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ABSTRACT News sentiment can influence stock prices indirectly, in addition to the technical indicators
already used to analyze stock prices. The information quantification of news sentiment by considering
time sequence data in the stock analysis has been the primary issue; this article proposes methods for
quantifying news sentiments by considering time sequence data. The news sentiment quantification uses a
daily confidence score from the classification model. The active learning model uses to build a classification
model considering time sequence data, which results in sentiment indicators. Then the sentiment indicators
are utilized by stock price forecasting using the proposed Transformer Encoder Gated Recurrent Unit
(TEGRU) architecture. The TEGRU consists of a transformer encoder to learn pattern time series data with
multi-head attention and pass it into the GRU layer to determine stock price. The accuracy mean absolute
percentage error (AcMAPE) uses to evaluate forecasting models sensitive to the misclassification of stock
price trends. Our experiment showed that the sentiment indicator could influence stock issuers based on the
increased performance of the stock price forecasting model. The TEGRU architecture outperformed other
transformer architecture on five feature scenarios. In addition, TEGRU presented the best-fit parameters to
produce low financial risk for each stock issuer.

INDEX TERMS active learning, financial loss, quantifying news sentiment, stock price prediction,
transformer time series

I. INTRODUCTION

SENTIMENT analysis research is increasingly develop-
ing, making stock price analysis break through the limi-

tation of fundamental and technical indicators as forecasting
features. The sentiment analysis results in qualitative data
cannot be combined with technical indicators in quantitative
data to forecast stock prices. The processing of converting
qualitative into quantitative data type is needed [1]. In pre-
vious research, quantitative sentiment represents positive or
negative stock market conditions [2]. The average sentiment
value was used as data training to produce stock price fore-
casting [3] and the stock trend prediction model [4]. The
stock market is represented by financial news sentiments and

multi aspects, such as corporate, stock, market, and economy
news [5]. The multi-aspect sentiment news represents stock
market conditions better and analyzes aspects significantly
influencing stock price forecasting.

The stock price forecasting model is learned by time series
data, which means time sequence data is essential. The aspect
sentiment classification model commonly uses large data text
that does not consider time sequence data. Therefore, an
aspect sentiment classification model needs to be produced
using training data that evaluates the data time sequence so
that the sentiment aspect results follow the stock transaction
data. The active learning method is utilized to extract the
aspect sentiment value corresponding to the time sequence of
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knowledge. Active learning can measure model knowledge
of the test data. If model knowledge has a low value on
some of the test data, then the test data become data training
on the next model training [6]. Active learning is already
used in stock market data to produce weight on calculating
the distance between stock transactions and text data. The
threshold on active learning based on company pairs distance
with highest and lowest scores, and precision score [7]. In
previous research, active learning is used to select valuable
time series data samples to reduce training complexity [8].
Our research uses active learning to produce a monthly model
appropriate to time sequence data. The monthly model is
used as aspect sentiment feature extraction, and the indicators
represent knowledge according to the time sequence of stock
prices.

Various methods have already been used to forecast stock
prices, from statistics [9], machine learning [10], and deep
learning [11]. The Transformer architecture became a break-
through in the deep learning method because the Trans-
former had a multi-head attention layer to learn a pattern
of data input and an encoder-decoder section with different
input layers to resolve transformation data tasks [12]. The
Transformer is already used in Natural Language Processing
(NLP) [13], Vision [14], and Time Series [15], but few used
transformer architectures for forecasting stock price tasks.
The Gated Three-Tower Transformer (GT3) is a developed
Transformer architecture for stock market prediction using
numerical and text input. Two Transformers are used to
learn numerical data, channel-wise and time-wise embed-
ding, and one Transformer to learn daily social text with
Bidirectional Encoder Representations from Transformers
(BERT) sentence embedding [16]. The Recurrent Neural
Network (RNN) architecture has an excellent reputation for
stock forecasting [17] [18]. The characteristics of RNN ar-
chitecture can learn patterns in sequence data. Combination
Transformer and RNN architecture are already used in stock
price prediction. The FDG-Trans is built from frequency
decomposition, LSTM, GRU, and Transformer architecture.
The stock price as input data is transformed into another
form using Complete Ensemble Empirical Mode Decompo-
sition (CEEMD). Then, the sequence matrix passes to GRU,
LSTM, and Transformer layer [19]. Our research proposes a
combination of Transformer and GRU architecture, in which
the Transformer is a learner of input features, and GRU is a
learner of sequence data to predict stock prices. The input
data is numerically represented by indicator technical and
news sentiment in quantitative form.

Evaluation model regression performance used Mean
Square Error (MSE), Mean Square Percentage Error
(MSPE), and Mean Absolute Percentage Error (MAPE)
[18]. The evaluation method only calculates errors on actual
and predicted values without considering value movement
classification. The evaluation method by considering trend
classification is vital in evaluating regression forecasting
model performance with financial risk. Even though error
value model regression is low, if trend classification is miss

predicted, monetary loss is inflicted.
In previous studies, the quantification sentiment in stock

forecasting did not use multi-aspect with data time sequence
attention to represent stock market conditions. To improve
the performance of stock price forecasting, in this paper,
we present feature extraction that uses an active learning
model to produce a multi-aspect sentiment indicator with
time sequence data attention. The sentiment and techni-
cal indicators are utilized for stock price forecasting using
Transformer Encoder Gated Recurrent Unit (TEGRU). The
TEGRU can extract information with a multi-head attention
layer and recognize pattern sequence data. The evaluation
performance of the forecasting model uses Accuracy Mean
Absolute Percentage Error (AcMAPE), which have sensitive
to the misclassification of stock price trends.

The significant contributions of this paper are summarized
as follows.

1) The feature extraction method uses an active learning
model to produce a multi-aspect sentiment indicator
with time sequence data consideration to describe de-
tailed stock market conditions.

2) The Transformer Encoder Gated Recurrent Unit
(TEGRU) architecture, which consists of a Trans-
former Encoder as extraction information and GRU as
a recognized sequence data pattern, is used in stock
price forecasting.

3) The Accuracy Mean Absolute Percentage Error
(AcMAPE) is an evaluation performance method on a
forecasting model, which have sensitive to the misclas-
sification of stock price trends.

4) The impact of the TEGRU feature parameter on stock
price forecasting is analyzed to produce a low financial
risk model for each stock issuer.

The rest of the article is organized as follows: Section 2
reviews the related work; Section 3 presents the proposed
architecture; Section 4 experiments and results, Section 5
discusses, followed by a conclusion in Section 6.

II. RELATED WORKS
Various ideas and opinions have already solved forecasting
stock prices. However, forecasting stock price still has appeal
to resolve with a minimum result of financial risk. A brief
review of the literature on predicting stock prices based on
features is presented in this section, followed by some related
works on the active learning method and associated issues of
transformer architecture implemented with data time series.

A. ASPECTS SENTIMENT CLASSIFICATION
The aspects in the sentence are the attributes contained in
the topic of discussion in the text sentiments. The aspect
categorization process can use the semantic relation method
or deep learning models [5]. The semantic relation method
would extract terms from the text and then measure semantic
similarity to the aspect term list. The higher the semantic
similarity, the higher the value obtained [20]. The aspect
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categorization model is trained using data sets with aspect
labels in the deep learning method. Therefore, the aspect
categorization is determined by the model that has been
trained.

A sentiment is an opinion that contains feelings for an
object in the text, and adjectives are commonly used as
sentiment expressions in sentences. Sentiment classification
has been used to accomplish dataset political [21], review
[22], hate speech [23], and financial [24]. In political datasets,
sentiment classification is resolved using a lexicon list senti-
ment. The appearance of the word lexicon in the text will
determine the sentiment label. Review, hate speech, and
financial datasets use deep learning methods as sentiment
classifications. The sentiment classification model is trained
using a sentiment-label dataset.

B. STOCK PRICES PREDICTIONS
Various approaches have already been made to stock analy-
sis. A classical method such as ARIMA is used to forecast
stock prices, but the limitation is that ARIMA cannot recog-
nize significant nonlinear data [9]. Three phases, which are
model identification, parameter estimation, and diagnostic
checking, are used in the ARIMA method. To break the
limitations of the classical method, ARIMA combined with
SVM machine learning can deal with highly nonlinear data
[25]. ARIMA is used as a feature selection tool, and SVM
is used to build the forecasting model. In addition, deep
learning is used to gain better results, such as with CNN and
LSTM. In previous research, the CNN-BiLSTM combined
layer was used to build a stock price forecasting model, with
the CNN layer processing raw input through an extraction
feature, which was then passed to the BiLSTM layer to learn
predicted stock prices [26]. The feature can be a technical
indicator, sentiment analysis, or both.

Historical stock transaction processing using statistical
methods such as the moving average yielded information
about volatility, trend, and momentum. The stock trader uses
the volatility, trend, and momentum as a signal to buy or
sell stock. In previous research, a pre-processing step is used
to reduce the dimension or select an essential feature of
the technical indicator. Principal Component Analysis (PCA)
and the LASSO method are implemented to minimize 53 in-
dicators and used to forecast the Shanghai Composite Index.
The result is that LASSO had better prediction performance
than PCA [11]. The other method is feature decomposition,
such as Empirical Wavelet Transform (EWT), which adapts
stock prices into several sub-layers. On forecasting daily
stock closing prices in the United States and China, the
combined method EWT-dpLSTM-PSO-ORELM performed
better [27].

Complex factors influence closing stock prices. News
sentiment is one of them. The relationship between news
sentiment and stock prices in the US market has been dis-
covered [28]. Challenge quantifies the effects of news sen-
timent on stock forecasting. Sentiments provide qualitative
data, whereas stock forecasting needs quantitative data as a

feature. In previous research, sentiment results in quantitative
data can be provided by some techniques. TextBlob and
VADER lexicon libraries can determine the polarity value
of text with a range of -1 to 1. RNN and BERT methods
provide polarity sentiment with a scale of 0 to 1 [1]. Com-
bined technical indicators and news sentiment are already
used to resolve stock forecasting tasks. The hybrid model,
which uses CNN to extract sentiment polarity and combines
technical indicators to build an LSTM forecasting model,
produced good results when forecasting the Shanghai Stock
Exchange [29].

C. ACTIVE LEARNING OF TRANSFORMER
FINE-TUNING
Deep learning methods require active learning to ensure the
resulting model can learn automatically with as little human
intervention as possible. The output of active learning is
to determine which data can be automatically fed into the
model as training data and which requires human labeling
[6]. In addition, active learning can produce ever-evolving
models based on the latest data. The active learning model
closely matched time series data, which depended on the time
sequence.

Transformer architecture is a profound learning model
breakthrough, particularly for text-based topics. BERT is a
pre-trained model of the transformer architecture encoder
section. Developing a BERT pre-trained model aims to
create a general pre-trained model that can handle vari-
ous NLP tasks [13]. The BERT model has a large variant,
siebert/sentiment-roberta-large-english variant in English,
with good performance. Fine-tuned from the RoBERTa-large
model [30], siebert/sentiment-roberta-large-english had an
outstanding performance on text classification after being
tested on 15 data sets [31]. IndoBERT is an Indonesian lan-
guage variant of the BERT model. IndoBERT outperformed
8 of 12 classification and sequence labeling tasks after being
trained on 15 data sets containing over 275 million sentences
[32].

D. GATED RECURRENT UNIT (GRU)
Time series forecasting already uses deep learning methods
like recurrent neural networks. The simplest variant of RNN
architecture to predict stock prices is the gated recurrent unit
(GRU) [11]. The GRU layer had slightly better than the
LSTM layer on stock price trend prediction [33]. The most
straightforward architecture because, compared with LSTM,
GRU only has two gates in a cell: update and reset gate. The
update gate ut had a task to decide the amount of information
from input xt and previous output h(t−1) to be retained in
the current state using activation function σ. The information
from the previous state would be released more frequently
if the update gate had a lower value. The reset gate rt with
activation function σ had to control how many previous
pieces of information to forget; if the forget gate had a higher
value, less information would be ignored. The update and
reset gates information is saved into the memory unit in the
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FIGURE 1. Proposed architecture for stock forecasting.

candidate current state h̃t using tanh activation function and
then passed to the next cell until the final output ht is reached.
Each gate has a random weight represented by Wu, Wr, Wh̃.
Implementation of the GRU cell uses formulation (1) to (4).

ut = σ(Wu × [h(t−1), xt]) (1)

rt = σ(Wr × [h(t−1), xt]) (2)

h̃t = tanh(Wh̃ × [rt × h(t−1), xt]) (3)

ht = (1− ut)× h(t−1) + ut × h̃t (4)

E. TRANSFORMER TIME SERIES
The architecture of the Transformer has already been imple-
mented in the text, image, voice, and time series domains
[34]. Transformer on time series tasks is implemented using
the original Transformer’s architecture, which includes en-
coder and decoder sections. The encoder section consists of
an input layer, a positional encoding layer, and four encoder
layers, including a self-attention layer, a normalization layer,
and a feed-forward layer. The decoder part begins with the in-
put layer and pass-through four decoder layers, which contain
the self-attention layer, normalization layer, encoder-decoder
attention layer, and feed-forward layer, before reaching the
decoder output. The encoder and decoder parts are linked
via the encoder output. On influenza-like illness (ILI) data
sets, the transformer time series architecture outperformed
ARIMA, LSTM, and Seq2Seq+attn [35].

FEDformer is another transformer of time series archi-
tecture that uses a decomposition block to replace the self-
attention layer and a decoder part that includes seasonal
and trend components. When tested on six data sets, FED-
former outperformed other transformer time series architec-
tures such as AutoFormer, Informer, and Reformer [36] [15].

Our research uses active learning to create a monthly NLP
model and reduce data training. NLP models accomplish
two tasks: aspect categorization and sentiment classification.
The confidence score from NLP models is extracted and
used in the forecasting model. Aside from the sentiment
feature, technical indicators are also used to predict the stock
market’s close price. The variation inflation factor as feature
selection is used to reduce features from combined multi-
aspect sentiment and technical indicators. Fig. 1 shows the
architecture of the proposed method in this paper.

III. PROPOSED METHOD
A. DATASET
This sub-section explains the collection, labeling, and prepa-
ration of the dataset used in this research. The dataset consists
of time series and text; each is prepared independently.

1) Dataset of news headlines
The text dataset used in this work was gathered from the
Indonesian news portal at kontan.co.id under the categories
investment, finance, industry, national, and international. The
scraping technique collects data between 1 January 2017
to 31 March 2022 and produces a title, URL, description,
postdate, category, and subcategory. Statistics from collected
data are shown in Table 1.

To evaluate performance prediction, task classification in
text requires ground truth. The dataset already has ground
truth for aspect categorization, but sentiment classification
does not have the ground truth label. A transfer learning
method can label a dataset as ground truth; however, another
issue is that only some highly-accuracy models are avail-
able in Indonesian. Labeling ground truth for the sentiment
classification task in this research uses transfer learning with
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TABLE 1. Statistic dataset of headline news.

Category Sentiment Count

Industry Negative 16,765
Positive 47,417

International Negative 15,084
Positive 13,452

Investment Negative 29,394
Positive 50,570

Finance Negative 11,054
Positive 27,371

National Negative 28,963
Positive 41,262

Total 281,332

an English language-trained model. The labeling method is
shown in Fig. 2.

The cleaned news title will be translated from Indonesian
to English using a translator application. The resulting trans-
lated news title will be passed into the sentiment labeling us-
ing a trained model siebert/sentiment-roberta-large-english.
The label sentiment complements the ground truth of the
headline news dataset. A trained model siebert/sentiment-
roberta-large-english has an accuracy of 93.2% in a binary
sentiment classification task, positive or negative. Table 2
shows an example of a text dataset used to build a model. Pre-
processing phase, transform to lowercase, remove HTML
tags, and remove the date. The BERT tokenizer is used to
tokenize cleaned sentences.

2) Dataset of stock prices
The Python yfinance library is used to collect historical
stock market transactions. The results are daily transactions
containing information about the transaction date, open price,
lowest price, highest price, close price, volume of transac-
tions, dividend, and split stock. Each issuer’s Initial Public
Offering (IPO) date determines the amount of data provided.

In previous research, forecasting Indonesian stock prices
used issuers with large market capitalizations, such as BBCA,
BBRI, TLKM, BMRI, and ASII [17]. The similarity of
issuers with large market capitalization is that the stock price
chart has increased since the IPO date, and the stock price
tends to be stable within a year. In this research, in addition

FIGURE 2. The method of Indonesian headline news dataset sentiment
labeling.

TABLE 2. Example headlines news on each category and sentiment.

Category Headline Sentiment

Industry

Mahaka Media has not felt an in-
crease in the request for videotron
advertising in the campaign season.
(EN)

Mahaka Media belum rasakan
peningkatan permintaan iklan
videotron di musim kampanye. (ID)

Negative

Karimun Wagon’s exports to Pak-
istan continue to be improved. (EN)

Ekspor Karimun Wagon ke Pakistan
terus ditingkatkan. (ID)

Positive

International

Missed the estimated, factory out-
put in Singapore dropped 0.2% in
September. (EN)

Meleset dari perkiraan, output
pabrik di Singapura merosot 0,2%
pada September. (ID)

Negative

The US economy is the third quar-
ter of 2018 slowing down, but still
strong. (EN)

Ekonomi AS kuartal III 2018
melambat, namun tetap kuat. (ID)

Positive

Investment

Vale Indonesia (INCO)
performance can be depressed if
unable to overcome this sentiment.
(EN)

Kinerja Vale Indonesia (INCO) bisa
tertekan jika tak mampu atasi senti-
men ini. (ID)

Negative

NFC Indonesia is targeting two
cities for expanding digital cloud
advertising business. (EN)

NFC Indonesia incar dua kota un-
tuk ekspansi bisnis digital cloud ad-
vertising. (ID)

Positive

Finance

Not optimal, the distribution of
KUR through multifinance is threat-
ened with stagnant. (EN)

Tak optimal, penyaluran KUR
melalui multifinance terancam
mandek. (ID)

Negative

Although LDR increases, BI en-
sures that the condition of the bank-
ing liquidity is sufficient. (EN)

Meski LDR meningkat, BI pastikan
kondisi likuiditas perbankan cukup.
(ID)

Positive

National

Central Kalimantan DPRD mem-
bers who were netted by the KPT of
the KPK were 8 people. (EN)

Anggota DPRD Kalteng yang ter-
jaring OTT KPK sebanyak 8 orang.
(ID)

Negative

The new rules of the sweetened con-
densed milk label will protect con-
sumers and producers. (EN)

Aturan baru label susu kental ma-
nis akan melindungi konsumen dan
produsen. (ID)

Positive
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TABLE 3. Issuer stock transaction statistical.

Issuer First Date Last Date Count Min Max Mean
BBCA 08/06/2004 12/05/2022 4,448 108.71 8,200.00 2,404.27
BBRI 10/11/2003 12/05/2022 4,598 56.69 4,940.00 1,560.73
TLKM 28/09/2004 12/05/2022 4,367 503.04 4,770.00 2,122.61
BMRI 14/07/2003 12/05/2022 4,683 182.84 8,950.00 3,083.63
ASII 17/10/2000 12/05/2022 5,397 47.65 7,867.77 3,431.97

INDX 28/05/2001 13/05/2022 5,239 35.00 18,000.00 845.25
SMMT 04/12/2007 13/05/2022 3,407 12.36 6,275.00 474.60
HITS 17/10/2005 13/05/2022 3,736 197.65 2,891.13 544.31

to issuers with large market capitalization, issuers with the
highest percentage increase in stock price or also known as
top gain, are used. INDX, SMMT, and HITS are the issuers
with the highest gains in March 2022. Stock price forecasting
uses a combination of extensive market capitalization and
top gain issuers to validate the forecasting model on various
characteristic issuers in a short period. Profile each stock
issuer as shown in Table 3.

B. ACTIVE LEARNING AND QUANTIFYING ASPECT
SENTIMENTS INDICATOR

Building a model classification text is usually done only
once, whereas forecasting stock prices always requires the
most recent data. The active learning method can renew
information on the classification model through the re-
learning process. Process re-learning can reduce the data in
the training dataset because the model only uses data that
the model does not know with certainty. The scenario to
construct an active learning model is shown in Fig. 3. A
pre-trained model BERT is used before building an active
learning model to determine whether the fitted pre-trained
model matches our dataset. Pretrained models used are
indolem/indobert-base-uncased, cahya/bert-base-indonesian-

522M, indobenchmark/indobert-base-p2, cahya/distilbert-
base-indonesian, and cahya/roberta-base-indonesian-522M
[32] [37]. Every pre-trained model used to construct aspect
categorization and sentiment classification models with a
scenario of split data are January 2017 to February 2022 as
data training and March 2022 as data testing. Evaluation as-
pect categorization and sentiment classification models using
confusion matrix and then calculated into accuracy, recall,
precision, and f1-score. The pre-trained model with the best
performance is used to build an active learning model.

H(X) = H(p1, . . . , pn) = −
n∑

i=1

pilog2pi (5)

The initiation to build an active learning model uses Jan-
uary 2017 as training data, and the testing data always uses
March 2022. The March dataset was used to test the growth
of learning model knowledge in each month. The model
will make predictions and then analyze the results every
month from February 2017 to February 2022 to determine the
data testing that will become data training in the subsequent
learning. The confidence score from the prediction result on
each sentence was used to choose the data training on active
learning, and the calculation used Eq. (5) to produce the
entropy score H(X), with p as probability score on each
class. The entropy score can describe which data is unknown
with the model, and the average entropy score each month is
used as the threshold value. If sentence entropy scores more
than the threshold value, data testing becomes training for
subsequent learning.

Two-level model classification is needed to solve aspect-
based sentiment analysis. The first level is the aspect cat-
egorization model with five classes, and the second is the
sentiment classification model with two types. Both models

FIGURE 3. The architecture of the active learning model.
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FIGURE 4. Quantifying sentiment label to daily aspect sentiment score. Model active learning (n) month to predict dataset (n+1) month.

use active learning to produce a model each month. As shown
in Fig. 4, the active learning model from aspect categorization
and sentiment classification is used to predict the dataset from
February 2017 to March 2022, with a scenario model this
month to predict the next month. The active learning classi-
fication models produce a confidence score. The confidence
score is used to build aspect sentiment daily indicators, which
are the average aspect score, the average aspect sentiment
positive score, the average aspect sentiment negative score,
the maximum aspect sentiment positive score, the maximum
aspect sentiment negative score, the minimum aspect senti-
ment positive score, and the minimum aspect sentiment nega-
tive score. The aspect sentiment indicator with seven features
on each aspect is more representative of daily sentiment than
two features without aspect, such as the average sentiment
positive and the average sentiment negative. In addition, this
proposed method produces 35 aspect sentiment features that
can utilize to forecast stock prices and combined with the
technical indicator to form a quantitative dataset. Table 4
shows the aspect sentiment indicator illustration.

TABLE 4. Sentiment indicator example value.

News Indicator Aspect

In
dustr

y

In
ter

nati
on

al

Inv
est

men
t

Finan
ce

Nati
on

al

Aspect average 0.8885 0.9462 0.9345 0.9556 0.9887
Positive average 0.9832 0.8432 0.9957 0.7684 0.0

Positive minimum 0.9832 0.6625 0.9952 0.6492 0.0
Positive maximum 0.9832 0.9919 0.9962 0.8928 0.0
Negative average -0.8061 -0.9506 -0.8604 -0.8810 -0.9551

Negative minimum -0.6298 -0.8801 -0.6897 -0.6240 -0.9444
Negative maximum -0.9823 -0.9878 -0.9662 -0.9775 -0.9658

C. EXPAND TECHNICAL INDICATOR
The historical stock transaction dataset consists of the trans-
action date, open price, lowest price, highest price, close
price, and volume of transactions. The expanded stock trans-
action history can produce other technical indicators, such
as momentum, volatility, and trend. This research uses the
Python library TA to expand from 6 indicators to 43 ad-
ditional technical indicators [38]. Descriptions of each ex-
panded indicator are shown in Table 5.

D. MULTIVARIATE FEATURE SELECTION
Aspect sentiments and technical indicators are used as fea-
tures to forecast each issuer’s stock market close price. Cor-
relation analysis is used to reduce multicollinearity between
features and targets. Eq. (6) produces each indicator’s vari-
ance inflation factor (VIF) value. The threshold VIF value is
less than 5, which means multicollinearity between features
is weak [39]. The number of iterations for selecting features
with VIF values increased until all selected features had a
VIF value less than the threshold. Correlation analysis fea-
tures are used on each issuer to inform the selection feature,
which significantly impacts the forecasting model.

V IFi =
1

(1−R2
i )

(6)

E. TRANSFORMER MODELS
The several baseline models are reproduced as a comparison
to the proposed model. The Vanilla Transformer, Informer,
and FEDformer are built using the official FEDformer repos-
itory. The FEDformer repository was chosen because FED-
former architecture outperformed other transformer families,
such as Autoformer, Informer, LogTrans, and Reformer [15].
The implementation of the baseline and proposed model are
discussed in this sub-section
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TABLE 5. Technical indicator expanding.

Indicator Code Type
Money Flow Index MFI Volume

Accumulation/Distribution Index ADI Volume
On-Balance Volume OBV Volume
Chaikin Money Flow CMV Volume

Force Index FI Volume
Ease of Movement EMV Volume

Volume-price Trend VPT Volume
Negative Volume Index NVI Volume

Volume Weighted Average Price VWAP Volume
Average True Range ATR Volatility

Bollinger Bands BB Volatility
Keltner Channel KC Volatility

Donchian Channel DC Volatility
Ulcer Index UI Volatility

Simple Moving Average SMA Trend
Exponential Moving Average EMA Trend

Weighted Moving Average WMA Trend
Moving Average Convergence Divergence MACD Trend

Average Directional Movement Index ADX Trend
Vortex Indicator VI Trend

Trix TRIX Trend
Mass Index MI Trend

Commodity Channel Index CCI Trend
Detrended Price Oscillator DPO Trend

KST Oscillator KST Trend
Ichimoku Kinko Hyo Ichimoku Trend

Parabolic Stop and Reverse Parabolic SAR Trend
Schaff Trend Cycle STC Trend

Relative Strength Index RSI Momentum
Stochastic RSI SRSI Momentum

True Strength Index TSI Momentum
Ultimate Oscillator UO Momentum

Stochastic Oscillator SR Momentum
William %R WR Momentum

Awesome Oscillator AO Momentum
Kaufman’s Adaptive Moving Average KAMA Momentum

Rate of Change ROC Momentum
Percentage Price Oscillator PPO Momentum

Percentage Volume Oscillator PVO Momentum
Daily Return DR Other

Daily Log Return DLR Other
Cumulative Return CR Other

1) Transformer
The Vanilla Transformer consists of an encoder and a decoder
parts, emulating as closely as possible to the original Trans-
former [12]. The encoder part is stacked with two encoder
layers containing multi-head attention, feed-forward, and
normalization. The encoder output passes to the decoder part,
which contains the same as the encoder part, and then through
linear transformation to solve the prediction task. The time
series data is processed into input embedding on the encoder
and decoder using the token and positional embedding. This
architecture does not implement the masking method on the
encoder and decoder parts. The Vanilla Transformer architec-
ture will predict stock prices in Indonesian currency one step
ahead.

2) Informer
The Informer architecture is another Transformer architec-
ture to resolve long sequence time-series forecasting (LSTF)
problems. The vanilla transformer had three significant prob-
lems that can tackle with Informer: time complexity and

memory usage in each layer, memory bottleneck in receiving
long sequence input, and time-consuming in predicting long
outputs. The multi-head attention that contains self-attention
on Vanilla Transformer changed to ProbSparse self-attention
in Informer. The ProbSparse self-attention calculates diver-
sity to catch domination pairs of dot products in the long
tail self-attention distribution. The encoder section contains
two encoder layers and one Conv1D layer. The decoder
section contains one decoder layer; the final layer is a linear
transformation. The token, position, and global time stamp
embedding is used to build input embedding in Informer
architecture [36]. In our experiment, the global time stamp
embedding is daily to forecast stock prices the next day.

3) FEDformer
The FEDformer architecture is built to resolve limitations
on trend capture in long-term time series forecasting. The
FEDformer is a Transformer architecture integrated with a
seasonal decomposition mechanism [15]. In Vanilla Trans-
former, Fourier Enhanced Blocks replace the self-attention
layer. Our experiment used two encoders and one encoder to
build FEDformer architecture. The encoder contains Fourier
Enhanced Blocks, Mixture Of Expert Decomposition Blocks,
and Feed-Forward. The decoder contains Fourier Enhanced
Blocks, Mixture Of Expert Decomposition Blocks, Fre-
quency Enhanced Attention, and Feed-Forward. The Fre-
quency Enhanced Attention is used to combine output from
the encoder part to the input decoder part. The FEDfomer is
used to forecasting one-day stock price.

4) Transformer Encoder Gated Recurrent Unit (TEGRU)
The transformer architecture is already used to forecast time
series data, such as the ILI dataset. The original transformer
architecture consisted of an encoder and decoder section,
whereas our Transformer only uses an encoder section to

FIGURE 5. Architecture of Transformer Encoder-GRU stock forecasting
model.
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capture time series data patterns. As shown in Fig. 5, the
transformer encoder is compiled by input embedding, a nor-
malization layer, a multi-head attention layer, and a feed-
forward layer. Input embedding can be univariate or multi-
variate with various time lags. The input embedding layer
processes the time series features into a vector of dimensions,
and then the result passes into the next layer. The Transformer
multi-head attention extracts meaningful information from
time series data.

MultiHead(Q,K, V ) = Concat(h1, . . . , hH)W o (7)

ha = Attn(QWQ
a ,KWK

a , V WV
a ) (8)

Eq. (7) and (8) show that multi-head attentions consist of
some attention heads (h). The query (Q), key (K), and value
(V ) metrics are produced by multiplying a sequence matrix
input embedding with weight matrices WQ, WK , and WV .
Two 1D convolution layers stack the feed-forward layer with
a ReLU activation function and then pass it into the decoder
section. In this research, GlobalAveragePooling1D and the
GRU layer utilize separate decoders to compute forecasting
stock prices one step ahead. The GRU layer learned the
sequence of time series data based on encoder section results
that contain self-attention mechanisms.

F. SCENARIO STOCK FORECASTING FEATURE
The proposed architecture stock forecasting compared with
other transformer architecture, such as FEDformer, Informer,
and Transformer original. Each architecture tested to forecast
stock one step ahead uses five feature scenarios and six time-
lag variations and evaluates the performance model with four
methods. The evaluation methods are R2, RMSE, MSE, and
MAPE. The time lag variants are 5, 10, 20, 100, and 200.
The first feature scenario is univariate data: the close stock
price yesterday to predict the close price tomorrow. The
second feature scenario is the technical indicator original,
such as open price, highest price, lowest price, close price,
and stock transaction volume. The third feature scenario,
the multivariate feature, uses section III-C to expand five
original technical indicators to produce 43 other technical
indicators. The fourth feature scenario uses a combination
of close stock price and daily aspect sentiment score to
test influencing aspect sentiment on stock price forecasting
performance. The fifth feature scenario uses a variety of
expanded technical indicators and daily aspect sentiment
scores to examine features significantly on stock price fore-
casting. The architecture with the best evaluation value in
each evaluation method and the issuer is determined as the
best stock price forecasting architecture.

G. EVALUATION METRICS
Performance evaluation implemented on each model. As-
pect categorization and sentiment classification models use
a confusion matrix to produce accuracy and an f1-score. The
model closing stock price forecasting use mean squared error

(MSE), mean absolute percentage error (MAPE) to measure
performance prediction, coefficient of determination (R2),
and root mean square error (RMSE) is used to estimate
model fit. Previous evaluation methods to measure prediction
performance in time series data were not sensitive to trends
such as ups and downs. Our proposed method combines the
MAPE and misclassification scores to determine the trending
class.

TStrue = [At −At−1 ≥ 0, 1, 0] (9)

TSpred = [Pt −At−1 ≥ 0, 1, 0] (10)

Trend class determined by Eq. (9) and (10) with TStrue

as ground truth data and TSpred as prediction data. The TS
value is produced by actual (A) and predicted (P ) values. If
the TS value exceeds 0, the trend class is up or 1. Otherwise,
if the TS value is less than 0, the trending class is down
or 0. After determining trend classes in the ground truth
and prediction, accuracy score calculation uses a confusion
matrix with variables True Positive (TP ), False Positive
(FP ), True Negative (TN ), and False Negative (FN ). Eq.
(11) is used to produce an accuracy score, and Eq. (12) uses
to calculate MAPE.

Accuracy =
TP + TN

TP + FP + TN + FN
(11)

MAPE =
100

n

n∑
i=1

|At − Pt

At
| (12)

The combined accuracy error score and MAPE equa-
tion produced the accuracy mean absolute percentage error
(AcMAPE), as shown in Eq. (13). The classification error
score will be punished twice times the actual value. Even
though MAPE scores less than five percent, if the trending
class misses predictions, the model can cause economic loss.

AcMAPE = ((1−Accuracy)× 2) + (
MAPE

100
) (13)

TABLE 6. Classification performance of the headline news used the entire
dataset.

Task Model Evaluations
Acc Pre Rec f1

co
m

bi
ne

d cahya/roberta-base-indonesian-522M 0.70 0.66 0.64 0.65
cahya/distilbert-base-indonesian 0.75 0.71 0.70 0.71
cahya/bert-base-indonesian-522M 0.74 0.71 0.69 0.70
indolem/indobert-base-uncased 0.75 0.72 0.70 0.71
indobenchmark/indobert-base-p2 0.77 0.74 0.73 0.74

as
pe

ct

cahya/roberta-base-indonesian-522M 0.86 0.86 0.86 0.86
cahya/distilbert-base-indonesian 0.88 0.88 0.88 0.88
cahya/bert-base-indonesian-522M 0.87 0.87 0.87 0.87
indolem/indobert-base-uncased 0.87 0.88 0.88 0.88
indobenchmark/indobert-base-p2 0.88 0.89 0.89 0.89

se
nt

im
en

ts cahya/roberta-base-indonesian-522M 0.85 0.83 0.81 0.82
cahya/distilbert-base-indonesian 0.87 0.86 0.84 0.85
cahya/bert-base-indonesian-522M 0.87 0.85 0.84 0.85
indolem/indobert-base-uncased 0.87 0.86 0.84 0.85
indobenchmark/indobert-base-p2 0.88 0.87 0.85 0.86
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IV. EXPERIMENT RESULT
This section presents the results of active learning on the
pre-trained model BERT and discusses forecasting stock
prices using a variety of transformer models and various
scenario datasets. Classification task performance measures
used accuracy and f1-score.

A. ACTIVE LEARNING ASPECT SENTIMENTS
Three scenario classifications are used to determine
the best pre-trained model, an aspect-sentiments (com-
bined) classification containing ten classes, aspects cat-
egorization with five classes, and a sentiments classifi-
cation which conceives two classes. As shown in Ta-
ble 6, the indobenchmark/indobert-base-p2 model is fit-
ted with our dataset. In three scenario classifications,
indobenchmark/indobert-base-p2 outperformed other pre-
trained models because indobenchmark/indobert-base-p2
had the most extensive corpus and covered the formal In-
donesian language. As presented in Table 6, split classifi-
cation, such as aspect categorization and sentiment classi-

(a)

(b)

FIGURE 6. Evaluation performance active learning model on (a) aspect
categorization and (b) sentiment classification.

fication, are better than aspect-sentiments classification be-
cause the split classification model focuses more on small
classes than the aspect-sentiment model, which contains
larger classes amount.

Active learning builds into resolving two tasks: as-
pect categorization and sentiment classification using the
pre-trained model indobenchmark/indobert-base-p2. Active
learning produced 62 models is represent each month be-
tween January 2017 and February 2022. As shown in Fig.
6, the active learning model on each task knew to evolve
with the newest information. Aspect categorization active
learning on the last model had an accuracy of 0.87 and an f1-
score of 0.87. Sentiment classification reached a performance
accuracy of 0.88 and an f1-score of 0.85 on the last model.
The performance of the active learning model is slightly
lower than the best-split classification scenario in Table 6.
However, as shown in Fig. 7, the active learning model can
reduce the average amount of training data by up to 63.4% for
aspect categorization and 58.0% for sentiment classification.
Minor data usage on active learning indicates that Eq. (5)

(a)

(b)

FIGURE 7. Dataset training usage on active learning model with task (a)
aspect categorization and (b) sentiment classification.
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TABLE 7. Stock forecasting performance using the univariate close price
dataset.

Model Metrics Issuer
BBCA BBRI TLKM BMRI

Transformer RMSE 2516.30 1189.11 200.25 948.86
MAPE (%) 39.41 29.22 4.56 13.41

Informer RMSE 2735.99 1331.34 187.41 1159.95
MAPE (%) 43.31 33.01 3.69 16.16

FEDformer RMSE 235.01 186.92 124.23 275.03
MAPE (%) 2.92 3.94 2.64 3.34

T.Encoder RMSE 171.40 124.24 103.08 216.04
MAPE (%) 2.07 2.61 2.37 2.70

TEGRU RMSE 123.53 95.12 83.20 169.37
MAPE (%) 1.48 2.04 1.93 2.24

Model Metrics Issuer
ASII INDX SMMT HITS

Transformer RMSE 245.65 29.68 28.12 29.02
MAPE (%) 3.38 33.90 10.26 3.96

Informer RMSE 240.92 13.92 15.68 27.45
MAPE (%) 3.09 14.58 5.26 3.79

FEDformer RMSE 239.38 281.98 106.88 35.39
MAPE (%) 3.23 337.14 70.42 4.98

T.Encoder RMSE 221.75 94.04 55.71 32.61
MAPE (%) 3.04 114.47 22.34 4.24

TEGRU RMSE 163.18 87.71 44.71 29.85
MAPE (%) 2.25 120.71 35.44 3.90

successfully analyzes training data that models do not know
without significantly lowering performance.

B. STOCK PRICES FORECASTING
Stock forecasting performance evaluation employed RMSE
and MAPE. The comparison performance on each forecast-
ing model operates the average score RMSE and MAPE with
different time lags, which are 5, 10, 20, 50, 100, and 200.

TABLE 8. Stock forecasting performance using the multivariate technical
indicator dataset.

Model Metrics Issuer
BBCA BBRI TLKM BMRI

Transformer RMSE 3043.19 1577.62 466.53 1780.70
MAPE (%) 48.84 40.72 11.23 27.14

Informer RMSE 3231.68 1681.73 464.19 1922.52
MAPE (%) 52.11 43.46 10.89 29.16

FEDformer RMSE 263.21 221.94 168.70 328.09
MAPE (%) 3.33 4.70 3.84 4.09

T.Encoder RMSE 468.37 152.44 122.58 352.24
MAPE (%) 6.01 3.38 2.86 4.50

TEGRU RMSE 270.57 120.23 109.90 191.96
MAPE (%) 3.32 2.60 2.45 2.44

Model Metrics Issuer
ASII INDX SMMT HITS

Transformer RMSE 930.11 1108.01 217.00 37.46
MAPE (%) 13.94 849.41 120.28 5.73

Informer RMSE 900.82 1038.64 203.82 36.09
MAPE (%) 13.35 597.01 86.27 5.58

FEDformer RMSE 297.36 2294.15 327.72 36.39
MAPE (%) 4.06 953.17 74.76 5.24

T.Encoder RMSE 418.23 1468.37 213.68 46.63
MAPE (%) 5.83 543.00 35.34 7.10

TEGRU RMSE 230.33 161.60 64.39 36.59
MAPE (%) 3.17 161.85 24.95 5.16

TABLE 9. Stock forecasting performance using the multivariate expand
technical indicator dataset.

Model Metrics Issuer
BBCA BBRI TLKM BMRI

Transformer RMSE 4724.76 2697.95 1808.87 4169.97
MAPE (%) 78.34 72.97 50.96 67.29

Informer RMSE 4673.35 2692.07 1824.57 4140.29
MAPE (%) 77.49 72.88 51.51 66.72

FEDformer RMSE 371.07 315.64 228.08 503.37
MAPE (%) 4.78 6.90 5.29 6.48

T.Encoder RMSE 687.40 556.53 217.67 363.87
MAPE (%) 8.48 11.12 4.83 4.72

TEGRU RMSE 1.008.29 353.99 168.73 308.54
MAPE (%) 13.46 7.66 3.93 4.22

Model Metrics Issuer
ASII INDX SMMT HITS

Transformer RMSE 3470.75 1084.17 492.25 110.16
MAPE (%) 55.40 1271.40 417.02 20.26

Informer RMSE 3510.46 760.82 526.37 105.19
MAPE (%) 56.06 772.84 435.83 18.63

FEDformer RMSE 578.29 1.472.12 293.06 46.92
MAPE (%) 8.00 761.50 76.54 7.51

T.Encoder RMSE 389.35 944.70 275.45 51.90
MAPE (%) 5.43 462.33 59.61 7.29

TEGRU RMSE 318.39 304.26 90.83 43.14
MAPE (%) 4.53 168.94 34.28 6.56

Various time lags measure model performance consistency
in an inconsistent stock environment.

1) Univariate close price (UNI)
Stock forecasting univariate is used one feature as an input
model. In our research, close stock prices with different time
lags are utilized to forecast the next day’s close price. As
shown in Table 7, TEGRU, as the proposed model, outper-

TABLE 10. Stock forecasting performance using the multivariate combination
of close price and aspect sentiment indicator dataset.

Model Metrics Issuer
BBCA BBRI TLKM BMRI

Transformer RMSE 2132.28 905.29 472.01 817.69
MAPE (%) 29.28 21.40 10.12 9.05

Informer RMSE 2097.42 890.38 454.37 803.36
MAPE (%) 28.91 21.12 9.98 8.98

FEDformer RMSE 328.94 219.82 209.38 345.42
MAPE (%) 3.82 4.51 4.54 4.24

T.Encoder RMSE 316.68 175.78 173.80 286.81
MAPE (%) 3.64 3.43 3.56 3.46

TEGRU RMSE 237.48 125.81 104.97 167.52
MAPE (%) 2.76 2.48 2.22 2.12

Model Metrics Issuer
ASII INDX SMMT HITS

Transformer RMSE 1032.11 60.08 168.15 264.06
MAPE (%) 18.55 27.52 35.29 66.46

Informer RMSE 1014.86 59.39 166.93 260.15
MAPE (%) 18.27 27.22 35.02 65.48

FEDformer RMSE 311.90 33.77 89.20 38.14
MAPE (%) 4.69 15.43 14.39 7.55

T.Encoder RMSE 304.73 53.41 185.31 49.38
MAPE (%) 4.42 15.00 17.60 8.16

TEGRU RMSE 184.13 47.32 153.41 35.58
MAPE (%) 2.72 11.57 11.99 5.94
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TABLE 11. Stock forecasting performance using the multivariate combination
of aspect sentiment and technical indicator dataset.

Model Metrics Issuer
BBCA BBRI TLKM BMRI

Transformer RMSE 2203.35 933.57 467.72 787.68
MAPE (%) 30.26 22.10 10.21 8.92

Informer RMSE 2207.67 929.29 449.79 767.74
MAPE (%) 30.55 21.98 9.92 8.60

FEDformer RMSE 332.26 227.27 207.99 328.65
MAPE (%) 3.89 4.64 4.59 4.12

T.Encoder RMSE 538.33 182.40 165.13 344.67
MAPE (%) 538.33 182.40 165.13 344.67

TEGRU RMSE 481.24 135.62 158.52 245.29
MAPE (%) 5.65 2.68 3.08 3.32

Model Metrics Issuer
ASII INDX SMMT HITS

Transformer RMSE 1169.66 62.37 167.46 269.41
MAPE (%) 21.29 29.99 35.25 67.82

Informer RMSE 1129.86 57.82 165.12 263.09
MAPE (%) 20.63 26.34 35.55 66.24

FEDformer RMSE 299.47 33.63 79.56 34.81
MAPE (%) 4.51 14.89 13.50 6.73

T.Encoder RMSE 360.91 74.34 168.10 45.88
MAPE (%) 5.20 28.32 17.41 7.91

TEGRU RMSE 215.37 85.38 204.73 46.08
MAPE (%) 3.15 33.93 16.40 8.61

formed the transformer encoder, full Transformer, Informer,
and FEDformer on 5 of 8 stock issuers, especially on large
market stock capitalization. The BBCA stock issuer had the
lowest MAPE score with an RMSE score of 123.53, lower
27.93% than the transformer encoder, and 47.44% than the
FEDformer architecture.

2) Multivariate original technical indicator (OTI)

Open price, lowest price, highest price, close price, and
volume of transactions on previous days are used to forecast
the closing price on the next day. As shown in Table 8, the
proposed model TEGRU outperformed the baseline model
on MAPE score, even though lousy performance score on
INDX and SMMT issuer. The BMRI stock issuer had the
lowest MAPE score with an RMSE score of 191.96, lower by
41.49% than the FEDformer architecture. Attaching the GRU
layer as a decoder on transformer architecture boosts the
performance of the transformer encoder on all stock issuers.

3) Multivariate expand technical indicator (ETI)

As mentioned in section III-C, an expanded technical indica-
tor is used to stock forecasting the next day. Eq. (6) is utilized
to determine the fitted feature of each stock issuer so that each
stock issuer has a different number of features. As shown in
Table 9, the proposed model TEGRU performs better than
another transformer architecture, especially on 6 of 8 stock
issuers. The TLKM stock issuer had the lowest MAPE score
with an RMSE score of 168.73, lower by 26.02% than the
FEDformer architecture. INDX and SMMT issuers still not
yet gain better results.

4) Multivariate close price and aspect sentiment indicator
(CAS)
The features combined one technical indicator, the close
price, and 35 news sentiment indicators to forecast stock
price in a one-time step. Appropriate feature on each is-
suer produced by process removed feature with high multi-
collinearity with Eq. (6). Data usage ranged between January
2017 and March 2022 because of date range limitations
on news sentiment. As shown in Table 10, the proposed
model TEGRU outperformed the previous model on MAPE
score. The BMRI stock issuer had the lowest MAPE score
with an RMSE score of 167.52, lower by 51.50% than the
FEDformer architecture. SMMT and INDX issuers gained
better performance than only using the technical indicator on
stock forecasting.

5) Multivariate expand technical and aspect sentiment
indicator (ETS)
Concatenate expanded technical indicator and news senti-
ment produced 78 features to forecasting close stock price
in one day. Eq. (6) uses to make features with lower mul-
ticollinearity. The proposed model TEGRU and FEDformer
equally outperformed on 4 of 8 stock issuers, as shown
in Table 11. TEGRU best fitted on BBRI, TLKM, BMRI,
and ASII, whereas FEDformer best fitted on BBCA, INDX,
SMMT, and HITS. The best performance TEGRU gained by
BBRI issuer with a 2.68 MAPE score, whereas BBCA issuer
is the best FEDformer performance with a 3.89 MAPE score.

V. DISCUSSION
Based on evaluating the stock forecasting model in subsec-
tions IV-B, TEGRU outperforms other Transformer architec-
tures. Based on Table 7 to 11, the GRU layer success boosts
the performance of the Transformer Encoder, which means
the GRU layer better captures the pattern of sequence data
than other Transformer decoders.

The influence of news sentiment on stock price forecasting
depends on each issuer. As shown in Fig. 8, the average
TEGRU performance evaluation uses eight stock issuers in
five scenarios. The CAS feature scenario produces the best
performance with a MAPE score is 5.22. Comparing UNI and
CAS feature scenario, news sentiment significantly influence
INDX and SMMT issuers. Issuers with the highest market
capitalization are less affected by sentiment features. The
AcMAPE score comparison confirms that news sentiment
influences stock price forecasting. The CAS feature scenario
yield outperformed other feature scenarios with an AcMAPE
score is 1.00, shown in Fig 9. The CAS feature scenario had
less error than the UNI feature scenario, with a deviation
is 0.23. Features without news sentiment, such as UNI,
OTI, and ETI, yield more errors than features with news
sentiment. The CAS feature scenario with the lowest MAPE
and AcMAPE score had a high risk to investors on trading
because the CAS feature scenario had an accuracy score is
0.52. That indicates the investor had a chance of a 52%
right decision on the stock transaction, which means the CAS
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FIGURE 8. Feature scenario performance comparison using MAPE evaluation.

feature scenario cannot be used as an absolute scenario for all
issuers.

Table 12 presents the best-fit parameter of each issuer with
TEGRU architecture as a forecasting model. The criterion of
the best-fit parameter had the best evaluation value of at least
3 of 5 evaluation methods. The lookback parameter used for
stock forecasting varies significantly in the selected parame-
ter scenario, indicates each issuer requires a fitted parameter
to produce the best model performance. Based on the feature
type, univariate features outperformed multivariate features,

especially on evaluation R2, RMSE, MSE, and MAPE. Al-
though the four methods evaluation performed excellently,
AcMAPE showed that the forecasting result did not have
good trend prediction accuracy. For example, a BBCA issuer
with a lookback parameter is 200, and a univariate feature
type had the highest MAPE score of 1.19%, but the AcMAPE
score reached 1.02, which means the accuracy score is 0.50.
The investor or trader had a risk in buying or selling stock
because the model had a 50% performance to predict a
correct stock trend. The failed stock trend prediction caused

FIGURE 9. Feature scenario performance comparison using AcMAPE evaluation.
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TABLE 12. TEGRU model best-fit parameter on each issuer for stock forecasting.

Issuer Lookback Type Features Evaluation
R2 RMSE MSE MAPE (%) AcMAPE

BBCA 200 Univariate 1 0.99 99.26 9,852.55 1.19 1.02
50 OTI 5 0.96 175.15 30,679.09 2.00 0.99

BBRI 50 Univariate 1 0.97 87.36 7,631.69 1.81 0.97
50 OTI 5 0.97 100.17 10,033.85 2.04 0.94

TLKM 5 Univariate 1 0.97 75.19 5,652.93 1.73 0.93
50 CAS 13 0.97 76.93 5,918.06 1.61 0.94

BMRI 10 Univariate 1 0.96 147.87 21,864.08 1.88 1.02
10 OTI 5 0.97 143.09 20,475.32 1.86 0.93

ASII 50 Univariate 1 0.98 144.81 20,970.20 1.94 0.87
5 CAS 12 0.87 165.52 27,396.96 2.43 0.91

INDX 100 Univariate 1 0.46 36.24 1,313.56 47.58 1.88
10 CAS 13 0.59 44.34 1,966.05 10.34 1.15

SMMT 20 Univariate 1 0.97 26.51 702.85 18.29 1.41
50 OTI 5 0.93 39.53 1,563.02 12.01 1.06

HITS 10 Univariate 1 0.93 28.59 817.60 3.48 0.92
100 OTI 5 0.92 30.85 951.46 4.28 1.11

a financial loss in the MAE score.
The stock issuer, TLKM, ASII, and INDX uses aspect sen-

timent indicator to produce the best forecasting performance
in multivariate feature. Fig. 10 shows the feature forecasting
correlation in close price and aspect sentiment indicator. All
correlation values were under 0.9, which means the features
had a weak correlation. Industry, international, investment,
finance, and national sentiment can influence stock issuers.
The positive and negative sentiment with a mostly minimum
daily score is selected to increase performance stock fore-
casting.

FIGURE 10. The feature forecasting correlation of TLKM stock issuer.

VI. CONCLUSION AND FUTURE WORKS
In this paper, we presented quantifying multi-aspect news
sentiment with considered time sequence data and then fore-
casting stock prices next days using sentiment and technical
indicators. In feature extraction, a daily confidence score
from the classification model is used to quantify sentiment.
The active learning model produced a monthly classification
model to represent model knowledge. The Transformer En-
coder Gated Recurrent Unit (TEGRU) outperformed another
Transformer architecture for stock price forecasting on eight
stock issuers. The TEGRU model consists of the trans-
former encoder to learn time series pattern data with multi-
head attention and passed into the GRU layer to determine
stock price. The TEGRU used various parameters to pro-
duce the best model performance, and multi-aspect sentiment
indicators affected the performance forecasting model top
gains issuers. The Accuracy Mean Absolute Percentage Error
(AcMAPE) can describe the risk of misclassification trends
on stock price forecasting that implicated financial loss.

This study still has a flaw that can be addressed. Our
future research selects news data that highly correlate with
stock forecasting movement on each stock issuer and reduces
active learning from monthly to weekly. In addition, use the
AcMAPE score as a loss function to create a stock price
forecasting model.
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