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ABSTRACT An enormous ripple effect can occur in financial data mining if it accurately predicts stock
prices. However, predicting stock prices using only stock price data is difficult because of the random
nature of stock price data. This paper attempts to fuse data to solve the stock price prediction problem.
The following data affecting the stock price are added to the proposed method as an additional modality:
macroeconomic indicators and the months and day of the week. The multimodal early fusion method is used,
which learns the intermodality correlation of features. The proposed model in this paper outperformed the
comparison models and achieved statistically significant results. Specifically, 27 out of 50 stocks achieved
higher classification accuracy than the comparative model. In addition, the in-depth analysis indicates that
the early fusion strategy achieved better classification accuracy in 30 of 50 datasets than the late fusion
strategy for stock price prediction.

INDEX TERMS Stock price prediction, multimodal learning, information fusion, macroeconomic data,

technical indicator.

I. INTRODUCTION
As the world economy expands, equity markets have grown,
and the number of market participants has increased. Stock
price prediction has become one of the most popular subjects
of financial data mining [1]. Although an accurate stock price
prediction can help investors to make the right decision, it is
difficult to achieve because of randomness, non-linearity, and
the high noise level of the stock price data [2], [3]. Thus, using
only the stock price data may be unsuitable for stock price
prediction because the stock market is sensitively affected
by external factors, such as the world economy, domestic
politics, accidental events, and even by the months or day of
the week [4].

Researchers use statistical and machine learning models to
model the stock price. The autoregressive integrated moving
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average (ARIMA) model, which combines the autoregressive
model, moving average model, and differencing, is one of the
most representative statistical models to analyze time-series
data [5]. Traditional machine learning models, such as the
support vector machine and hidden Markov model, have also
been applied in this field [6], [7], [8]. Deep neural networks
(DNNG5) have recently demonstrated excellent prediction per-
formance [9], [10] owing to their information fusion capabil-
ity that helps capture nonlinear relationships between various
financial data sources [11].

In addition to the stock price data, another information
source, economic indicators, can represent economic situa-
tions in the market [12]. Thus, by exploiting the economic
indicators for predicting stock prices, an improvement in
accuracy can be expected. In addition, because the stock price
can be correlated to the months and day of the week, the
accuracy of the stock price prediction can be enhanced [4].
In addition, the internal structure of information fusion
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should be carefully designed to achieve the best prediction
power [13].

However, conventional studies suffer from performance
degradation because of the limited number of considered
information sources and the intrinsically conducted structure
design of the information fusion. The information fusion
strategy in DNNs can be roughly divided into two types
according to the location where fusion starts in the net-
work: early fusion, specializing in capturing the intermodal-
ity correlation, and late fusion, specializing in capturing
the intramodality correlation [14]. Because these two fusion
strategies have different strengths in information processing,
it is still unclear which fusion strategy will lead to the best
prediction power for stock price prediction. This paper pro-
poses a novel multimodal fusion transformer for stock price
prediction. Contributions from this study can be summarized
as follows:

« A novel multimodal early fusion transformer is proposed
to achieve accurate stock price prediction. In the pro-
posed network, the early fusion strategy is used to fuse
the information between each modality effectively.

o Twenty-five information sources are considered in
this study from three domains: stock price, months
and day of the week, and macroeconomic indicator
modalities.

« An in-depth analysis is conducted regarding the fusion
strategy. The proposed method indicated that the early
fusion strategy provides the best prediction perfor-
mance. However, a group of stocks offers better predic-
tion performance using the late fusion strategy.

The experimental results on 50 stock price datasets indi-

cated that the proposed multimodal early fusion transformer
significantly outperforms conventional methods.

Il. RELATED WORK

In the field of time-series prediction, the ARIMA model was
frequently employed for developing the model of power gen-
eration, traffic flow, and sensor data [15], [16], [17]. Another
researcher used the ARIMA model to predict financial time
series [5]. The statistical time-series model, like ARIMA,
assumes that the data have linearity [18]. It is challenging
to apply such assumptions throughout a financial time-series
data analysis because the data have traits of nonlinearity and
randomness [2], [3].

Despite the excellent performance of a statistical stock
price prediction using, for example, the ARIMA model,
a series of attempts have been made to exploit machine learn-
ing models for stock price prediction. For instance, in [19],
the authors used support vector regression to predict stock
minute prices using technical indicators. In addition to the
support vector regression, the random forest was also used
to build a stock price prediction model [8]. The continuous
hidden Markov model, one of the most popular modeling
techniques for time-series data analysis, was used in [20].
In this work, the emission probabilities are modeled as Gaus-
sian mixture models.
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The DNNs can be effective alternatives to conventional
econometric and statistical models with weaknesses in mod-
eling financial time-series data with nonlinear traits [21].
For example, a convolutional neural network (CNN) used
for image data analysis can be applied to stock price predic-
tion [22]. In addition, long short-term memory (LSTM), bidi-
rectional LSTM, and attention mechanisms model sequential
data, such as natural language and time-series data. In detail,
the bidirectional attention LSTM model for stock price pre-
diction was proposed in [23]. The model combined with
the CNN and LSTM is employed to extract the features of
the limit order book and stock price data. The CNN mod-
ule extracts the features in the limit order book, and the
LSTM module extracts the time-series features in stock price
data [24].

The transformer model was devised to improve the atten-
tion encoder-decoder LSTM model [25], whose variant is
widely used in the field of sequence modeling [26], [27].
A stock price prediction model combined with the CNN
and attention bidirectional LSTM was also considered [1].
Recently, a transformer model for stock market index pre-
diction was suggested [28]. The attention mechanism in
the transformer can learn the correlation of many stocks
dynamically with the market index and helps them predict
each stock [29]. Some authors [30] insisted that conventional
machine learning algorithms ignore the stochastic property of
a stock that changes over time. Thus, they proposed adversar-
ial training to learn the stochastic property of the stock price
using the attention LSTM.

Recent financial studies have combined various data with
stock price data [13]. The information fusion can be enhanced
by conducting parallel operations that contain inter/intra
crossovers and adaptive mutations in the genetic algorithm
[31]. The proposed information fusion-based genetic algo-
rithm approach can optimize the parameters of an extended
short-term memory stock price prediction model and selects
a set of features. Other authors [32] addressed the problem
of technical analysis information fusion in improving stock
market index-level prediction. Multiple predictive systems
based on various technical analysis metric categories have
been devised. The system has multiple prediction models
with various technical analysis metric data categories. Each
prediction model is based on an ensemble of neural networks
using particle swarm optimization. Other authors [33] pro-
posed multimodal neural networks where the architecture
learns the cross-correlation of the United States and Korean
stock prices.

With recent progress in natural language processing tech-
niques, text data, such as news and Twitter data, were
used for feeding the overall atmosphere of the market to
the prediction model that each stock data is unable to
deliver [34]. An event-driven approach was used with stock
price data [35]. The event-driven method was elaborated
by extracting the stock-related event from the news titles.
Moreover, the method enhancing the joint effects was also
devised by calculating the similarity of the two stocks using
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their p-change values and Pearson correlation coefficient.
Historical stock quantitative data, social media data, and web
news data could be used by expressing the information as
a matrix and tensor for stock market prediction [36]. The
stock quantitative feature matrix and stock correlation matrix
were created using the quantitative and social media data for
the stock. The stock movement tensor was built using events
and sentiment extraction from news articles and social media.
The stock quantitative feature matrix and stock correlation
matrix were factorized, and the stock movement tensor was
decomposed for stock price prediction. The bag-of-words
and named entity approach using a large corpus of freely
available financial reports were used to predict the volatil-
ity of the stock returns and stock market prediction using
support vector regression [37], [38], [38]. However, these
approaches suffer from several issues; the complex nature
of natural language processing techniques, the subjectivity in
the news sentences or social media, and legal problems such
as copyright issues. As a result, the empirical results cannot
be reproduced, making the application of those methods to
practice extremely difficult. In this paper, we consider a
simpler alternative, the macroeconomic indicators, to feed the
tendency of the overall market.

lll. MATERIALS AND METHOD

A. MOTIVATION

First, we discuss the data we used in this study. The macroeco-
nomic indicator is a representative factor affecting the stock
market [40]. Some fundamental macroeconomic indicators,
such as the exchange rate, interest rate, industrial production,
and inflation, have associations with the stock price [39].
In addition to the macroeconomic indicators, the effect of
the months and day of the week can also be considered to
obtain information affecting the stock market [4]. However,
stock prices may only partially reflect the macroeconomic
indicator information and the effects of the months and day of
the week. Therefore, the model must have information about
the macroeconomic indicators and the months and day of the
week to reflect this information instantly. Thus, data fusion
can be a valid method for accurate stock price prediction
because the stock markets are affected by many factors [41]
and randomness [2].

Multimodal neural networks that fuses various information
sources internally can be considered to solve the randomness
problem in data. The early fusion method extracts the inter-
modality correlation more efficiently than the intramodality
correlation [33]. In this paper, the model that learns the corre-
lation between significant data affecting the stock price well
is designed to solve randomness problems in the stock price
data. The transformer encoder is advantageous for extracting
information from sequential data [25]. The query, key, and
value have the same value in the transformer encoder. The
scaled dot-product self-attention in the transformer encoder
learns the correlation between the query, key, and value. The
multimodal early fusion transformer method is used in this
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FIGURE 1. Overview of the proposed method comprising feature
concatenation, a transformer encoder, and a classification layer.

paper to employ the characteristics of the transformer encoder
that learn the correlations between model input features.

In this study, the problem of the stock direction classifica-
tion is considered that predicts whether stock prices rise or
fall in the future because it guides investors to buy a stock
before the price rises or sell it before its value declines [42],
[43]. Specifically, the proposed method predicts the next
day’s stock up and down direction using the previous ten
days of data as a binary classification task. Thus, the stock
direction classification in this study can be formulated as the
binary classification problem based on about two weeks of
stock market history, where the performance can be evaluated
using a conventional accuracy metric. As a result, an early
fusion neural network is designed with feature concatenation,
a transformer encoder, and a classifier layer. Fig. 1 presents
the overview of the proposed method.

B. PROPOSED METHOD

The entire experiment was conducted by setting three modal-
ities: stock price modality, months and day-of-the-week
modality, and macroeconomic indicator modality. Table 1
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TABLE 1. Stock price modality.

Column Name

Description

The price at which the financial security

Open opens in the market when trading begins.
High Intraday highest trading price.

Low Intraday lowest trading price.

Volume The number of shares transacted every day.

Adjusted Close

A stock’s closing price to reflect that
stock’s value after accounting for any
corporate actions.

Updown

Cy — Cea

Change

Ct—C¢_1

ot x 100

10-day Moving Everage

Ct+Ci_1+-+Ct_9
10

Weighted 10-day Moving
Average

(M)XCt+(n—1)xCy_1+--+C¢_g
GF =D+ F1D)

Momentum

C¢ = Ceon

Ct—LLi_n

Stochastic K% HH, . —LL, x 100
n-l § %
Stochastic D% 21:0%
RSI (Relative Strength 100
100 - ———100
Index) - (Ci g Upi—i/n)
(T2 Dwi_i/n)
MACD (Moving Everage MACD(n)i—1 +2/n+1x

Convergence Divergence)

(DIFF, — MACD(n);_1)

Larry William’s R%

Hp—Cy
Ho—r L x 100

A_D (Accumulation
/Distribution) Oscillator

Hy—Cy_1
Hy—Ly

CCI (Commodity
Channel Index)

My—SM;_,
0.015D;

C'y: the adjacent close price, L: the low price,

H: the high price at time ¢,

DIFF : EMA(12), — EMA(26);,

E M A: exponential moving average,

EMA(k); : EMA(k)i—1 + a x (Cy — EMA(k)¢—1),
« smoothing factor: 2/1+k,

k: time period of k day exponential moving average L L+
H H: lowest low and highest high in the last ¢ days,

M, : He + Ly + C/3,

SMy : (3272 Mi—it1)/m,

Dy o (307 [Me—iyr — SMi|)/n,

U Py: the upward price change,

Dw¢: the downward price change at time ¢

lists the details of the stock price modality. The KDD17
public dataset was used to add to the reliability of this exper-
iment [44]. The features of the KDD17 dataset are open,
close, high, low, volume, and adjusted close. Moreover, ten
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TABLE 2. Months and day of the week modality.

Column Name
Months

Description

Encoded months data using One-Hot Encoding.
Encoded day of the week data using One-Hot
Encoding.

Day of the week

TABLE 3. Macroeconomic indicator modality.

Column Name Description

A stock market index made up of 102 equity
securities issued by 101 of the largest
non-financial companies listed on the
Nasdaq stock exchange.

The yield received for investing in a US
government issued treasury security that has
a maturity of 2 years.

The yield received for investing in a US
government issued treasury security that has
a maturity of 10 years.

The yield received for investing in a US
government-issued treasury security that has
a maturity of 30 years.

An index of the value of the United States
dollar relative to a basket of foreign currencies,
often referred to as a basket of U.S. trade
partners’ currencies.

A specific grade of crude oil and one of

the main three benchmarks in oil pricing,
along with Brent and Dubai Crude.

NASDAQ100

US 2year Bond Yield

US 10year Bond Yield

US 30year Bond Yield

US Dollar Index

WTI Oil Price

technical indicators were added, and two additional features
in the stock price modality were extracted through feature
engineering to extract significant features in stock price
data [45]. Table 2 details the months and day-of-the-week
modality. In this modality, the months and day-of-the-week
features were extracted using one-hot encoding because the
month is a categorical variable with 12 classes, and the day
of the week is also a categorical variable with seven classes.
The extracted one-hot encoding vector can be expressed as
[0, 1, ---,0]. Last, in the macroeconomic indicator modality
described in Table 3, six features were selected: NASDAQ
100; the US 2-, 10-, and 30-year bond yields; the US Dol-
lar Index; and the WTI oil price. Only the close column
in macroeconomic indicators was used in the data, even if
the macroeconomic indicators had several columns, such as
open, high, low, close, and volume. Before conducting the
training and testing processes, the min-max normalization
was applied to each ten-day sequence because financial data
vary the scale over a long period.

Fig. 2 depicts the detailed structure of the former half of
the proposed method, including the feature concatenation and
multihead attention model. Each modality was concatenated
by a feature dimension to fuse data using the early fusion
method. We let Fy, F» and F3 be the feature sizes of the
stock price modality, the months and day-of-the-week modal-
ity, and the macroeconomic indicator modality, respectively.
Then, x; € RI*F1, x, € RI*F2 and x3 € R!*F3 are the stock
price modality, months and day-of-the-week modality, and
macroeconomic indicator modality, where [ is the sequence

VOLUME 11, 2023
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FIGURE 2. Process of feature concatenation and multihead attention in the proposed method.

length, respectively. These multiple information sources can
be concatenated alongside the feature dimension to create an
input modality matrix M € R!>*F1+F2+F3) represented as
follows:

M = [x1; x2; x3]. ()

In this paper, the months and day-of-the-week modality
is represented using a one-hot encoding scheme, resulting
in twelve months features and five day-of-the-week features.
Thus, F1, F>, and F3 were set to 17, 17, and 6, respectively
because the numbers of features in each modality were 17,
17, and 6. The day that affects the next day’s stock price
prediction can be different. The positional encoding module
was used to let the model know the position information
of the data. The sine and cosine functions express different
frequencies [25]. In addition, pos denotes the position, and i
represents the dimension. Further, d;;,4.; denotes the feature
dimension of the modality data concatenated along with the
feature dimension, and M concatenates three modalities that
are added based on the positional encoding:

PE(pax,Zi) = Sin(pos/]()OO()Zi/dmndgl) )
and
PEpos,2i+1) = cos(pos /100002[/dmude1) 3)

Scaled dot-product attention comprises the query, key of
dimension dy, and value of dimension d,,, its dot-product [46].
The query, key, and value were calculated by multiplying
each other’s linear layer of dimension d, by the output of the
positional encoding. Then, the query and key were multiplied
using the dot-product operation. After the dot-product, the
multiplied output of the dot-product was divided by +/dj and
multiplied by the value. Scaled dot-product self-attention rep-
resents the data parts and their relevance to each other. Fig. 3
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illustrates the overview of the scaled dot-product attention,
represented as

T

Vi

Using only a single attention mechanism can be challeng-
ing to learn various features in three modalities. Multihead
attention can jointly address different representation sub-
spaces that express a variety of features in data. It expresses
the diverse subspace representation in the modality. We let
Head; = Attention(QW,'; KW¥; VW) be the ith head of the
multihead attention and Wiq € Rmodel %dic Wik € Rmoderd
and W) e Rmodet x4k comprise the linear layer. We let W0 e
Rémodel *dk be a weighted matrix multiplied after all heads are

Attention(Q; K; V) = softmax( V. “4)
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concatenated. In addition, 7 = 8 was the number of heads,
and dyoder Was set tody = dpoder /I = 40. Then the multihead
in the proposed architecture can be defined as

MultiHead(Q; K; V) = [Head,; - - - ; Head,)W°.  (5)

Next, after the input data were passed through the feature
concatenation and multihead attention, feature compression
feedforward networks extract the information between fea-
tures extracted using multihead attention. Fig. 4 depicts the
latter half of the proposed method. The point-wise feedfor-
ward networks have a rectified linear unit (ReLU) activation
function that extracts nonlinear features. In addition, W, and
by and W, and b, are the weight and bias, respectively,
in point-wise feedforward networks. Each point-wise feed-
forward network was applied to each position separately and
identically to the output of the multihead attention:

FFEN (x) = max(0; xW1 + b))W> + bs. (6)

10280

After the feature compression feedforward networks, the
feature dimension is 1. In addition, time-sequence compres-
sion feedforward networks extract the information through
the time-sequence dimension. We let x be the output of
the point-wise feedforward networks. Moreover, Wy € R
and by € RY% are the weight and bias values, respectively,
of the feature-compressed feedforward networks. Further,
Wy € R/ and by € R! are the weight and bias of the
sequence-compressed feedforward networks:

FFN¢(x) = max(0; xWy + byr) ©)
and
FFEN(x) = max(0; xW; + by). ®)

The output of the sequence-compressed feedforward net-
works enters the sigmoid function. The sigmoid function is
the nonlinear function that makes the input value range [0, 1].

VOLUME 11, 2023



T.-W. Lee et al.: Effective Exploitation of Macroeconomic Indicators for Stock Direction Classification

IEEE Access

TABLE 4. Comparison of the classification accuracy (%) between the proposed method and comparison models.

Ticker Sector | Proposed Method | CNN-Attention BILSTM [1] | Adversarial LSTM [30] | DTML [29]
AAPL IT 54.16+4.14v 48.434+6.98 47.65+1.49 51.0946.67
AMZN CD 51.66+3.39v 50.461+6.13 50.78+6.71 47.81+£5.38
BA IND 52.60+5.53 52.97+5.16v 49.534+7.10 49.5346.56
BAC FIN 54.16+5.29v 49.06+8.54 50.784+7.10 51.09+4.84
BHP MAT 48.334+4.47 48.2845.01 49.844-5.01/ 45.6246.87
BRK-B FIN 47.914+5.70 48.2845.43 50.00£5.63v 47.96+10.15
CHL FIN 48.1242.58 50.00+£6.70 50.62+7.66 52.96+6.18v
CMCSA | CS 52.3943.05 51.56+6.21 48.434+4.89 53.1248.69v
CVvX ENE 50.83+3.32v 49.0646.10 49.684+5.31 47.5045.89
D UTI 51.66+2.91 53.75+7.27v 50.31£5.12 49.8446.79
DCM IND 51.71+£9.56 50.31+5.17 48.1245.21 52.50+4.93v
DIS CS 53.12+4.16v 52.1944.90 51.09+4.31 48.1245.07
DOW - 52.08+5.59v 46.56+5.80 48.4345.67 51.0943.28
DUK UTI 52.3943.89 55.00+3.94v 47.9616.55 49.5345.23
EXC ENE 50.83+4.92v 50.784+5.98 46.87+6.51 47.50+6.78
GE ENE 52.50+4.93v 47.9644.63 52.4446.74 48.904+4.94
GOOGL | CS 51.6643.52 52.34+6.54v 50.784+7.40 48.2847.07
HD CC 52.1845.15 51.87+£8.35 53.1245.80 53.43+9.10v
INTC IT 51.45+2.60v 51.09+4.36 48.434+8.64 48.5944.16
INJ HEA 51.14+4.71 49.21+4.85 48.1245.21 52.03+7.81v
JPM FIN 52.50+5.75v 51.2546.08 50.00+3.04 52.1845.72
KO CD 51.04+3.86 52.184+3.50v 47.651+6.33 50.78£7.97
MA FIN 53.33+4.41v 50.0945.50 49.37+7.75 51.094+6.44
MMM IND 52.08+3.89v 47.03+6.68 51.71+£6.42 49.06+7.75
MO CD 54.3743.86 55.46+4.32v 51.87+3.87 48.904+4.37
MRK HEA 51.66+4.44v 49.06+3.84 49.68+5.21 49.37+4.37
MSFT IT 51.25+3.51v 50.4646.84 49.3045.46 50.7845.55
NGG UTI 54.27+4.25v 51.71+£5.69 51.56+5.76 52.654+10.00
NTT CS 50.6244.68 48.434+4.84 51.40+6.02v 50.65+7.26
NVS HEA 51.77+5.18v 50.15+4.86 51.2545.66 51.25+4.98
ORCL IT 51.2542.22 52.03+3.95v 50.6248.00 50.46+4.25
PEP CD 51.56+5.12v 47.9045.08 50.78+6.81 48.1244.67
PFE HEA 50.83+2.86v 50.46+5.23 48.284+6.22 47.654+4.80
PG CD 51.2544.76 48.7542.50 52.50+6.56v 52.1846.33
PTR ENE 51.87+5.58v 51.404+7.03 49.3742.81 51.56+8.64
RDS-B ENE 52.70+4.29v 51.4044.86 49.8446.60 48.754+4.57
RIO MAT 50.31+4.32 48.75+3.40 51.56+6.21 52.03+4.79v
SO ENE 53.12+3.01v 50.6245.28 51.714£5.25 48.754+4.79
SPY - 55.20+4.24v 52.9649.09 50.31£3.93 47.18+5.21
SYT IT 48.544+5.19 49.5345.23 50.93+6.85 51.40+5.56v
T CS 51.66+5.14v 50.62+7.88 50.93+5.59 51.56+8.75
™ CC 50.83+6.74v 47.9645.59 50.78+4.52 50.78+4.02
TOT ENE 51.97+4.64 51.40+5.69 52.03+6.36v 48.59+7.44
UNH HEA 52.50+4.70v 50.93+£5.55 51.7144.49 44.3745.81
UPS IND 51.9743.20 47.65+4.64 50.00+4.73 52.18+6.01v
VALE MAT 50.20+4.51 51.714+3.45 49.0619.03 52.03+6.17v
vz CS 55.10+5.63v 52.3443.29 51.71£5.65 46.254+4.90
WEC FIN 53.85+3.81v 49.21+7.16 47.65+7.75 49.68+5.53
WMT CD 49.374+4.39 51.25+7.11 51.40+4.49v 46.8745.63
XOM ENE 46.8743.05 51.71+6.45v 48.9045.72 49.53+4.99
Avg. Rank 1.72v 2.72 2.78 2.68

IV. EXPERIMENTAL RESULTS
A. EXPERIMENTAL SETTINGS
The KDD17 datasets [44] and macroeconomic indica-
tors were used for stock direction classification. The

The output value of the sigmoid function was used for the
input of the binary cross-entropy loss with the target value.
Thus, trainable parameters were updated based on the binary
cross-entropy loss.
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TABLE 5. Summary of the abbreviated sector names.

Abbreviated sector | Description

1T Information Technology
CD Consumer Defensive
FIN Financial

MAT Materials

CS Communication Services
ENE Energy

UTI Utility

IND Industrial

HEA Healthcare

CC Consumer Cyclical

TABLE 6. Summary of the friedman statistic Fz (k = 4, N = 50) and critical
value in terms of accuracy measure between the proposed method and
comparison models.

Evaluation Measure | Fp Critical Value (o = 0.05)
Accuracy 24.084 | 2.557

CD=0.61812

®

| ]/q| 1 |
I L e

CNN BiLSTM
Attention

Adversarial
LsT™M

FIGURE 6. Result of the Bonferroni-Dunn Test between the Proposed and
Comparison Models.

macroeconomic indicators were collected on Investing.com.
The period of the historical price in KDD17 datasets and
macroeconomic indicators was 2,518 days from January 1,
2007, to January 1, 2016. The KDD17 dataset has 50 stocks
in US markets. This paper’s macroeconomic indicators
include the NASDAQ 100; the US 2-, 10-, and 30-year bond
yield; the US Dollar Index; and the WTI oil price.

A blocked time-series cross-validation was used as a data
split strategy to consider the trait of the time-series data [47].
Data leakage can occur if the random split strategy is used
because the random split strategy in a time series can make
the model predict the next day by examining a future value.
In addition, a ten-fold split was used for the entire data length,
setting the training, validation, and testing data ratio to 8:1:1.
Fig. 5 presents the overview of the blocked time-series cross-
validation.

The proposed model was compared to three comparison
models via accuracy. The parameter was set for the three com-
parison models to the value recommended by each research.
A brief review of the three comparison models follows.

e CNN-Attention Bi-LSTM [1]: The CNN-attention
Bi-LSTM model combines the CNN and attention
Bi-LSTM to predict stock price prediction. The CNN
extracts the local perception and improves the efficiency
of model training by reducing the number of parameters.
The attention Bi-LSTM learns the sequential features
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of the stock data. The authors used the stock dataset of
Shanghai Composite Index.

o Adversarial LSTM [30]: The adversarial training
method is a module that captures the stochastic property
in stock data. The adversarial training method has been
used for computer vision tasks at the data level. Still,
this paper concatenates feature-level perturbations dur-
ing training to express inherent stochastic properties in
stock data to overcome the stochastic property in stock
price data for stock price prediction.

e DTML [29]: The DTML model is combined with the
attention LSTM and transformer model. The authors
used the attention LSTM model to extract the sequential
feature in the stock data and concatenated the model
output. Furthermore, the transformer model is used to
learn the correlation between the multiple stocks in the
concatenated attention LSTM feature.

In this paper, the hyperparameters were set as follows. The
batch size was set to 32. The learning rate was set to 0.001.
The training progression used 100 epochs, and the model
with the lowest validation loss between epochs was used for
testing. The Adam optimizer was used for training [48]. The
number of transformer model layers was 1. The transformer
model dimensions were 320, and the number of transformer
heads was set to eight. The loss function was set to binary
cross-entropy loss, which is defined as follows:

1 n
BCE(x) = == yilog(h(x) + (1 = ydlog(1 = h(x)) (9)

i=1

where n, y;, and h(x;) are the number of data, 0/1 binary target
value for the prediction of the proposed model, and the final
output of the model through the sigmoid function, respec-
tively. In addition, Accuracy is employed as an evaluation
measure:

TP + TN
TP+ 1IN + FP+ FN

where TP, TN, FP, and FN refer to true positive, true negative,
false positive, and false negative. For each dataset, ten accu-
racy values can be obtained each representing the accuracy
of the corresponding fold among ten splits. These values are
averaged to represent the performance of the corresponding
method. Based on the average accuracy of ten splits, the
superiority among compared methods for each dataset can
be determined and represented as the rank value. Lastly, the
average rank can be obtained by averaging the rank value of
each method over all the datasets.

Statistical tests were performed to validate the superiority
of the proposed method for stock direction classification. The
Friedman test is a statistical test for multiple nonparamet-
ric comparisons of the methods with multiple datasets [49].
Given k methods and N datasets, r{ denotes the rank of the
jth method on the ith dataset (mean ranks are used in case
of ties). The Friedman test compares the average ranks of
the methods, and R; = le vazl "1] represents the average

Accuracy(%) =

100 (10)
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TABLE 7. Comparison of the classification accuracy (%) between the proposed method and transformer model variants.

Ticker in Dataset | Sector | Proposed Method | Informer [53] Autoformer [54] | DTML [29]
AAPL IT 54.16+4.14v 48.5444.97 49.4745.37 51.0946.67
AMZN CD 51.66+3.39/ 50.31+3.09 51.35+4.68 47.814+5.38
BA IND 52.60+5.53v 52.3944.27 50.6246.32 49.5346.56
BAC FIN 54.16+5.29v 50.00+4.63 48.95+4.77 51.09+4.84
BHP MAT 48.334+4.47 47.08+4.51 49.37+3.67v 45.62+6.87
BRK-B FIN 47.9145.70 51.66+4.56v | 48.2243.57 47.96+10.15
CHL FIN 48.12+2.58 50.00+4.63 48.64+5.51 52.96+6.18
CMCSA CS 52.3943.05 53.54+1.81v | 50.314+4.32 53.12+8.69
CVX ENE 50.83+3.32v 50.72+5.94 50.10+4.59 47.50+5.89
D UTI 51.66+2.91v 51.35+5.01 48.33+4.59 49.84+6.79
DCM IND 51.71+9.56 47.60+3.92 52.81+5.94v 52.50+4.93
DIS CS 53.1244.16 53.64+5.87v | 49.06+5.48 48.1245.07
DOW - 52.08+5.59 47.50+4.84 54.06+4.78v 51.09+3.28
DUK UTI 52.3943.89 52.7043.33 53.54+3.81v 49.5345.23
EXC ENE 50.83+4.92 51.1445.00v" | 50.2046.58 47.50+6.78
GE ENE 52.50+4.93 51.6644.22 52.70+4.32v 48.90+4.94
GOOGL CS 51.66+3.52v 49.89+4.12 50.00+2.94 48.28+7.07
HD CC 52.18+5.15 53.42+4.29 50.52+3.39 53.43+9.10v
INTC IT 51.45+2.60 52.814+2.75v | 52.5045.29 48.59+4.16
INJ HEA 51.14+4.71 50.83+4.28 52.18+5.21v 52.03+7.81
JPM FIN 52.50+5.75v 51.04+6.16 51.35+4.61 52.18+5.72
KO CD 51.04+3.86v 50.93+4.25 49.68+5.31 50.78+7.97
MA FIN 53.33+4.41 53.544+2.76v | 50.0043.22 51.09+6.44
MMM IND 52.08+3.89v 50.83+2.82 51.66+5.39 49.06+7.75
MO CD 54.37+3.86v 53.334+4.48 50.0043.22 48.90+4.37
MRK HEA 51.66+4.44 54.164+5.49v" | 51.1443.96 49.37+4.37
MSFT IT 51.25+3.51v 48.0245.48 48.5443.23 50.7845.55
NGG UTI 54.27+4.25v 50.52+3.39 50.83+4.94 52.65+10.00
NTT CS 50.62+4.68 51.14+4.64v | 49.37£8.30 50.65+7.26
NVS HEA 51.77+5.18 53.754+5.23v | 49.89+4.01 51.25+4.98
ORCL IT 51.25+2.22v 48.64+5.59 49.47+5.00 50.46+4.25
PEP CD 51.5645.12 52.294+4.46v | 51.2545.42 48.12+4.67
PFE HEA 50.83+2.86 51.97+3.82v | 51.66%3.49 47.65+4.80
PG CD 51.2544.76 53.1243.72v" | 49.06+3.53 52.18+6.33
PTR ENE 51.87+5.58 50.31+5.23 52.50+6.00 51.56+8.64
RDS-B ENE 52.70+4.29 53.33+4.00v | 52.08+4.00 48.754+4.57
RIO MAT 50.31+4.32 47.39+3.40 46.97+5.02 52.03+4.79v
SO ENE 53.12+3.01v 49.7945.81 48.3345.33 48.754+4.79
SPY - 55.20+4.24v 54.16+£3.12 50.00+£4.90 47.18+5.21
SYT IT 48.544+5.19 50.5246.83 47.9145.43 51.40+5.56v
T CS 51.66+5.14 49.06+3.65 50.00+£3.05 51.56+8.75
™ CcC 50.83+6.74 48.85+2.96 54.79+6.81 50.78+4.02
TOT ENE 51.97+4.64 53.334+8.05v | 52.39+5.70 48.59+7.44
UNH HEA 52.50+4.70v 52.05+3.49 51.39+6.28 44.37+5.81
UPS IND 51.9743.20 52.294+4.79v | 50.20+1.38 52.18+6.01
VALE MAT 50.20+4.51 49.37+6.99 49.58+6.37 52.03+6.17v
VZ CS 55.10+£5.63v 51.97+3.93 49.06+3.46 46.25+4.90
WFC FIN 53.85+3.81v 51.66+3.42 51.14+3.14 49.68+5.53
WMT CD 49.374+4.39 49.894+4.30 50.00+3.69v 46.8745.63
XOM ENE 46.87+3.05 53.22+4.44v | 48.2245.93 49.53+4.99
Avg. Rank 1.96v 2.3 2.74 2.98
rank on the jth method. The null-hypothesis states that all the where
gletl;lods are eqﬁli\;al'erzlt and so their 'rapk.s R; should be equal. ) 12N k . k(k + 1) -
urthermore, the Friedman test statistic 1s Xp = Kk + 1) ]_Zl : 1 (12)
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Under the null hypothesis, the statistic Fg is distributed
according to the F-distribution with k-1 and (k — 1)(N — 1)
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TABLE 8. Summary of the Friedman statistic F¢(k = 4, N = 50) and
Critical Value in terms of Accuracy measure between the proposed
method and variants of the transformer model.

Evaluation Measure | Fp
Accuracy 18.595

Critical Value (o = 0.05)
2.557

CD=0.61812
—

& ) &

Informer

Autoformer

DTML

FIGURE 7. Result of the Bonferroni-Dunn Test between the Proposed
method and Variants.

degrees of freedom [50]. The null hypothesis of the multiple
comparisons is rejected when the Fp statistic is larger than
the critical value under significance level «, or equivalently
the corresponding p-value is smaller than «. In this case,
the post-hoc test can proceed to make pairwise comparisons
between the methods. The Bonferroni-Dunn test was selected
as a post-hoc test because it is usually recommended after
rejecting the Friedman test’s null hypothesis [52]. The per-
formance of the two methods is significantly different if the
corresponding average ranks differ by at least the critical
difference (CD):

[k(k + 1)
CD = da/(k—1) W,

where gq/x—1) is the upper a/(k — 1)-th percentile point
of the studentized range distribution with (K, oo) degrees of
freedom [51].

13)

B. COMPARISON RESULTS

Table 4 reveals the experimental results for the entire dataset
in terms of accuracy. The table consists of the ticker, sector,
and experimental results for the proposed and three compar-
ison models. The ticker represents the name of a specific
stock. The sector of the stock is a unit consisting of similar
industries. The experimental results are expressed as the aver-
age accuracy and its standard deviation. Table 5 presents the
abbreviation of each sector.

The proposed method, 27 out of 50 stocks, had the best
accuracy compared to the comparison models. With the
proposed method, the stock that yielded the best perfor-
mance was Verizon Communications (VZ), and the differ-
ence in accuracy was 8.85%p compared to the comparison
model, which can be regarded as a significant difference
in the stock direction classification. The Friedman test with
a 5% significance level was used to verify whether dif-
ferences exist between groups. As shown in Table 6, the
Friedman test statistic was 24.084, and the p-value was
2.3981e-05. There were statistically significant differences
between groups under a significance level of 0.05.

As a result, the Bonferroni-Dunn test was applied with
a 5% significance level to verify which groups differ. The
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TABLE 9. Comparison of the classification accuracy between the early
fusion method (proposed) and late fusion method.

Ticker Sector Early Fusion Late Fusion
Method (Proposed) | Method

AAPL IT 54.16%+4.14% v | 51.87%=+4.92%
AMZN CD 51.66%+3.39%v" | 50.72%=+3.33%
BA IND 52.60%+5.53% 53.12%+2.27% v
BAC FIN 54.16%+5.29% 54.27%+4.76% v
BHP MAT 48.33%+4.47% 50.52%+4.19% v
BRK-B FIN 47.91%+5.70% 51.25%+5.18% v
CHL FIN 48.12%+2.58% 50.83% +5.16% v
CMCSA | CS 52.39%+3.05% v | 51.45%+5.04%
CVX ENE 50.83%+3.32% v | 50.56%+5.52%

D UTI 51.66%+2.91% 52.50%+3.64% v
DCM IND 52.50%+4.93% v | 51.66%+2.84%
DIS CS 53.12%+4.16% 53.54%+3.20% v
DOW - 52.08%+5.59%v | 47.50%+5.08%
DUK UTI 52.39%+3.89% 53.75%+5.14% v
EXC ENE 50.83%+4.92% v | 50.20%+4.16%
GE ENE 52.50%+4.93% v | 51.77%=+3.75%
GOOGL | CS 51.66%+3.52% v | 50.52%+6.80%
HD CcC 52.18%+5.15% v | 51.56%+6.20%
INTC IT 51.45%+2.60%v | 49.68%+3.22%
INJ HEA 51.14%44.71% 51.87% +4.60% v
JPM FIN 52.50%+5.75% v | 50.41%=+5.65%
KO CD 51.04%43.86% 51.25%+5.88% v
MA FIN 53.33%+4.41%v | 53.24%+4.38%
MMM IND 52.08%+3.89% 52.50%+5.49% v
MO CD 54.37%+3.86% 55.72%+3.84% v
MRK HEA 51.66%+4.44% v | 51.56%=+5.08%
MSFT IT 51.25%+3.51%v" | 50.10%+6.34%
NGG UTI 54.27%+4.25% v | 52.18%+2.48%
NTT CS 50.62%+4.68% 51.56 % +4.95% v
NVS HEA 51.77%45.18% 52.29%+5.81% v
ORCL IT 51.25%+2.22% v | 50.41%+3.98%
PEP CD 51.56%45.12% 52.08% +5.18% v
PFE HEA 50.83%42.86% 51.45%+4.91% v
PG CD 51.25%+4.76% v | 49.58%+4.37%
PTR ENE 51.87%45.58% 53.64% +6.81% v
RDS-B ENE 52.70%44.29% 54.89% +5.57% v
RIO MAT 50.31%+4.32% v | 50.00%+3.32%
SO ENE 53.12%+3.01% v | 51.45%=+3.58%
SPY ETF 55.20%+4.24% v | 54.58%+3.58%
SYT IT 48.54%+5.19% 49.47 % +5.69 % v
T CS 51.66%+5.14%v | 47.91%+4.81%
™ CcC 50.83%+6.74% v | 49.79%+4.94%
TOT ENE 51.97%+4.64% v | 51.77%=+3.98%
UNH HEA 52.50%+4.70% v | 52.18%+4.62%
UPS IND 51.97%+3.20% v | 49.79%+3.63%
VALE MAT 50.20%£4.51% v | 47.70%+6.19%
VZ CS 55.10%+£5.63% v | 50.62%+1.76%
WEC FIN 53.85%+3.81%v | 50.62%+5.21%
WMT CD 49.37%+4.39% 51.04%+4.21% v
XOM ENE 46.87%+3.05%v | 46.27%+5.27%

Avg. Rank 142/ 1.52

CD value was 0.6181 under a significance level of 0.05 in
the Bonferroni-Dunn test. The differences in the average
rank between the proposed and comparison models were
greater than the CD value. Fig. 6 presents the results of the
Bonferroni-Dunn test. In the figure, the three comparison
models are farther to the left than the CD = 0.61812 com-
pared to the proposed model. The proposed method achieved
the best average rank and outperformed all comparison meth-
ods. The quantitative analysis confirmed that the proposed
method has a numerical difference compared to the compar-
ison model. The statistical tests indicate that the proposed
model had a statistically significant difference compared to
the competitive models.
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FIGURE 8. Sectors in which the early fusion method performs better than
the late fusion method and the proportion of how well the sectors
perform compared to the late fusion method.
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FIGURE 9. Sectors in which the late fusion method performs better than
the early fusion method and the proportion of how well the sectors
perform compared to the early fusion method.
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FIGURE 10. Sectors in which early and late fusion methods perform
respectively better than each other, and the proportion of how well the
sectors perform compared to each other.

Additional comparison experiments were conducted on
transformer variant models to determine whether the result
of the proposed model is the effect of the transformer or
modality fusion. Table 7 presents the experimental results
between the proposed and transformer variant models in
terms of accuracy. We included DTML [29] in this exper-
iment again because it is based on the transformer archi-
tecture. The proposed method gained the best average rank
of 1.96 compared to the transformer variant models. The
Friedman and Bonferroni-Dunn tests were performed with a
significance level of 0.05 to determine whether a statistical
difference exists. Table 8 lists the results of the Friedman
test, and Fig. 7 displays the results of the Bonferroni-Dunn
test. The Friedman test statistic was 18.595, and the p-value
was 0.00033. There were statistically significant differences
between the proposed model and comparison models. The
CD value was 0.6181 with a significance level of 0.05 in
the Bonferroni-Dunn test. When comparing the difference in
average rank between the proposed and comparison models,
among the comparison models, the mean rank difference
between the proposed model and the informer model was
smaller than that of the CD. The statistical tests found that
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FIGURE 11. Attention map for the early fusion method: (1) stock price
modality, (2) months and day-of-the-week modality, and
(3) macroeconomic indicator modality.
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the proposed model had a statistically significant difference
from the comparison models except for the informer model.

C. IN-DEPTH ANALYSIS

In this study, we devised a multimodal transformer based on
early fusion strategy. To verify the effectiveness of our choice,
the early and late fusion models were compared in terms
of accuracy to demonstrate the superiority of early fusion
strategy compared to the late fusion model. Table 9 shows the
comparison results in terms of accuracy. The proposed early
fusion model achieved better classification accuracy in 30 out
of 50 stocks compared to the late fusion model. Although the
early fusion method achieved the best performance in 3 out
of 6 stocks in the financial sector, it acquired the best perfor-
mance in 6 out of 8 stocks compared to the late fusion method
in the energy sector in classification accuracy. Fig. 8 presents
the sectors where early fusion methods perform better than
late fusion methods, the proportion of the number of stocks,
and how well the stocks in each sector perform.

Fig. 9 lists the sectors where late fusion methods perform
better than early fusion methods, the proportion of the number
of stocks, and how well the stocks in each sector perform.
Fig. 10 displays the overall results of the sectors in which
early and late fusion methods respectively perform better than
each other, the proportion of the number of stocks, and how
well the stocks in each sector perform comparatively. The
early fusion method achieved higher classification accuracy
than late fusion in five sectors: materials, communication ser-
vices, energy, information technology, and cyclical consumer
sectors. The late fusion method achieved higher classification
accuracy than the early fusion method in three sectors: utility,
consumer defensive, and healthcare. The sectors with the
same ratio of stocks with high classification accuracy in early
and late fusion were the industrial and financial sectors.

The attention map was also analyzed for scaled dot-product
attention at the inference level. The corporation for the atten-
tion map in Figs. 11 and 12 is Apple Inc., which achieved high
classification accuracy compared to the comparison models.
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FIGURE 12. Attention map for the late fusion method: (1) stock price
modality, (2) months and day-of-the-week modality, and
(3) macroeconomic indicator modality.

If the color in the attention map is white, the corresponding
features are highly correlated. If the color in the attention
map is black, the corresponding features are weakly corre-
lated. Fig. 11 depicts the attention map for early fusion, and
Fig. 12 depicts the attention map for late fusion. Part “a” in
Fig. 11 represents that the 11 features in stock price modality
are highly correlated with the months and day-of-the-week
modality and the macroeconomic indicator modality. The
attention map for early fusion indicates that each modality
(1), (2), and (3) is correlated because the value of each section
in the attention map is highly activated. Accordingly, in the
early fusion method, each modality learns by referring to the
other. However, in late fusion, the attention map is highly
activated apart from each modality. The features in the late
fusion method are separated and passed through the scaled
dot-product attention. Consequently, the early fusion method
learns the intermodality correlation better than the late fusion
method because all the modalities are processed through
the scaled dot-product attention together, which learns the
relationship between data in the early fusion method.

V. CONCLUSION
The task of stock price prediction can be challenging if
the algorithm depends only on the stock data because the
stock price can be affected by external factors, such as the
world economy and policy. In this study, in addition to the
stock data, two modalities such as macroeconomic indicators
and month-and-day-of-the-week provide a global view of
the stock market and seasonal/weekly information, respec-
tively. A multimodal fusion architecture was considered when
designing the proposed method, which learns the intermodal-
ity correlation for features.

The proposed model in this paper outperformed the com-
parison models and displayed a statistically significant dif-
ference. The test results confirmed that the proposed model
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exhibited a statistically significant difference compared to the
comparison models. An in-depth analysis of the comparison
results was also performed between early and late fusion
methods. The analysis indicates that the early fusion method
achieved high classification accuracy in 30 of 50 datasets.
Our analysis showed that each strategy demonstrates different
strengths for given sectors.

Potential directions of future work include additional data
exploratory research in financial data mining. Moreover, the
data fusion methodology considering the traits between var-
ious data types is also crucial in multimodal stock direction
classification.
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