TAES International Journal of Artificial Intelligence (IJ-AI)
Vol. 14, No. 6, December 2025, pp. 5231~5239
ISSN: 2252-8938, DOI: 10.11591/ijai.v16.16.pp5231-5239 a 5231

Exploring the influence of soft information from economic
news on exchange rate and gold price movements

Rahardito Dio Prastowo, Indra Budi, Amanah Ramadiah, Aris Budi Santoso, Prabu Kresna Putra
Faculty of Computer Science, Universitas Indonesia, Depok, Indonesia

Article Info

ABSTRACT

Article history:

Received Jul 16, 2024
Revised Oct 5, 2025
Accepted Oct 18, 2025

Keywords:

Economic news sentiment
Exchange rate

Gold price movements
Granger causality
Multiple linear regression

Information on business conditions is an important concern for market
players and regulators. Hard information relates to easily validated
characteristics such as production levels and employment conditions. In
contrast, soft information such as consumer and public perceptions—is
subjective and difficult to verify. Although previous studies on hard and soft
information mainly focus on microeconomics and banking, current
developments in big data and machine learning enable broader applications
in financial market analysis. This study combined VADER sentiment
analysis and support vector machine (SVM) classification (accuracy=85%)
to analyze economic news, followed by Granger causality and multiple
linear regression to examine causal effects and predictive relationships. The
findings reveal that negative news sentiment and the Indonesian Rupiah
(IDR) exchange rate influence each other, while positive sentiment has no
causal impact on the exchange rate. Both negative and positive sentiments

affect gold prices, whereas gold price movements do not influence
sentiment. Regression analysis shows that negative sentiment has a stronger
effect in decreasing the IDR exchange rate than positive sentiment, with the
model explaining approximately 20% of the variance. Integrating sentiment
and exchange rate data enhances the predictive model for gold price
forecasting and highlights the asymmetric roles of positive and negative
news in financial dynamics.
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1. INTRODUCTION

Both now and in the future, business conditions will always be an important concern for market
players and regulators as a basis for determining policy [1]. Two types of information can be used in
forecasting, "hard" information in the form of real data that can be obtained directly, such as production
levels and employment conditions. In contrast, "soft" information is data usually obtained from the
perceptions of consumers and the general public [2]. Even though discussions related to hard information and
soft information have previously been widely discussed in the context of microeconomics, especially
banking, technological developments have encouraged the use of this concept in financial markets and
institutions outside banking [3].

Hard information has properties that can be directly validated and generally agreed upon by
various parties, such as demographic data [4]. Another example is financial report data, which banks
commonly used to provide loans to small businesses [5]. Another characteristic of hard information is that
it is verifiable and has assessment standards used by people [6], resulting in specific information and clear

Journal homepage: hitp.//ijai.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

5232 O3 ISSN: 2252-8938

answer [7]. Meanwhile, soft information is data that can be interpreted differently and requires more effort
to verify its value [4].

Advances in big data technology in recent years have enabled the transformation of qualitative data
into quantitative data [8], especially in financial technology, which has opened up the possibility of utilizing
soft information to be converted into hard information to become more efficient [9]. Filomeni et al. [10]
examined how to integrate soft information consisting of pre-defined questionnaires and sentiment analysis
from loan application texts into statistical data to predict corporate default, which shows a significant impact
in increasing predictive ability when integrating these data. In a broader context, news headline sentiment has
begun to be widely applied and is considered more efficient in measuring investor sentiment. Investor
sentiment is a part that cannot be left out when carrying out price prediction analysis for a commodity in
addition to indicators such as price index, exchange rate, and production levels [11]. Apart from that, several
studies have also proved a strong relationship between news and social media information on investor
sentiment, the volume of a commodity on the market, and asset prices by utilizing text mining and
classification techniques [12].

It has been proven that macroeconomic news sentiment can be used to analyze daily exchange rate
movements, one of which is research conducted by Mao et al. [13], where the research integrates news
sentiment with the prediction model to find out whether news sentiment can improve the performance of
models. Analysis of the relationship between news sentiment and movements in the value of other economic
indicators has also been carried out, one of which is the price of gold, where this analysis shows that negative
sentiment has more influence on gold price responses [14]. Based on the research, there is a gap for further
examination that focuses on the differences in the influence of positive and negative sentiment on
macroeconomic news on exchange rates and gold prices. Apart from that, other potential research is related
to previous research, which integrated soft information to improve the quality of predictive analysis
compared to previously only utilizing hard information, regarding the impact of integrating news sentiment
with the exchange rate and its relationship with gold price movements.

2. METHOD

Predictive analysis of an exchange rate often uses time series methods to determine the price trend
of a currency. Machine learning is used to increase speed and efficiency, and sentiment analysis is integrated
to increase predictive capabilities, as research conducted by Xueling et al. [15] The study used the CNN
method to extract local features from the text, combined with LSTM to carry out trend exchange rate
analysis. Mao et al. [13] conducted a study on predicting complex exchange rate movements using CNN-
LSTM and transformer models combined with BERT-based news sentiment, showing that long-term news
effects can enhance prediction accuracy. Predictive analysis of gold prices that integrates news sentiment
factors has also been widely carried out. Junjie and Mengoni [16] used Pearson correlation to compare the
relationship between 1-day and 5-day news sentiment and gold price movements.

In this study, the authors aimed to determine news sentiment's impact on the exchange rate and gold
price movement. The authors used the Granger causality analysis to find out whether a time series variable
can be used to predict other time series variable, such as research carried out by Jiang et al. [17], who used
Granger causality to study the effect of variable crude oil prices on the exchange rate, this research shows that
a significant causal impact between crude oil prices and the exchange rate will only occur when the value of a
currency is at a certain extreme condition. Granger causality analysis has also been carried out on gold price
movements, where the research was carried out to study the impact of the spread of COVID-19 on gold price
movements. The research shows a significant response to the gold price movement from the increase in
COVID-19 cases, but no causal relationship was found when the opposite test was carried out [18].

Furthermore, multiple linear regression analysis was conducted to investigate the influence of
Indonesian Rupiah (IDR) exchange rate and economic news sentiment on gold prices as the dependent
variable. This method was used to assess whether sentiment, as a form of soft information, could enhance
the predictive ability of models typically based on hard information. In addition, this study examines
whether there is a difference between the impact of negative and positive sentiment. Research conducted by
Abdou ef al. [19] used linear regression analysis to analyze the influence of Twitter sentiment by comparing
three regression models, which shows that there is a weak correlation between Twitter sentiment and gold
prices. Another research was conducted by Jianyi et al. [20], which analyzed the condition of COVID-19 on
gold prices. The results showed that the COVID-19 case could be used to explain gold price movements.

Figure 1 shows the research methodology used by the authors to answer the research questions.
Three types of data were collected: economic news sentiment data, IDR exchange rate, and gold price
movements. Before the causality analysis, sentiment analysis was carried out on news data to classify the
positive and negative sentiment. The causality analysis is carried out to assess the impact of economic news
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sentiment on the IDR exchange rate and gold price movement. After that, a regression analysis is carried out
to determine the effect of economic news sentiment on the model used to predict gold prices.

2.1. Data collection

The authors use DetikFinance as an online media source to obtain news data related to the economy
in Indonesia because DetikFinance is considered an online news media platform with many readers in
Indonesia. The authors scraped the data using the beautiful soup library in the Python programming language
from January 1, 2020 to April 30, 2024. Beautiful Soup is a library that can extract HTML and XML data
[21]. The other two data were obtained by downloading datasets from trusted sources. Specifically, the
authors downloaded data from investing.com to obtain the IDR exchange rate against USD and gold price
movements. These datasets are visualized in Figure 2, which presents the trends of both variables over time.
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Figure 1. Research methodology
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Figure 2. IDR exchange rate and gold price movement chart (investing.com)
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2.2. Sentiment analysis

The authors used a sentiment analysis tool called VADER, which is generally used to carry out
semantic scoring for social media with the basic sentiment lexicon [22]. The sentiment results with values close
to +1 are positive, values close to -1 are negative, and values around -0.5 to 0.5 are neutral [23]. This study
combines VADER with the support vector machine (SVM) machine learning algorithm, similar to the
approach used in [22], [23] SVM is used to classify previously vectorized data using the TF-IDF method,
which results from changing text data into a numerical representation [24].

Based on the results of classification modeling carried out with SVM, Table 1 shows the
classification report from the model with the scores of precision, recall, F1-score, and accuracy to measure
the classification performance [25]. The precision score shows that correct positive predictions were 83%
(negative and neutral labels) and 87% (positive labels) of the total positive predictions. The recall score
shows that the correct positive predictions were 78% (negative label), 87% (neutral label), and 89% (positive
label) of the total actual positives. The F1-score shows the harmonized value of precision and recall, with all
values being above 85%, and the overall accuracy of the model shows a value of 85%. Figure 3 displays a
confusion matrix graph, which indicates that the numbers showing conformity are significantly more than
the numbers showing nonconformity.

Table 1. SVM classification report

Sentiment label Precision Recall Fl-score

Negative 0.83 0.74 0.78
Neutral 0.83 0.87 0.85
Positive 0.87 0.89 0.88
Accuracy 0.85
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Figure 3. Lags on granger causality tests

2.3. Granger causality analysis

Using the Granger causality method, the author analyzes how news sentiment influences exchange
rates and gold prices and vice versa. This technique is commonly applied for time series analysis in various
scientific disciplines [26]. Granger causality tests whether one time series can be used to predict another time
series [27]. Therefore, this study uses lags 1, 2, and 3 as lag periods to assess how news sentiment affects the
exchange rate and gold price. Lags are the delay period in the observation that is influenced, but the distance
of these lags cannot be the same for different time series data [26]. Figure 4 further illustrates some of the
lags considered in this study.

Time Series 1

Lags
1 2 3
Time Series 2 . .

Figure 4. Lags on granger causality tests
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2.4. Regression analysis

The author carried out further analysis regarding the ability of news sentiment to make predictions
through integrated modeling with exchange rate data to predict gold prices, as previous research stated that
soft information could improve the quality of predictions from models created using hard information [10].
Linear regression analysis is a statistical analysis that is generally used for predictive analysis and to analyze
the relationship between the dependent variable and one or more independent variables [28]. By integrating
news sentiment with exchange rates, the author uses a multiple linear regression model where there are two
or more independent variables [29].

3. RESULTS AND DISCUSSION

The authors began the data analysis process by observing trends in the news sentiment data that had
been generated. The data is displayed as a line graph in Figure 5. This figure does not indicate a downward
or upward trend for negative and positive sentiment throughout the period used. However, there was an
increase immediately followed by a decrease in the news with positive and negative sentiment in mid-2020
and early 2021.

Dally Positive il with 7-Day Moving g

10 Daily
—— 7-Day MA

Count Positive Sentiment

° o =
S ° S g

’\JWM W MW‘M\fww%wwwwwwm

Apr 2020
Apr 2021

g 3
4

Oct 2023

- , <
§ = 8 2 = 2

Date

Daily Negative Sentiment with 7-Day Moving Average

s Daily
, 7.Day MA

€

Eo

€

Gs

a

v

24

®

g

s

€

32

3

o

. wAﬁﬁwﬂfmﬁ/ﬂmhﬂ\fm,xﬂlmmJW\fwwwm

5 3 %
2 8

oct 2

5 P
ks

s 2
Date

Figure 5. Daily positive and negative news sentiment

3.1. Causality between news sentiment and IDR exchange rate

Based on the Granger causality test that has been done, the p-value shows a statistically significant
"causal" relationship if the p-value <0.05, which means news sentiment causes changes in IDR exchange
rate. In contrast, the p-value indicates a "non-causal" relationship if the p-value is > 0.05, which means the
news sentiment does not cause changes in IDR exchange rate. Table 2 shows the results of the Granger
causality test between news sentiment and IDR exchange rate using lags of 1, 2, and 3 days. Apart from that,
the direction of the arrow is used to show the direction of causality of the test carried out.

The "Variables" column consists of the direction of the causality test between news sentiment and
IDR exchange rate, and the "Lag" column consists of 3 values of lag that have been used in this study.
The "p-value" column consists of causality test results, where based on the results in the Table 2, it can be
said that 5 relationships show p-value < 0.05 (H2, HS, H6, H9, H10). This indicates that negative news
sentiment shows a causal relationship to the IDR exchange rate and vice versa, even though there was a
non-causal relationship at lag 1 (H1). In contrast, the positive new sentiment shows a non-causal relationship
to the IDR exchange rate and vice versa with p-value > 0.05 (H3, H4, H7, H8, H11, H12).
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Table 2. Results for granger causality test between news sentiment with IDR exchange rate
Code Variables Lag  p-value Causality
H1 (-) Sentiment — IDR Rate 1 0.0595  non-causal
H2 IDR Rate — (-) Sentiment 1 1.59¢-05 causal
H3 (+) Sentiment — IDR Rate 1 0.1538  non-causal
H4 IDR Rate — (+) Sentiment 1 0.0912  non-causal
HS5 (-) Sentiment — IDR Rate 2 0.0015 causal
Hé6 IDR Rate — (-) Sentiment 2 0.0014 causal
H7 (+) Sentiment — IDR Rate 2 0.0511 non-causal
2
3
3
3
3

H8 IDR Rate — (+) Sentiment 0.3688  non-causal

H9 (-) Sentiment — IDR Rate 0.0041 causal
H10  IDR Rate — (-) Sentiment 0.0142 causal
HI1  (+) Sentiment — IDR Rate 0.0836  non-causal
H12  IDR Rate — (+) Sentiment 0.5518  non-causal

3.2. Causality between news sentiment and gold prices

Table 3 shows the results of the Granger causality test carried out by the authors in analyzing the
causality relationship between news sentiment and gold price. Based on the results, it can be said that there
were 5 relationships that show p-value < 0.05 (H13, H15, H17, H19, H21). This indicates that news
sentiment shows a causal relationship to the gold price, both negative and positive sentiment, even though
there was a non-causal relationship at Lag 3 (H23), while the gold price shows non-causal relationship to the
news sentiment with p-value > 0.05 (H14, H16, H18, H20, H22, H24), both negative and positive sentiment.

3.3. Regression analysis between news sentiment and IDR exchange rates with the gold price

In the next analysis process, the authors carried out statistical analysis using multiple linear
regression to test the relationship between one dependent variable and several independent variables. In this
study, the dependent variable is the gold price, while the independent variables consist of news sentiment and
the IDR exchange rate. Table 4 shows the results of testing with multiple linear regression.

Table 3. Results for granger causality test between news sentiment with gold price
Code Variables Lag  p-value Causality
H13  (-) Sentiment — Gold Price 1 1.23e-04 causal
H14  Gold Price — (-) Sentiment 1 0.5013  non-causal
H15  (+) Sentiment — Gold Price 1 2.25e-03 causal
H16  Gold Price — (+) Sentiment 1 0.5649  non-causal
H17 () Sentiment — Gold Price 2 0.0003 causal
H18  Gold Price — (-) Sentiment 2 0.7318  non-causal
H19  (+) Sentiment — Gold Price 2 0.0160 causal
2
3
3
3
3

H20  Gold Price — (+) Sentiment 0.7222  non-causal
H21 (-) Sentiment — Gold Price 0.0020 causal

H22  Gold Price — (-) Sentiment 0.6296  non-causal
H23  (+) Sentiment — Gold Price 0.0961 non-causal
H24  Gold Price — (+) Sentiment 0.7219  non-causal

Table 4. Results for regression analysis between news sentiment and IDR exchange rate on gold price movements

Estimate Std. error t value Pr(>|t)

Negative sentiment & IDR exchange rate
(Intercept) 365.788690 97.810362 3.740 0.000194 ***
sent_negative -21.215032 4321684 -4.909 1.06e-06 ***
IDR 0.101696 0.006585 15.444 <2e-16 ***
Adj. R-squared 0.1977
p-value <2.2e-16

Positive sentiment & IDR exchange rate
(Intercept) 358.554030 98.309433 3.647 0.000278 ***
sent_negative -15.053169 4.024521 -3.740 0.000194 ***
IDR 0.102149 0.006616 15.441 <2e-16 ***
Adj. R-squared  0.1977
p-value <2.2e-16

The first part of Table 4 displays the regression analysis results with negative sentiment and the IDR
exchange rate as independent variables and the gold price as the dependent variable with p-value <0.05,
indicating that the negative sentiment and the IDR exchange rate significantly affect the model. The second
part of Table 4 displays the regression analysis results with positive sentiment and the IDR exchange rate as
independent variables and the gold price as the dependent variable with a p-value < 0.05, also indicating that
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positive sentiment and the IDR exchange rate significantly affect the model. Meanwhile, the adjusted
R-squared value of 0.1977 shows that the model can explain 19% of the variation in the dependent variable.

4. CONCLUSION

This study aimed to determine the effect of soft information from economic news sentiment on the
IDR exchange rate and gold price from January 1, 2020 to April 30, 2024. First, the authors carried out
sentiment analysis using the VADER lexicon method and validated it using the SVM model. In addition, data
related to the IDR exchange rate and gold price were obtained from Investing.com. The Granger causality
test revealed that negative news sentiment significantly affects the IDR exchange rate, while positive
sentiment shows no significant influence. In contrast, both positive and negative sentiments impact gold
prices, but the gold price does not significantly affect news sentiment. These findings indicate that negative
sentiment plays a stronger role in currency fluctuations, while gold prices respond to overall sentiment
trends. Additionally, multiple linear regression analysis confirmed that economic news sentiment and the
IDR exchange rate significantly influence gold prices. This suggests that both factors can be integrated into
predictive models for gold price forecasting. Further research can explore the findings from this study,
especially regarding the underlying reasons for the difference between negative and positive sentiment
influence on the exchange rate or another economic indicator. Other findings related to the multiple linear
regression model for predicting gold prices have the potential for further research regarding other economic
indicators that can be used to improve the independent variables' ability to explain the dependent variable.
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