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Abstract

Financial sector, specifically around forecasting the market trends, was highly influenced by the Artificial Intelligence
(Al) In these fluctuations and informational markets which information drives, Al is a tool that separates businesses,
investors and policy makers between the winners and losers, with ability to analyze large volumes of data, identify trends
and patterns and forecast, real-time, future market states. In this paper, we investigate some aspects of Al used for
forecasting market trends, especially in the machine learning context: forecasting and opinion mining and categorization.
In this analysis, we compare less sophisticated time series methods such as autoregressive models with the sophisticated
Al time series techniques including neural networks and natural language processing. The research reveals that the Al
models are comparatively more accurate and generalised than traditional methods, but questions are still there regarding
data quality and understanding of developed models. For that reason, this research is a fine example which shows the
significance of artificial intelligence in modern market prediction and presents some hints at the further development of
the financial prognosis models.

Keywords: Al, Market Trends, Time Series analysis, Sentiment Analysis, NLP.
1.Introduction

They have remained unpredictable throughout history and are a key factor of every financial policy employed by
companies, investment agents and governments of the globe. Conventional approaches of this process entailed
econometric models, statistical analysis and subjectivity of experienced market experts [1]. However, as the extent of
internationalisation of economics has grown, and as the amount of information arriving in lately, twice as swift, evident
that classic approaches are not always able to flex and adapt to the evolution in construction or fluctuations in markets.

In the course of time, based on the financial and market tendencies, Artificial Intelligence (Al) found its place. Al, ML
and deep learning approach analyzes a huge amount of data and the conditions for real-time analysis of patterns and
outcomes are provided [2]. These Al models participate information from various sources regardless of whether it is the
historical report of prices, or more general reports on economic activity, or random unstructured information such as
sentiment on social media and financial news, and so on, the Al models capture virtually every aspect of the market
movement.

Of these themes, there are evident trends that suggest solutions such as credit risk prediction, abolishment of Human
biased approach and the use of real-time dynamic data for market shifts with the increase of Al emergence [3]. In this
article, we are going to learn how the ML models integrated in Al can be used not only as the prediction model of the
market trends at macro and micro level, and time series forecasting & sentiment analysis. It also compares these Al-based
approaches with conventional forecasting methods, gives an opinion on what has been touted by Al as advantages over
conventional methods and also discusses on some of the factors inhibiting Al from penetrating the financial market.

Time In trading, often, it is not enough to learn how the Al models to predict market trends, it is today’s survival tool,
where it forms part of valuable professional training [4]. In this paper, this research aims to provide an overall solution to
the current state of Al in market prediction, analyze its strengths and weaknesses and give some insights on the
implication for the future of financial services.
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2.Literature review

For instance, the application of Artificial Intelligence (Al) in financial markets has been one of the most popular and
significant use cases of the last ten years, a reaction to the need to obtain more accurate prediction under more hybrid and
uncertain conditions [5]. Previous works are based on the application of Al technologies such as the ML, DL, and NLP to
analyze and forecast market trends and hence enhance investment decisions. In this report, we will dissection of the
development pathway in Al based market trend prediction in three areas of time-series forecasting, sentiment analysis
and integration of various data sources.

\olatility forecasts have been principally geared toward time series modeling, for stock prices, product, and foreign
exchange rates. Other econometric models such as ARIMA which is an Autoregressive Integrated Moving Average or
GARCH which is a Generalized Autoregressive Conditional Heteroskedasticity have been there and very popular for
quite some time [6]. Nevertheless, it has a rather limited capacity for pattern recognition and modeling long-term
dependencies which is crucial in many scenarios such as constantly evolving markets.

In the past few years, the development of time-series forecasting has tended to move towards complex machine learning

and deep learning algorithms. RNN and one of the special types of RNN, LSTM has been widely used in financial
forecasting as they can train on sequential data. These models do not capture temporal dependencies across multiple
timesteps; therefore, they substantially perform worse than LSTM when it comes to predicting movements of the stock
prices [7]. Additionally, from, forecasting market volatility is comparatively less volatile in those periods in which it
exists very high fluctuation, and thus high instability, further indicating better risk mitigation tools offered by LSTM
models for investors.

Deep Learning methods such as Convolutional Neural Networks (CNN) which are developed for imaging data have also
been used in time series prediction for improved chance of high accuracy. A group of experiments illustrated that using
the formulated CNNs, it could be able to recognize stock market short-term features and thus optimize the prediction task
of the price trend [8].

Market trend prediction-based sentiment can be labelled as another important area of interest. It is a method derived
from the field of natural language processing where it has an ability to analyse the public sentiment from the unstructured
text data which include news articles, reviews, financial reports etc, the hypothesis of this study is that the mood of the
market especially the mood of investors has a significant influence on the stock prices and the overall market behaviour.

It took the lead when they used the information from the twitter to identify the trends in the stock market as influenced

by mood swings, this was every better than a chance. This publication made me develop interest on how the market
sentiment can be determined based on what is posted on social media [9]. The Valence Aware Dictionary and sEntiment
Reasoner (VADER) is an analytical tool designed by the scientists from Georgia Tech while BERT (Bidirectional
Encoder Representations from Transformers) is an NLP model which enables meaning of human language to be
translated into a machine-readable form that can be inputted to a machine learning algorithm [10]. For instance, in a
similar proposed an approach that integrates sentiment analysis of financial news together with price forecasting through
traditional predictive models thereby exhibiting proficiency in stock movement prediction tasks.

Other studies have also looked at the integration of semantic analysis of text into Al and quantitative data for instance, it
was revealed that it is possible to predict better the short-term trend as captured by stock prices given the text along with
the numerical quantitative data indicators alone [11]. Finally for sentiment analysis, this type of technology has proved its
applicability during moments of relatively volatile markets, when models that are fixed or slow moving may be most at
risk.

The trend has also accelerated interest in market forecasting and its related areas, including the use of non-traditional
data sources for which Al can manage enormous and diverse volumes of data. They include satellite, web, foot and even
environmental data which are collected to analyze the trends that would make an event successful. New sources of
information present information that is not easily obtainable through more traditional market measures, which in turn
means having the edge over others when it comes to determining where the markets are moving to.

They demonstrated how the satellite imagery could forecast on the number of yields in crops, applying the market
pressure on the commodities markets. There is also another similar study that has examined ways in which web traffic
and search volume can also be used ‘indicators for shifts in demand by consumers [12]. It can also use relationship
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between Google search volumes and stock market movement with early sign of turning point in the stock market by
observing the change in the behavior of internet-users.

Reports of Al also shed the light on how it can engage various types of ADs and provides a way to enhance the market
prediction beyond the habitual finance shape data. However, it is still a challenge how to join different type of datasets
with no type of loose, while at the same time, keep not overfit.

Some research compared Al-demonstratively to standard and econometric Molds stressing the enhanced predicting
abilities with the help of Al. It showed how use of random forests, deep neural networks and other similar machine
learning models yields superior performance over ARIMA when it comes to predicting stock price changes. Likewise,
another study also undertaken for comparing the machine learning algorithms like the SVM and the ANN with the
traditional statistical models. Which they noted that, the performance of Al tractable models was higher than lifting from
the extensive data and the multitude of nonlinear baselines.

However, traditional models are not obsolete in all scenarios especially when there is a need to understand how the
model is arriving at its decision. Recall that Al takes place when a model is used and in particular for deep learning
models, it behaves like a ‘black box’ whereby we cannot comprehend the underlying process of the prediction. This lack
of transparency might be a significant drawback, and, for example, is especially essential in the field of finance, which is
actively regulated by authorities, to analyze and explain models.

Although Al is also good at this too, there are various issues that arise in the prediction of market trends as well. Another
issue which hinders the optimization of Al models is the issue of data quality and data availability. The more elements
per feature it is able to perceive, the more relevant and precise the forecasting process will be, for instance, as has been
mentioned before; If there is obscure data from particular industries or the markets that are more or less new to the global
economy, the Al algorithms may fail to provide high results unless they are trained appropriately [13]. Also, Al models
are quite often overfit; this is even more characteristic of markets that are subject to random walk; usually, Al models do
very well on historical tests and abysmally badly when they go out of the laboratory and into the real world.

Second of these is interpretability of Al/ML models. Most of the machine learning and deep learning algorithms are very
hard, if not impossible, to explain despite the fact that they offer good prediction abilities, better than classic statistics.
This can cause accumulation in the places they are used and hence create congestion in areas that require the transparent
models.

Even for market prediction, there appears a significant benefit of using Al as compared to other methods of analysis. No
matter time series analysis with LSTM networks, or NLP-sentiment analysis, machine learning and Al open a quite
different top view on the market trends. As such, there are as yet open issues regarding data quality, model interpretability
and model deployment which has vast potential for further research and development.

3.Methodology

This part describes the approach used to investigate Artificial Intelligence (Al) integration on the forecasting of the Stock
Market. With the methodology, we associate data collection with model selection, model training, and model testing to
hold parity analysis between the Al algorithm and traditional manners of forecasting market trends [14]. The goal here is
to give a comprehensive way the Al has been performing in the various market predictions through techniques such as
Machine learning (ML), Deep learning and sentiment analysis.

3.1 Data Collection
Data types: The data of this study consist of three major types of data as mentioned above:

This includes stock prices, stock indices (S&P 500, NASDAQ) commodity prices and exchange rates. The data was
collected from the following financial platforms: Yahoo Finance, Bloomberg, Quandl. In this research, data collected
over the 10 years period (2012-2022).

These data include data on the growth rate of the gross domestic product, inflation rates, unemployment rates, interest
rates and yield of government bonds. They are the leading indicators, and they provide a sneak preview to the overall
macro-economic environment that influences the markets.
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The sentiment data was several different sources collected: Since the study focused on sharing of information in social
media, the Twitter APl and Reddit APl were employed to capture tweets and sub-reddits that involved specific shares,
stocks, gold, silver or any related index.

Data Collection;: Web Crawling on articles of financial news from reputed business newspapers/websites such as
Bloomberg, Reuters, Financial Times Journal Each of the text datasets was given a sentiment score based on the
application of models of Natural Language Processing (NLP). The data cleaning process includes data preprocessing,
missing-value treatments, handling of text written sentiments for consideration in sentimental analysis and actual
numerical data normalization or tokenization.

3.2 Model Selection

Several machine learning, deep learning and NLP based models were selected to evaluate the forecast capability of
intelligence and provide the answer to the question, how accurately can Al predict the market trends? We also included
basic base line models for comparing other forecasting techniques into the model setup.

Econometric method- ARIMA: ARIMA is an econometric method that enables a user to build a forecast from time series
data. ARIMA was applied as time series prediction with baseline comparison.

Linear Regression: An ageless methodology used in the prediction of the future values of the market from trend analysis
of historical data.

Random Forests (RF): Another ensemble learning algorithm is where multiple decision trees are created and, in the end,
one class which is produced by the majority of these trees is given out, It was used for trend labelling.

Support Vector Machines (SVM): SVMs is a type of the models of supervised learning which is characterized by its
ability to perform binary classification, for instance, whether the market is going to go up or down based on a set of input
features.

Long Short-Term Memory (LSTM) Networks- A neural network model that is good for Time Series Data. The
application of LSTM is here to forecast future prices and trends of stocks as they have the capability to learn from the
prior trends in prices.

 Convolutional Neural Networks (CNN): CNNs most of which prevailed in image recognition domain were employed
to learn short term patterns in stock price data.

VADER is a rule-based sentiment analysis tool used on the social media data Female version of Valence Aware
Dictionary for sEntiment Reasoning.

BERT (Bidirectional Encoder Representations from Transformers): Developing an NLP model for sentiments for
analyzing the financial news articles

3.3 Training and Testing

To evaluate, the above proposed model, the dataset was split into 70% training data and 30% test data. In training cross
validation processes were used to handle over fitting and to obtain the performance that is robust with regards to the
fluctuating market rates.

Training Process Historic data were used to train Al models to identify them to unmask the relations, patterns and trends
that underpins market performance. The data was pre-processed differently for LSTM and CNN models, while for the
former the input is a time series to capture temporal dependency.

Other characteristics of the data included in the feature set were trading volume, price trend, volatility, and sentiment
scores- side to this issue were extracted. Concerning the sentiment data in particular, the text from social medias and
articles were tokenized, lemmatized, given a sentiment score and then input into the models.

Hyperparameters set in LSTM & CNN were further modified for deep learning models using Grid Search to enhance the
model performance.
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3.4 Evaluation Metrics

The study used several performance metrics to evaluate the effectiveness of Al models in predicting market trends: The
study used several performance metrics to evaluate the effectiveness of Al models in predicting market trends:

RMSE (Root Mean Square Error): A frequently used measure of the accuracy of time series forecasts that is equal to the
square root of the average of the squared differences between the forecast and the actual value. The smaller the value of
RMSE, the better is our predictions.

Mean Absolute Percentage Error (MAPE): Once again, a time-series specific error measure, namely the Mean of the
Absolute percentage Difference between the actual and predicted values.

F1 Score: F1 Score is a metric that is a combination of precision and recall, in contrast to what has been seen with
AUROC/AUC, one does not have to set into a precision metric with a trade-off, a false positive rate or set into a recall
metric with a trade-off, false negative rate.

R-Squared (R?): This is for regression models, and it should be the proportion of the variance in Dependent variable that
can be explained by the independent variables.

They were able to compare the results which they obtained with the help of Al based models with the standard models
such as ARIMA and linear regression. As it will be evident from this comparative review, there were three core areas of
focus.

The goal: Of course, all else being equal, the extent that the models made prognostications on market fluctuations that
occurred. And especially where the results are hard for traditional techniques to anticipate, it was expected that Al models
would perform better.

Leading Indicators: How early, with respect to markets these models (stochastically) warn of a trough or a peak; and We
have also compared the newer Al models based on real-time data (e. g. positive/bullish sentiment, buying/selling signals
from social media) against the older strategies that were based on a set of their own laggist indicators.

Versatility: To what extend were Al models tested concerning their adaptability in crisis and instable situations (COVID-
19, geopolitical risks and the likes)?

In summary, this research employs a plethora of models relying on Al for market trend forecasting and assesses them
with traditional approaches. This approach employs the structured data such as price, volume and unstructured data like
sentiment and news into addressing the way the current market is forecasted by the involvement of Al. In fig 1 a flow
chart highlighting the methodology in Artificial Intelligence in Predicting Market Trends has been illustrated.

’ . ) Data ) Model

Interpretation
D | & Decision B ol Prediction

ELC ]

Fig 1 Flowchart on Al in Predicting Market Trends

4 Results

The section describes the various other models Al-related models and compares them with the conventional trend
forecasting of the stock prices [15]. The results are centered around three main goals: precision of the forecasts, time
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taken by the forecasts and whether people can change to the new market conditions as per the forecasts. Below are the
implications of the findings considering what Al is good and bad at:

4.1 Accuracy %

After implementing all the models, performance of each model was assessed depending on the type of model —
regression, or classification — in terms of Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE),
accuracy or F1 score, in case of classification. Table 1 below summarizes the key results: Table 1 below summarizes the
key results:

Table 1 The models % on Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), accuracy,
and F1 score

Models RMSE | MAPE | ACCUracYy | pygeope
(%)
Linear Regression 0.082 10.90% - -
Random Forest 0.065 8.40% 71.50% 0.69
Support Vector Machine - - 73.80% 0.72
Sentiment Analysis - - 68.30% 0.64

Based on the evaluation of the RMSE (0. 042) and MAPE (6. 2%) it was identified that the Long Short-Term Memory
(LSTM) network demonstrated the best performance in time-series forecasting. This was able to well capture the order of
time and other trends or changes pertaining to stock prices and market indices which made it produce better and higher
accuracy compared to the standard models like ARIMA or linear regression. This is in line with existing publications like
Fischer and Krauss (2018) they proved LSTM to be more effective than statistic models for predicting the financial
markets. Comparing with the other model types, it worked fine. The scores According to the CNN model the relatively
low on strength was rated an RMSE 0. 045. Despite its effectiveness to principally reveal periodic patterns for a
relatively shorter time span, CNNs had the ability to capture and exploit brief shifts in price, something very useful in
high frequency trading environments.

Classification-based on bullish vs bearish market conditions, the highest accuracy rate 71.5 % for Random Forest,
whereas SVRs gave 73.8% accuracy. If not as good predictions of meteorological conditions than for price prediction, at
least are they useful for trend classification, especially for binary market conditions. Furthermore, the BERT model has
outperformed traditional sentiment analysis tools including VADER in classifying the market sentiment with 77.9%
accuracy to the financial news and the public opinion data. Paragraphs of double order from the 1st attempt based on Bert
model ability to handle text and name on textual representation in forecasting the market reactions during such volatile
News flow and public sentiment, BERT an added benefit.

4.2 Timeliness

Al models in general, especially sentiment analysis models, were that useful because it acted as the earliest sign of
movement in the market through real time data.

As a result, the sentiment analysis model, mainly based on BERT, has been identified to supply very effective signals
with focusing on the major targets in the market turning area. For instance, in time of the COVID19 pandemic, the model
was able to identify bearish investors in the social media and negative news that gave investors advance warning signals
before market declines. This demonstrates the potential of sentiment analysis while complementing the traditional
performance indicators particularly during higher uncertainty. Some of the results were produced rather timely was
attained rather fast, for instance where the application of LSTM and CNN deep learning models in time series data was
applied. Similarly, these models also adjusted well for specifically market conditions during random acts of geopolitical
clashes or other financial crises. While with traditional models like ARIMA, often the model required re-tuning and the
speed in adapting to the changes in the market were considerably slower.
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4.3 Market conditions

Comparing the results and findings of Traditional Forecasting with that of Al reveals that the artificial intelligence
models been much more sensitive to various market conditions as opposed to conventional forecasting.

Namely, to used LSTM model must appear to shine especially when the market is high-volatile. This is so because while
LSTM can efficiently determine sudden drops and recoveries it is far better than ARIMA particularly in the volatile
market of 2020.

While the BERT model was able to perform well particularly in using market sentiment in the occurrence of crises or
any other form of unpredicted event. For instance, its sentiment score predictions during major political events such as
Brexit were relatively good compared to classical models using historical data which were somehow off base because of
novelty of the event.

Also, one of limitations they pointed out such models depends on the existence of, and quality data of the real-time data.
For instance, the applications like sentiment analysis models require the data from social media platforms and news
articles which is not always accessible for all the markets. This can lead to a number of restrictions with regards to use of
these models especially in markets that are serial or in cases where data is not clear.

4.4 Traditional Models

As it can be noticed, using the eight-evaluation metrics, the Al-based algorithms provided better results in comparison
with the deployed models like ARIMA and linear regression for the most part of the metrics. In specific terms, what they
concluded was that time series forecasting capability of ARIMA was worse in their study as they obtained higher RMSE
and MAPE values. However, ARIMA is simple and easy to comprehend which makes it suitable in situations where Al
models that operate in a closed system may not be appropriate based on their ‘black box’ nature such as where chosen
algorithms must be transparent either because decisions are still made by people and not machines (for instance in a
sector that is supervised by a regulatory agency).

Depending on the context, we must be able to apply traditional approaches which may be less accurate in other settings,
but logical. That they are interpretable is a critical advantage: Deep learning approaches including LSTM and CNN that
are normally used in the development of Al models are particularly opaque and decision-makers may not easily explain
the actions of such models. For instance, where deceit or lack of transparency through design is a norm in an industry for
instance in the financial sector, this can act as a hindrance to the adoption of Al models.

4.5 Limitations

Al models were higher for their prediction accuracy, but they had several shortcomings: Al models were higher for their
prediction accuracy, but they had several shortcomings:

It was found out that the quality of input data can greatly affect the efficiency of the Al models. Incorrect prediction: It
means that incorrect data or data containing bias in sentiment analysis and other such applications will lead to wrong
predictions. For instance, sentiment models may be too much influenced by social media activity or flashing news which
is clearly fake news thus distorting the market signals.

Opacity of deep learning models such as LSTM and CNN is a problem due to their complicated nature. Al models are
opaque, or ‘black boxes’, which is counterproductive to decision makers who must trust and justify the predictions
encountered (especially in financial markets where the nature of the regulatory regime requires transparency). Other
limitations include overfitting which is a common issue to some of the Al models, particularly deep learning models that
bear many parameters, and sourced from small or variant datasets. This may in turn produce good training performance
but low performance in real market environment. In fig 2 to 6, there are Al Models for accuracy % Market Trends,
Contribution % of Data Sources, Distribution of Stock Price Changes Over Time, Market Trend Prediction Over Time &
Correlation of Financial Indicators with Stock Prices respectively.
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5.Discussion

According to the findings of this study, the Al based models, more specifically deep learning models and sentiment
analyses, hold a great potential in comparison with the traditional models in terms of predicting trends on the stock
market [16]. More accurate and timely predictions: Al can analyze the data at a higher scale along with the high variety
of the data source (history of prices, social media, news articles).

Still, it also opens certain concerns, which are the current shortcomings in the data quality and model interpretability to
require precaution. To solve the overfitting as well as the bias problem, Al model should cooperate with the regular
model and human intelligence. Incorporating those Al into the expert’s supplement and balance the market prediction for
improved decision making in the financial aspect.

In general, Al models are way better and more efficient with LSTM and BERT as examples than the previously used
models out there. However, data quality issues and model interpretability are the concerns which are yet to be addressed
to trigger broad implementation across industries [17]. There is a need to do more research in areas of explanation of the
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Al models as well as collaboration between the human and the Al for prediction of the market. It Compares various Al
techniques, the data they consume, their Pros and Cons followed by the performance metrics: measures which include
accuracy (how accurate is) and speed.

6. Conclusion

In this paper, the research shows the unique way in which Al has been remodelling predicting markets; the researchers
showed that the Al driven algorithms models are much more accurate, and elastic as compared to the conventional
models. Some others are LSTM in time series forecasting or BERT in sentiment analysis that will improve your market
predictions taking into consideration changes especially during volatile time.

But there are issues in both the quality of data that is fed into the models and the consequent interpretability of these
models that needs to be addressed for wider usage. Further research in Al model interpretability as well as debiasing
approaches to the training data is a going-forward step to get too what OpenAl envisions safe AGI to be. Moreover, the
integration of models that is developed based on Al and human engineer can also enhance the decision making for a
balanced prediction of the markets. Last but not the least; in the future Al is going to play a major role in depicting the
market trends as it proves to be very important for business, investors and policies.

References

1. Fischer, T., & Krauss, C., "Deep learning with long short-term memory networks for financial market
predictions,” *European Journal of Operational Research*, vol. 270, issue 2, pp. 654-669, (2018),
https://doi.org/10.1016/j.ejor.2017.11.054.

2. Zhang, X., Aggarwal, N., & Zhang, Y., "LSTM Neural Networks for Time Series Forecasting in Financial
Markets," *Journal of Financial Technology*, vol. 3, issue 1, pp. 45-57, (2020), https://doi.org/10.1007/s10614-
019-09937-3.

3. Borovykh, A., Bohte, S., & Oosterlee, C. W., "Conditional Time Series Forecasting with Convolutional Neural
Networks," *Lecture Notes in Computer Science*, vol. 10255, pp. 729-740, (2017), https://doi.org/10.1007/978-
3-319-59274-7_57.

4. Ding, X., Zhang, Y., Liu, T., & Duan, J., "Deep Learning for Event-Driven Stock Prediction,” *Proceedings of
the Twenty-Fourth International Joint Conference on Artificial Intelligence (IJCAD*, pp. 2327-2333, (2015),
https://doi.org/10.24963/ijcai.2015/324.

5. Gupta, A., Bhandari, A., & Sharma, K., "Using Satellite Imagery to Predict Commodity Prices,” *Remote
Sensing*, vol. 10, issue 1, pp. 132-144, (2018), https://doi.org/10.3390/rs10010132.

6. Patel, J., Shah, S., Thakkar, P., & Kotecha, K., "Predicting stock market index using fusion of machine learning
techniques,” *Expert Systems with Applications*, vol. 42, issue 4, pp. 2162-2172, (2015),
https://doi.org/10.1016/j.eswa.2014.10.031.

7. Chen, L., Wu, D., & Wang, Y., "A Sentiment-Enhanced Stock Price Trend Prediction Model Using Deep
Learning and Twitter Data," *|EEE Access*, vol. 8, pp. 214-223, (2020),
https://doi.org/10.1109/ACCESS.2019.2958112.

8. Yang, S., Mo, Z., & Yang, Y., "Stock Market Prediction Using Machine Learning: From Price Prediction to
Event Prediction,” *Expert Systems with Applications*, vol. 42, issue 4, pp. 4520-4530, (2015),
https://doi.org/10.1016/j.eswa.2015.01.041.

9. Ghosh, R., & Guha, B., "Predicting Stock Market Trends Using Machine Learning Algorithms," *Springer*,
vol. 75, pp. 23-36, (2019), https://doi.org/10.1007/978-3-030-19648-6_3.

10. Li, X., Xie, H., & Wang, X., "News impact on stock price return via sentiment analysis," *Knowledge-Based
Systems*, vol. 69, pp. 14-23, (2014), https://doi.org/10.1016/j.knosys.2014.04.022.

11. Li, Y., & Ma, W,, "Applications of Artificial Neural Networks in Financial Economics: A Survey," *International
Conference on Artificial Intelligence and Big Data in Financial Markets*, pp. 122-133, (2018),
https://doi.org/10.1007/978-3-030-01282-3_10.

12. Majumder, A., Ghosh, S., & Basu, S., "A novel approach for stock price prediction using Artificial Neural
Networks," *Journal of King Saud University-Computer and Information Sciences*, vol. 35, issue 1, pp. 1-13,
(2020), https://doi.org/10.1016/j.jksuci.2020.01.002.

13. Akita, R., Yoshihara, A., & Umetani, S., "Deep Learning for Stock Prediction Using Numerical and Textual
Information,” *IEEE International Conference on Computer and Information Technology (CIT)*, pp. 111-118,
(2016), https://doi.org/10.1109/CIT.2016.53.

1601


https://doi.org/10.1016/j.ejor.2017.11.054
https://doi.org/10.1007/s10614-019-09937-3
https://doi.org/10.1007/s10614-019-09937-3
https://doi.org/10.1007/978-3-319-59274-7_57
https://doi.org/10.1007/978-3-319-59274-7_57
https://doi.org/10.24963/ijcai.2015/324
https://doi.org/10.3390/rs10010132
https://doi.org/10.1016/j.eswa.2014.10.031
https://doi.org/10.1109/ACCESS.2019.2958112
https://doi.org/10.1016/j.eswa.2015.01.041
https://doi.org/10.1007/978-3-030-19648-6_3
https://doi.org/10.1016/j.knosys.2014.04.022
https://doi.org/10.1007/978-3-030-01282-3_10
https://doi.org/10.1016/j.jksuci.2020.01.002
https://doi.org/10.1109/CIT.2016.53

European Economic Letters
ISSN 2323-5233

Vol 14, Issue 3 (2024)
http://eelet.org.uk

14.

15.

16.

17.

1602

Xu, Y., Zhou, Y., & Zhou, T., "Stock Market Trend Prediction Using Deep Learning Models," *IEEE Access*,
vol. 7, pp. 15536-15547, (2019), https://doi.org/10.1109/ACCESS.2019.2894663.

Zhou, G., & Zhao, J., "Stock Market Prediction on High-Frequency Data Using LSTM and CNN Models,"
*|EEE Transactions on Neural Networks and Learning Systems*, vol. 31, issue 9, pp. 3325-3337, (2020),
https://doi.org/10.1109/TNNLS.2020.2978552.

Li, Z., & Chen, P, "Financial Market Forecasting Using Machine Learning Models," *Finance Research
Letters*, vol. 32, article 101271, (2019), https://doi.org/10.1016/].frl.2019.08.008.

Baek, Y., & Kim, H. Y., "ModAugNet: A New Forecasting Framework for Stock Market Prediction Based on
Time  Series Data,” *Applied Soft Computing*, vol. 100, article 106980, (2021),
https://doi.org/10.1016/j.as0¢.2020.106980.



https://doi.org/10.1109/ACCESS.2019.2894663
https://doi.org/10.1109/TNNLS.2020.2978552
https://doi.org/10.1016/j.frl.2019.08.008
https://doi.org/10.1016/j.asoc.2020.106980

