performance with different optimizers
Table 5 Comparison of performance.
Model Data MAE
GARCH Train set 0.11265
Test set 0.13978
Simple RNN Train set 0.11571
Test set 0.13448
LSTM Train set 0.10543
Test set 0.12469
GRU Train set 0.09950
Test set 0.12087

Figs 7 to 10 present the distribution of actual volatility and the distribution of volatility predicted
by different models. A few negative values appeared in the picture because of the application of the
kernel density estimation, and the bandwidth was large. One can observe that simple RNN and LSTM
predicted volatility are most like the actual distribution. Therefore, they have the most robust ability
to predict extreme values. The forecasting ability of the GARCH model is not ideal. The data obtained
from the forecast are all distributed in a small range, and there is no ability to predict large and small
volatility accurately. The distribution characteristics of GRU's predicted data differ from the
distribution characteristics of actual data. GRU's prediction of extreme values may not be as good as
LSTM and simple RNN. However, compared with the GARCH model, it has a significant
improvement. Based on empirical analysis, it is believed that each neuro-network model has its
advantages, and the prediction accuracy is better than the GARCH model.
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Fig. 7 Distribution of actual volatility and volatility predicted by GARCH
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Fig. 8 Distribution of actual volatility and volatility predicted by simple RNN
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Fig. 9 Distribution of actual volatility and volatility predicted by LSTM
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Fig. 10 Distribution of actual volatility and volatility predicted by GRU

5. Summary

In conclusion, this paper investigates stock price prediction based on GARCH and RNN. The
primary contribution of this paper is to study and analyze the performance and respective advantages
of the GARCH model and various neural network models integrating market sentiment indicators for
stock volatility forecasting. Our forecasting models include not only technical indicators but also
market sentiment data. In brief, neuro-networks with LSTM and GRU cells obtained perfect
performance on volatility prediction. According to the analysis, simple RNN and LSTM predicted
volatilities have the distribution characteristics closest to the actual situation, while traditional time
series regression method GARCH has the poorest prediction performance. Although other studies
have shown that the effect of layer normalization is better for RNNs, adding batch normalization to
all models has a better effect on performance improvement for the data of this study. The optimizer
will affect the model's performance, depending on the specific data and model, and the optimizer
suitable for different models or data is also different.
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This study has two significant limitations. First, the small amount of data may lead to limited
generalization ability. Secondly, the search volume cannot reflect market sentiment fully and
objectively and may deviate from the actual market. In future research, it is necessary to improve the
quality and quantity of data and apply more objective market sentiment indicators to obtain more
accurate predictive models that can be used for financial risk management. Overall, the results
demonstrate several models with better forecasting performance and can provide important references
for the future application of machine learning in stock market volatility forecasting.
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