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Abstract: This paper presents a stock trading recommendation system that integrates news
sentiment analysis with the relative strength index (RSI) to provide informed buy-sell
decisions. The system uses a rule-based natural language processing (NLP) approach
to analyze recent news articles and combines the resulting sentiment scores with the
RSI, which tracks stock momentum. By evaluating seven days of news data, the system
assigns a sentiment score (1 to 100) that reflects market sentiment, while the RSI identifies
overbought or oversold conditions. This combined approach allows traders to make data-
driven buy, sell, or hold decisions in real time. In this study, we conducted a comparative
study with benchmark indices across various subsets of stocks to evaluate their relative
performance, highlighting our system’s competitive edge in terms of accuracy, profitability,
and lightweight design with low computational cost. The results showed the system’s
adaptability across different market segments and its potential to enhance trading outcomes.
By integrating real-time sentiment analysis with technical indicators, the system offers a
practical and actionable investment strategy.

Keywords: recommendation system; sentiment analysis; natural language processing

1. Introduction

The ultimate goal of stock trading is to generate profit by buying and selling company
shares, with traders aiming to capitalize on price fluctuations that occur in the market [1].
However, stock prices are influenced by numerous factors, creating a complex system that
makes it difficult to consistently generate profit [2]. The stock market’s highly volatile
and interconnected nature adds to the challenge, making traditional time series modeling
approaches less effective [3]. As a result, various strategies and tools have been devel-
oped over time, with quantitative methods playing a significant role in the evolution of
capital markets.

In recent years, natural language processing (NLP) has gained increasing importance
in quantitative financial strategies for three primary reasons: handling large volumes of
unstructured data, predicting market sentiment through sentiment analysis, and enhancing
automated trading systems [4-6]. The financial sector produces vast amounts of unstruc-
tured data, such as news articles, social media posts, earnings reports, and regulatory
filings. NLP is a valuable tool for extracting meaningful insights from these data, support-
ing better decision-making [7]. Sentiment analysis, an NLP technique, helps traders gauge
market sentiment, investor behavior, and public opinion by analyzing text from various
sources. This analysis allows traders to evaluate how positive or negative sentiments

Electronics 2025, 14, 773

https://doi.org/10.3390/ electronics14040773


https://doi.org/10.3390/electronics14040773
https://doi.org/10.3390/electronics14040773
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/electronics
https://www.mdpi.com
https://orcid.org/0009-0009-5667-4673
https://doi.org/10.3390/electronics14040773
https://www.mdpi.com/article/10.3390/electronics14040773?type=check_update&version=1

Electronics 2025, 14, 773

2 0f 23

could influence stock prices or market trends. Additionally, NLP facilitates algorithmic
trading by processing real-time financial news and adjusting trading strategies based on
those findings.

However, while NLP-based stock trading systems offer significant advantages, they
also face challenges. These include over-reliance on historical and sentiment data, high
computational costs, and limited accessibility for individual investors, due to expensive
hardware requirements [8]. Existing systems often require high initial investments and
may not be suitable for personal use, due to substantial transaction fees and misleading
claims about performance [9].

The research problem addressed in this study is as follows: How can a lightweight
and computationally efficient stock trading recommendation system be developed to
combine real-time news sentiment analysis with technical indicators, providing accurate
and accessible buy-sell decisions for individual investors?

To address these challenges, this paper proposes a stock trading system that inte-
grates NLP-based sentiment analysis of financial news with the relative strength index
(RSI), a technical indicator that tracks stock momentum. The system is designed to be
computationally efficient and accessible to individual investors, capable of running on
average laptop GPUs, without the need for high-end hardware. Development and testing
were conducted on a device with a 12th Gen Intel(R) Core(TM) i7-1260P processor oper-
ating at 2.10 GHz, 16 GB of RAM (15.7 GB usable), and a 64-bit operating system on an
x64-based processor, demonstrating its compatibility with standard consumer-grade hard-
ware. By combining seven days of news sentiment data with the RSI, the system provides
actionable insights that are both timely and relevant to short-term market fluctuations.
This approach helps reduce computational costs, while maintaining the ability to make
informed, data-driven trading decisions.

The proposed system addresses the research problem by

e Using NLP for Sentiment Analysis: The system analyzes recent news articles to gauge
market sentiment, providing traders with real-time insights into how news events
might affect stock prices. This reduces reliance on historical data and allows traders to
make decisions based on current market sentiment

¢ Combining Sentiment with RSI: By integrating sentiment analysis with RSI, the system
provides a more comprehensive view of stock behavior, allowing traders to identify
overbought or oversold conditions, alongside market sentiment.

e Improving Accessibility: The system is designed to be accessible to individual investors,
running efficiently on average computing hardware, thus democratizing access to ad-
vanced trading tools that would otherwise require substantial investment.

e Offering Flexibility: Traders can personalize the system to fit their own strategies,
enabling them to create a cost-effective and efficient solution for automated trading,
without the high costs typically associated with such systems.

This system was tested on U.S. stocks across different market capitalizations (large,
mid, and small caps), demonstrating its ability to adapt to various market conditions.
Comparative analysis showed that the system is competitive in terms of accuracy, prof-
itability, and computational efficiency. Ultimately, the system offers a practical, real-time
trading strategy for individual investors by combining the strengths of NLP and technical
analysis, enabling more accurate and accessible stock trading decisions. Our proposed
system improves upon existing models by integrating real-time sentiment analysis with
the RSI, offering a lightweight, context-aware, and computationally efficient approach to
stock trading decisions, without compromising accuracy.

The rest of the paper is organized as follows: Section 2 provides a review of existing
methods for stock market prediction, with a focus on NLP and technical analysis. Section 3
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details the proposed solution, while Section 4 presents the experimental results, including
a comparison with benchmark indices. Finally, Section 5 concludes the study and Section 6
highlights potential directions for future work in expanding the system’s capabilities and
addressing its limitations.

2. Related Works

Stock price prediction has been extensively studied using both sentiment analysis and
technical indicators, each contributing unique advantages for forecasting stock movements.
Sentiment analysis of financial news, blog posts, and investor discussions is widely used
to determine the strength of market trends and predict future price movements [10-12].
Similarly, technical indicators such as moving averages (MA) and the RSI provide insights
into market conditions by identifying overbought or oversold stocks, helping traders gauge
trend strength and potential reversals [13]. Due to their complementary nature, researchers
have explored integrating sentiment analysis with technical analysis to develop more
effective stock recommendation systems.

Several recent studies have explored different combinations of these methodologies,
each offering valuable insights into stock prediction, while also exhibiting certain limita-
tions. Ref. [14] investigated the effectiveness of news sentiment analysis for investment
strategies using a deep-learning-based sentiment analyzer. The study evaluated senti-
ment scores aggregated at daily, weekly, and monthly intervals and found that daily
sentiment-based strategies yielded the highest returns but also required intensive short-
term trading activity. This suggests that, while sentiment from financial news can be
predictive, its impact on stock prices is often short-lived, particularly for high-profile news
stories. However, a major limitation of this approach is its sole reliance on news sentiment,
which ignores other market variables such as technical indicators, potentially reducing
prediction accuracy.

Similarly, ref. [15] proposed a hybrid approach that combines historical stock data
with financial news sentiment analysis. By integrating sentiment scores derived from mul-
tiple machine learning models, the study achieved up to 0.90 accuracy in both short- and
long-term stock trend predictions. However, the study only evaluated four companies from
different sectors, limiting its ability to generalize across the broader stock market. Addition-
ally, it observed weaker predictive power for certain industries (e.g., the automobile sector),
suggesting that sentiment’s impact on stock prices may vary across different domains.

An alternative approach by [16] focused on integrating environmental, social, and gov-
ernance (ESG) sentiment data with technical indicators for predicting stock prices, particu-
larly for the S&P 500 index. The study employed bidirectional recurrent neural networks
(Bi-RNN) and bidirectional long short-term memory networks (Bi-LSTM) to assess the
influence of ESG sentiment on stock prices. The results demonstrated that incorporating
ESG sentiment improves prediction accuracy when combined with technical indicators.
However, the study was limited to S&P 500 stocks, making it difficult to generalize to
other markets. Furthermore, ESG sentiment may have varying impacts, depending on the
industry, necessitating more specialized industry-based models.

Other studies have also explored sentiment analysis approaches, with varying degrees
of success. For instance, ref. [17] focused exclusively on market sentiment derived from
investor reviews and financial news, without incorporating technical indicators. This
limits the predictive accuracy, as it lacked a quantitative framework for evaluating market
trends. Similarly, ref. [18] confirmed that financial news sentiment improves prediction
performance but did not incorporate technical indicators, reducing its ability to detect
price momentum and trend strength. Ref. [19] attempted to bridge this gap by combin-
ing news sentiment analysis with technical indicators such as RSI and SMA. However,
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the study relied on a small dataset of only eight news articles, raising concerns about data
representativeness and the robustness of sentiment analysis.

While existing methods have contributed significantly to stock prediction research,
they suffered from key limitations, such as reliance on either sentiment analysis or technical
indicators in isolation, limited datasets, or a lack of real-time adaptability. Our approach
addresses these gaps by introducing a dual-layered analytical framework that integrates
real-time sentiment analysis with technical indicators, particularly the RSI.

Unlike many previous studies that used small, static datasets, such as [19], which only
considered eight articles for sentiment analysis, our system leverages up to 100 financial
news articles in real time. This ensures a more comprehensive assessment of market
sentiment, making the analysis more robust and representative of market conditions.

Many studies have relied exclusively on sentiment analysis, without incorporating
technical indicators, as seen in [17,18]. While sentiment-based approaches can capture
market sentiment fluctuations, they often fail to account for price momentum and trend
strength. By integrating the RSI, our model compensates for this limitation, allowing us to
capture both market sentiment and technical market conditions simultaneously.

Existing models, such as the ESG-focused approach by [16], have often been restricted
to specific market subsets like the S&P 500. In contrast, our method is not industry-specific
and can be applied to various stocks across different sectors, increasing its adaptability.
Additionally, sentiment-based models that rely solely on daily news impacts, such as [14],
often struggle with short-lived predictive power. By incorporating technical analysis, our
hybrid model extends the predictive stability of sentiment-based signals, ensuring more
stable and actionable trading recommendations.

By combining qualitative (news sentiment) and quantitative (RSI) factors, our ap-
proach outperforms traditional single-layered models and provides a more holistic perspec-
tive on stock price movements, as shown in Table 1. This significantly improves prediction
accuracy, investment performance, and adaptability across diverse market conditions. Our
work extends the capabilities of existing stock prediction systems by integrating real-time
sentiment analysis with technical indicators, creating a more comprehensive and adaptive
framework. Unlike prior works that relied on small datasets, our system leverages up to
100 news articles, for a more robust sentiment assessment. By bridging the gap between
sentiment impact and trend analysis, our dual-layered approach enhances predictive accu-
racy and investment performance. Furthermore, while existing sentiment analysis-based
models have shown effectiveness, they often overlook price momentum, which we address
by incorporating the RSI. The flexibility of our model allows it to be applied across different
industries and market conditions, unlike sector-specific approaches such as ESG sentiment
analysis. This adaptability, coupled with a more stable prediction framework, positions our
model as an advancement over previous stock prediction techniques. By addressing the
shortcomings of earlier works and enhancing the synergy between sentiment and technical
analysis, our approach provides a robust, scalable, and high-precision stock prediction
system, with the potential to significantly improve investment decision-making.

Table 1. Comparison of stock prediction approaches, including our proposed model.

Sentiment Analysis

Study System/Technique Technical Indicators Used Key Difference/Contribution
Approach
- Identifies bullish /bearish signals in the
stock market
Sentiment Analysis (News, =~ News-based sentiment - Useful for forecasting future price move-
[10-12] . None
Blogs) analysis ments

- Limited effectiveness, due to short lifes-
pan of sentiment data




Electronics 2025, 14, 773

50f23

Table 1. Cont.

Study

System/Technique

Sentiment Analysis

Technical Indicators

Key Difference/Contribution

Approach Used
- Diagnoses overbought/oversold condi-
. . tions
[13] E;%mlcal Analysis (MA, None MA, RSI - Detects trend strength for trading tim-
ing
- Lacks external sentiment-based data
- High returns with daily sentiment data
[14] Deep-Learning-Based Sentiment analysis on None - High turnover required with daily
News Sentiment Analysis ~ financial news strategies
- Excludes technical indicators
. - Achieved high accuracy (up to 0.90) for
Integrated M odel with . . Historical stock data (not  forecasting
[15] News Sentiment + News sentiment analysis s . o 1
Historical Data specified) - Limited generalizability, due to a sma
number of companies
ESG Sentiment + ESG sentiment index - ESG sentiment improves prediction per-
(el Technical Indicators from news Multiple indicators formance
- Limited to S&P 500 dataset
[17] Market Sentiment Investor reviews and Not specified - Focuses on sentiment analysis without
Analysis news-based sentiment P technical indicators like RSI
Financial News Sentiment analysis on o - Similar sentiment analysis approach but
(18] Sentiment Model financial news Not specified does not incorporate RSI
- Integrates RSI with technical indicators
[19] Sentiment Analysis + Sentiment analysis based RSI SMA but lacks large-scale sentiment analysis
Technical Indicators on news ! - Used a small dataset of only 8 articles
for stock prediction
- Integrates the RSI with real-time senti-
ment analysis
Hybrid Sentiment + Real-time news . - Dual-layered, multi-dimensional ap-
Our Approach Technical Model sentiment analysis RSI for trend detection proach

- Uses up to 100 news articles for senti-
ment evaluation, improving robustness

3. Materials and Methods

We aimed to integrate sentiment analysis with conventional technical analysis, to
provide buy-and-sell recommendations in the stock market. We specifically propose an
algorithm that combines sentiment and technical analysis, to make buy-and-sell decisions
for stocks. The proposed model aims to assist investors in making well-timed decisions by
increasing the likelihood of buying or selling stocks at the optimal moment. Our system
classifies trading signals into categories such as strong buy, buy, neutral, sell, and strong
sell. These classifications are based not only on financial data, including open price, close
price, high price, low price, and volume, but also on sentiments extracted from corporate
news. The conceptual framework of the model is illustrated in Figure 1.

3.1. Input

Initially, the system receives a ticker (stock symbol) as input. A ticker is a unique
series of letters assigned to a security for trading purposes [20]. Stocks listed on the New
York Stock Exchange (NYSE) can have four or fewer letters. Nasdag-listed securities can
have up to five characters. For example, “AAPL” for Apple or “NVAX” for Novavax.
In addition, some stocks trade on the over-the-counter markets (OTCMKTS), which are
decentralized and not listed on formal exchanges like the NYSE or Nasdaq. OTC tickers
often indicate smaller or foreign companies and can vary in format. An example is “TSNP”
for HUMBL Inc., San Diego CA, USA.
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Ticker (Stock Symbol) Input

__________ FET LT

]
Company News

_______________ 1

Article Title
Data Collection

Publication
Dates
—
r ____1_ ___r._.._.T__.*:.__T.T_: _____
1 1 1 1
1 RSI (14-day) 1 1 1
: ! : Sentiment ! .
1 1 1 Score H Data Preprocessing
! RSI MA ! ! !
1 -
H (7-day) ! ! !
| IS -.L J 1 ] _———
. R 2 ,
Strong Buy / Buy / Neutral / Sell / Strong Sell

Decision Making

1 1
1 1
i 1
1 ; 1
: Recommendation :
1 1
! !

Report Output
(Date / Open Price / Close Price / RS/ RSI MA / Sentiment Score / News Count / Recommendation)

Figure 1. A conceptual framework for a rule-based stock trading recommendation system incorporat-
ing sentiment analysis and technical indicators.

3.2. Data Collection

Once the inputs have been provided, the system gathers two types of data: 1. stock
data and 2. news data. For stock data, the system retrieves historical information. For stock
data, the system retrieves daily opening and closing prices for the past two months, focusing
on the most recent 30 trading days to generate detailed reports. In this experiment, we
obtained U.S. stock data from Polygon.io (accessed on 9 January 2025) [21], using it as the
source for stock prices.

For news data, the system collects relevant articles (titles, descriptions, and publication
dates) from the past 7 days for each trading day. For example, for August 8, the system
gathers all news published between August 1 and August 8. In this experiment, we used a
news API to fetch news articles for the sentiment analysis. The API request was structured
as follows:

* APl Endpoint: (accessed on 9 January 2025) https:/ /newsapi.org/v2/everything [22]
e  APIParameters:

- q: Stock ticker symbol (e.g., “AAPL” for Apple)
- from: Start date for fetching news

- to: End date for fetching news

- sortBy: Sort by publication date

- language: Only fetch English news (en)

The output of the NewsAPI, as shown in Listing 1, is structured in JSON format and
contains three primary components: status, totalResults, and articles. The status field
indicates whether the API request was successful (e.g., “ok”), while totalResults provides
the total number of articles matching the query criteria.
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The articles field is an array of objects, where each object represents a single news

article. Each article contains key-value pairs, such as

source: Specifies the news source, including its id (if available) and name.
author: The author of the article.

description: A brief summary of the article.

url: The link to the full article.

urlToImage: The URL for an image associated with the article (if available).
publishedAt: The publication date and time in ISO 8601 standard [23].
content: The main content or excerpt of the article.

This hierarchical structure ensures that detailed information about each news item is

easily accessible and programmatically retrievable for analysis.

Listing 1. Sample JSON Output from NewsAPL

exclusively on news data as the primary source of sentiment analysis. While social media
sentiment can provide valuable insights, due to its pervasive influence on public opinion
and market dynamics, it is often highly subjective and emotionally driven [24,25]. This
subjectivity can introduce significant noise into the analysis, potentially affecting the
accuracy of the predictions [24]. By contrast, news articles are typically curated and adhere
to professional journalistic standards, offering a more consistent and factual representation
of market events [25]. This focus on news sentiment aligns with the system’s design

{

"status": "ok",

"totalResults": 2072,

"articles": [

{

"source": {

"id": "the-verge",

"name": "The Verge"

1,

"author": "Andrew Liszewski",

"title": "Apple's Sports app now tells you where you can watch
nationally broadcast games",

"description": "Apple's Sports app has been updated with broadcast

information for games and improved navigation letting you

quickly swipe between teams and league pages.",

"url": "https://www.theverge.com/2025/1/27/24353035/apple-sports -

app-ios-iphone-broadcast-information-where-to-watch",

"urlToImage": "https://cdn.vox-cdn.com/thumbor/
ssk31YCSGHe jHIObwmcbgqz6pSE=/cdn.vox-cdn.com/uploads/
chorus_asset/file/25848941/apple_sports2.jpg",

"publishedAt": "2025-01-27T17:32:12Z",

"content": "Apple's Sports app now tells you where you can watch

nationally broadcast games..."

To ensure the reliability and objectivity of the proposed system, this study relies

philosophy of operating on information that is as objective and reliable as possible.



Electronics 2025, 14, 773

8 of 23

3.3. Data Preprocessing

The data are processed through two parallel analyses: 1. technical stock analysis
and 2. sentiment analysis. Stock investment strategies can generally be divided into two
major approaches: technical analysis and fundamental or industry analysis [26]. These two
approaches complement each other, providing a comprehensive framework for making
informed investment decisions [27]. While technical analysis focuses on predicting future
price movements based on historical price patterns, industry analysis seeks to interpret
external factors and market sentiment to understand the underlying drivers of price fluctu-
ations. We combined the quantitative foundation of technical analysis with the qualitative
insights of news sentiment analysis, effectively addressing the limitations both methods
when used independently.

3.3.1. Technical Stock Analysis

The proposed algorithm leverages one of the key components of technical analysis
by incorporating the relative strength index (RSI) as its primary indicator. The relative
strength index (RSI) is defined as follows:

100
RSI =100 — (1+Rs) (1)

where . .
Average Gain over n periods

Average Loss over n periods

RS (2)
and 7 is typically set to 14 periods by default.

In the RS formula, the average gain is derived from the average of upward price
changes over a specified period, while the average loss represents the average of downward
price changes over the same period. Notably, the average loss is expressed as a positive
number, ensuring that RS is always greater than or equal to zero. As a result, RS ranges
from zero to infinity, while the RSI remains bounded within the range of 0 to 100 [28].

An RSI value above 70 typically indicates an overbought condition, signaling a po-
tential downturn, whereas a value below 30 suggests an oversold condition, indicating a
potential upward reversal. These thresholds help traders identify potential entry and exit
points in the market. The RSI’s bounded nature makes it particularly useful for comparing
the relative momentum between different stocks or assets. Furthermore, its reliance on
both gains and losses offers a balanced perspective, avoiding the bias inherent in analyzing
price movements in only one direction.

3.3.2. Sentiment Analysis

While the RSI effectively identifies trading opportunities based on price trends, it
cannot explain the root causes behind price movements [29]. To address this limitation,
the algorithm incorporates news sentiment analysis to account for external market influ-
ences and investor sentiment. The role of sentiment analysis in the algorithm involves
evaluating the emotional tone of market-related textual data, such as news articles. When
the news shows a predominance of positive sentiments, this indicates optimism in the
market, which may signal an upcoming upward trend. Conversely, if negative sentiment
dominates, this reflects pessimism and could suggest potential downward pressure on the
market [30].

For sentiment analysis, we use TextBlob [31], a natural language processing tool,
to assess the polarity of news articles. Polarity values range from —1 (most negative) to 1
(most positive), and for each 7-day period, the sentiment scores are averaged and scaled
between 1 and 100. This scaling ensures that a value of 50 is neutral, with higher values
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indicating positive sentiments and lower values indicating negative sentiments. TextBlob
processes stopwords by removing them during tasks such as tokenization and text cleaning.
Stopwords, such as “the”, “is”, “in”, and “and”, are common words that contribute little
meaning to the analysis. The tool uses a predefined stopword list from libraries like NLTK
to filter out these terms. While TextBlob does not specifically handle abbreviations unless
additional preprocessing steps are added, this was not necessary for our sentiment analysis

of news articles, since formal texts like news articles typically have fewer abbreviations [32].
¢  Polarity: Ranges from —1 (most negative) to 1 (most positive).

¢  Formula for Average Sentiment Score:

Y_Polarity of articles
Number of articles

Average Sentiment =

*  Sentiment Score Scaling: The system scales the average sentiment score to a value
between 1 and 100 for easier interpretation:

Scaled Sentiment = (Average Sentiment + 1) x 50

3.4. Decision-Making

Based on the RSI and sentiment score, the system generates buy—sell recommendations
for the 15 most recent trading days. The logic for these decisions is as follows:

e Strong Buy: If the sentiment score is above 70 (highly positive) and the RSI is below 30
(indicating oversold conditions), the system issues a “Strong Buy” recommendation.

*  Buy: If the sentiment score is above 50 (moderately positive) and the RSI falls between
30 and 50, the system issues a “Buy” recommendation.

*  Neutral: If the sentiment score is between 40 and 60, and the RSI also ranges between
40 and 60, the system issues a “Neutral” recommendation.

e Sell: If the sentiment score is below 50 (moderately negative) and the RSI is above 70
(indicating overbought conditions), the system issues a “Sell” recommendation.

*  Strong Sell: If the sentiment score is below 30 (highly negative) and the RSI is above
70, the system issues a “Strong Sell” recommendation.

The algorithm’s use of the RSI is guided by two foundational theories. The first is
Dow theory, which divides market movements into six distinct phases: accumulation,
uptrend, overheating, distribution, panic, and downtrend. The algorithm applies the RSI to
identify these phases and adjusts buy-sell recommendations accordingly [33]. For example,
during the overheating phase, the RSI signals indicate selling, while during the panic or
downtrend phases, the RSI signals suggest buying. The second is Granville’s investment
decision, which emphasizes that buying is most effective during panic or downtrend
phases, while selling is optimal during uptrend or overheating phases [34]. This aligns
closely with the RSI’s ability to identify overbought and oversold conditions, providing
clear guidance for the algorithm’s recommendations.

The complementarity of news sentiment analysis adds a qualitative layer to the
quantitative insights provided by the RSI. For example, if the RSI signals an oversold
condition, but the prevailing sentiment in the news is highly positive, the algorithm
considers the possibility of a potential upward reversal, suggesting a buy signal despite
the oversold condition. Conversely, if the RSI indicates an overbought condition, but the
news sentiment is highly negative, the algorithm accounts for the potential for downward
pressure and issues a sell recommendation. This integration ensures a more nuanced
understanding of market dynamics, reducing reliance on solely historical price patterns.
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The combined approach of integrating the RSI and news sentiment analysis allows
the algorithm to leverage both quantitative and qualitative data streams, creating a multi-
dimensional approach to stock recommendations. Quantitative insights from the RSI offer
precise buy-sell signals based on market trends and momentum. Qualitative insights
from sentiment analysis refine these recommendations by interpreting the emotional and
contextual factors behind market movements.

3.5. Output

For each of the last 30 trading days, the system generates a detailed report that includes
several key data points, as shown in Table 2.

Table 2. Key data elements in the report.

Data Elements

Date

The specific trading day being analyzed.

Open Price

The opening price of the stock on that day.

Close Price

The closing price of the stock on that day.

High Price

The highest price of the stock on that day.

RSI

The 14-day RSI for that day.

RSI Moving Average (RSI MA)

The 7-day moving average of the RSIL.

Sentiment Score

The overall sentiment score based on news articles from the preceding
7 days.

Number of News Articles

The number of news articles used for sentiment analysis.

Recommendation

The system’s recommendation for that day, whether Buy, Sell, Strong Buy,

Strong Sell, or Neutral.

The report is presented in a clear, human-readable format, summarizing all the key
data points for easy interpretation by the user, as shown in Listing 2. The Date represents
the specific trading day under review. The Open Price and Close Price indicate the stock’s
price at the market’s opening and closing, respectively, while the High Price reflects the
highest price reached during the day. The RSI is the 14-day relative strength index, a tech-
nical indicator used to identify overbought or oversold conditions. The RSI MA is the
7-day moving average of the RSI, smoothing out fluctuations for better trend analysis.
The Sentiment Score is derived from analyzing news articles from the previous seven days,
providing an overall market sentiment ranging from negative to positive. The Number
of News Articles indicates the volume of news data used for sentiment analysis. Finally,
the Recommendation reflects the system’s trading suggestion for that day, such as Buy,
Sell, Strong Buy, Strong Sell, or Neutral, based on the combined analysis of technical and
sentiment indicators.

Listing 2. System Input and Output for BABA.

$ python script_name.py~BABA

Date: 2025-01-17, Open: 83.20, High: 85.59, Close: 85.12, RSI:
50.79, RSI MA: 39.69, Sentiment Score: 54, News Count: 99,
Recommendation: Neutral

Date: 2025-01-16, Open: 82.02, High: 82.59, Close: 82.43, RSI:
40.97, RSI MA: 38.56, Sentiment Score: 54, News Count: 99,

Recommendation: Buy
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4. Results

To thoroughly evaluate the effectiveness of our proposed model, we designed and
conducted experiments aimed at providing a comprehensive assessment of its performance.
These experiments were structured to validate the model’s predictive accuracy and prof-
itability across a diverse set of conditions, including different stock subsets and multiple
time periods.

Our initial validation was conducted on a dataset comprising 95 U.S. stocks categorized
into large-cap, mid-cap, and small-cap groups. This backtest spanned a seven-week period,
from 11 September 2024, to 31 October 2024. While these results provided valuable insights,
the scope of the initial validation was limited to a single period and stock categorization.

To address these limitations and strengthen our analysis, we expanded the experi-
mental framework to include multiple time periods. Specifically, the model’s performance
was tested over two distinct intervals: 2 weeks and 1 month. These additional time frames
allowed for a more robust evaluation, capturing both short-term and medium-term market
behaviors. Furthermore, stocks were categorized based on market characteristics, such as
beta (high beta, medium beta, and negative beta). This comprehensive approach ensured
a deeper understanding of the model’s adaptability across various subsets of stocks and
time horizons.

4.1. Comparative Rate of Return Analysis

To validate our model’s predictive accuracy and profitability, we conducted a backtest
on a diverse set of 95 U.S. stocks, categorized by large-cap, mid-cap, and small-cap groups,
as shown in Table 3. This backtest covered a seven-week period from 11 September
2024, to 31 October 2024, using data sourced from Polygon.io [21] for stock prices and
NewsAPlLorg [22] to gather relevant news.

Table 3. List of tickers used in the experiment by market cap size.

Market Cap Size  Tickers

Large Cap (34) APPL, MSFT, NVDA, GOOGL, AMZN, META, LLY, TSM, AVGO, JPM, UNH, NVO,
TCEHY, XOM, PG, ABBV, ASML, IDCBY, MRK, CVX, AMD, CRM, RHHBY, HESAY,
TMUS, AZN, TM, LRLCY, TMO, PEP, ACGBY, ADBE, NVS, ACN

Mid Cap (30) QGEN, KEP, BWXT, SNX, ONTO, CHDN, ULS, BSAC, XP, FRT, MTCH, OLED, AUR,
GME, YMM, EVR, MTZ, SE, QRVO, GMED, GNRC, EXP, APA, TPX, BIO, LW, RGLD, GL,
CX, STN

Small Cap (31) BANR, VCEL, VSCO, VYX, MRVI, HC, SIMO, KMT, MIRM, MBIN, FLYW, OFG, CABO,
NATL, TALO, OMCL, PINC, BEAM, AGM, ADNT, SLNO, ASPN, SAH, SDHC, AG,
WSBC, CEPU, HI, PLUG, MODG, TRMK

To ensure that news data up to the previous day are reflected in our system, we
designed it to execute purchases at the next day’s opening price. This approach is based on
the observation that significant trading activity often occurs at the opening price following
major news releases, resulting in higher trading volumes during this period. By targeting
the opening price, we aim to capitalize on this increased liquidity, thereby reducing the
likelihood of unfilled orders. Research indicates that after-hours trading and overnight
news can significantly influence the opening price of a stock on the following day, leading
to notable price movements at market opening [35].

To evaluate our system, we simulated trades based on the recommendations gener-
ated by the system, employing a structured trading algorithm, as shown in Algorithm 1.
The algorithm dynamically adjusts positions to maximize returns, while managing risk.
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Algorithm 1 Trading algorithm
1: Start
2: if Signal is BUY or Strong BUY then
3:  Buy at the next day’s open price.
4:  while Signal remains BUY or Strong BUY do
5: if Open price is below the last buy price then
6: Buy additional shares.
7: end if
8: end while
9: end if
10: if Signal changes to Neutral or Lower then
11:  if Net profit > 1% then
12: Sell at the open price.
13:  else if Holding period > 14 days then
14: if Net profit > 0.25% then
15: Sell at the open price.
16: end if
17 end if
18: end if
19: End
Net Profit: The net percentage return from a trade, calculated as
Net Profit — (Selling Price — Average Purchase Price) < 100 3)

Average Purchase Price

Transaction costs, such as trading fees and potential slippage, are not accounted for in
this calculation.

Holding Period: The number of trading days since the initial purchase of a stock. If a
position is held for an extended period without reaching the primary profit target, a lower
threshold is applied to exit the trade.

The trading strategy follows a systematic approach to buying and selling stocks based
on sentiment signals and technical indicators. The trading rules are defined as follows:

*  Buy Strategy: When a “BUY” or “Strong BUY” signal appears, a purchase is made
at the next day’s open price. If the signal remains at “BUY” or “Strong BUY” in
subsequent days, additional purchases are only made when the open price falls below
the most recent purchase price.

. Sell Strategy: When a “Neutral” or lower signal (Neutral, Sell, Strong Sell) appears,
the stock is sold at the open price. However, for “Neutral” signals, a sale is only
executed if the net profit exceeds 1%.

* Holding Period Adjustment: If a stock is held for 14 days without reaching the 1%
target, the minimum profit threshold is adjusted to 0.25%, allowing a sale if the stock
gains at least 0.25% after the 14-day holding period.

The algorithm is designed to optimize trading performance by balancing profit-taking
with risk management. When a BUY or Strong BUY signal is triggered, an initial purchase
is made, with provisions for additional purchases under favorable conditions. The exit
strategy prioritizes securing profits, while preventing excessive holding periods. A stock is
sold once a Neutral or lower signal appears, provided that the profit threshold conditions
are met. The introduction of the 14-day holding rule ensures that capital is not locked into
unproductive positions, enabling a more dynamic trading approach.

This trading algorithm allowed us to measure performance in line with the system’s
recommendations, accurately reflecting the potential profitability and effectiveness of the
model’s signals. The rate of return (RoR) is a fundamental metric used to measure the
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performance of an investment over a specific period. It represents the percentage change in
the value of the investment, providing a standardized way to evaluate profitability or loss.
The formula for calculating the rate of return is as follows:

Final Value of Investment — Initial Value of Investment

Rate of Ret RoR) = 100 4
ate of Return (RoR) Initial Value of Investment % @)

where

*  Final Value of Investment: The value of the investment at the end of the specified
period, including any capital appreciation and realized gains.

e Initial Value of Investment: The value of the investment at the beginning of the
period.

*  Theresult is expressed as a percentage.

To provide an objective evaluation, we compared the performance of our model
against widely recognized benchmark indices, which are crucial for evaluating investment
strategies. Benchmark indices are not only formal measures of investment performance but
also serve as critical tools in constructing and assessing investment portfolios [36]. For this
purpose, we used prominent U.S. market indices, including the NASDAQ Composite Index
(COMP), the Dow Jones Industrial Average (DJIA), and the S&P 500 Index. The NASDAQ
Composite Index is ideal for assessing performance in technology-driven and high-growth
sectors. The DJIA focuses on large-cap stocks, offering a measure of stability and market
leadership, while the S&P 500 provides a comprehensive representation of the overall U.S.
equity market. Comparing our model against these indices offered an objective standard to
evaluate its profitability and predictive effectiveness.

An average return of 4.03% was achieved across 95 stocks, with a 5.10% increase
compared to the initial investment capital, based on a total purchase amount of $22,222.09
and a total sale amount of $23,355.92. This performance was also compared against the
COMP, DJIA, and S&P 500 indices, as shown in Table 4. The annualized rate of return for
our model over the period from 11 September 2024 to 31 October 2024 was 5.10%, compared
to 2.21%, 4.02%, and 2.72% for the DJIA, COMP, and S&P 500, respectively.

Table 4. Rate of return comparison with major market indices.

Metric DJIA coMP S&P 500 Our Model
ROR (%) 2.21 4.02 2.72 5.10

The RoR analysis presented in this study was based on the assumption that transac-
tions are executed using limit orders, which are designed to buy or sell stocks at a specified
price or better. This approach minimizes the impact of market slippage, as trades are only
executed under predefined price conditions. Consequently, market slippage is expected
to have a negligible effect on the system’s performance. However, we acknowledge that
transaction costs, such as brokerage fees, and risk-adjusted metrics, such as the Sharpe
ratio, are essential for providing a more comprehensive evaluation of the system. These
factors will be incorporated in future work, to enhance the robustness of the analysis and
offer a deeper understanding of the system’s real-world applicability.

This analysis demonstrates the model’s capability to generate returns that outperform
these benchmarks, underscoring its potential as a profitable investment tool.

4.2. Expanded Experimental Results

We conducted additional experiments to provide a more comprehensive evaluation
of the models predictive accuracy and profitability. These experiments were designed to
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test our approach across different subsets of stocks and multiple time periods, ensuring a
robust assessment of its performance under various market conditions.

To evaluate the adaptability of our model, stocks were categorized based on two criteria.

First, stocks were classified based on their market capitalization, a widely recognized
metric that categorizes companies by their total market value. This classification grouped
stocks into three categories: Large Cap, Mid Cap, and Small Cap, facilitating a comprehen-
sive evaluation of the model’s performance across different market segments. Large-cap
stocks represent companies with the highest market capitalization, often associated with
stability and lower volatility, due to their established market presence and significant
resources [37]. These firms generally include industry leaders with substantial market
share. In contrast, mid-cap stocks comprise companies with moderate market capitalization.
These businesses are typically in a growth phase, offering a balance between the stability of
large-cap stocks and the growth potential of smaller firms, though they may carry higher
risks [38]. Small-cap stocks, characterized by the smallest market capitalizations, are often
associated with emerging companies or niche market players. These stocks exhibit higher
volatility but also present substantial growth potential, appealing to investors seeking
significant returns in exchange for elevated risks [39]. This cap-size-based categorization
ensured a thorough evaluation of our model’s performance across diverse market segments.
It captured the varying risk-return profiles and behavioral dynamics characteristic of dif-
ferent capitalization tiers. By analyzing results within these categories, the study aimed to
identify patterns and trends that enhance the applicability and robustness of the model in
distinct market contexts.

Second, stocks were grouped by beta size into high-beta (3 > 1), medium-beta
(0 < B < 1), and negative-beta (B < 0) categories. In finance, the beta coefficient (B) measures
the sensitivity of a security’s returns to movements in the overall market. It quantifies the
extent to which a particular asset’s price fluctuates in response to market changes, serving
as an indicator of the asset’s systematic risk relative to the market [40]. Mathematically, beta
is calculated through regression analysis, where the returns of the security are regressed
against the returns of a market benchmark, such as the S&P 500 Index. The formula for
beta is given as

_ Cov(R;,Ry)
b= Var(Ry,)

where

e Cov(R;, Ry,) represents the covariance between the returns of the security (R;) and the
market returns (Ry,).
*  Var(Ry,) denotes the variance of the market returns.

Covariance measures how two variables move together, while variance quantifies the
dispersion of a set of numbers. Beta, derived from these metrics, measures a security’s
sensitivity to market movements and can be classified into three categories:

1.  Beta < 0: Securities with a beta less than or equal to 0 exhibit an inverse relationship
with the market.

2. 0 < Beta < 1: Securities in this range demonstrate lower volatility relative to the mar-
ket.

3.  Beta > 1: Securities with a beta greater than or equal to 1 exhibit higher volatility
compared to the market.

This classification framework facilitates a nuanced analysis of performance across
varying levels of market volatility and sensitivity, enabling informed investment decisions.
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The time periods selected for backtesting included two weeks and one month, with the
end date set as 24 January 2025. Selecting appropriate time frames for backtesting is
crucial for evaluating the effectiveness of trading strategies. For short-to-midterm trading
strategies, which involve holding positions for a few days to several weeks, backtesting
over periods of several weeks to a few months is generally considered sufficient [41].
This duration allows traders to assess how their strategies perform across various market
conditions, without overfitting to a specific time frame. By focusing on these two distinct
periods, the analysis captured the performance of the model under different temporal
conditions, while maintaining a practical testing framework.

To evaluate the performance of our stock recommendation algorithm, we utilized the
following metrics:

*  Mean (Average Return): The central tendency of the rates of return (RoR) across the
selected stocks or groups.

*  Median: The midpoint of the RoR data, indicating the typical return, while minimizing
the influence of outliers.

¢ Standard Deviation: A measure of variability, reflecting the dispersion of RoR values
around the mean.

*  Minimum and Maximum: The lowest and highest returns observed, highlighting the
extremes in performance.

*  95% Confidence Interval: The range within which the true mean RoR is expected to
lie, with 95% certainty.

*  Coefficient of Variation (CV): The ratio of standard deviation to the mean, expressed
as a percentage, indicating the relative variability in returns.

¢  Skewness: A metric of asymmetry in the return distribution, indicating potential
biases toward gains or losses.

e  Kurtosis: A measure of the tailedness of the RoR distribution, identifying the preva-
lence of extreme outcomes.

*  Accuracy: The accuracy metric is calculated as the percentage of predictions, where
the predicted direction of the rate of return (positive or negative) matches the actual di-
rection.

In addition to analyzing these metrics, we further benchmarked the algorithm’s
performance against relevant market indices. By doing so, we assessed not only the
algorithm’s standalone performance but also its relative effectiveness compared to broader
market trends.

4.2.1. Performance Analysis by Cap Size

The cap size experiment aimed to evaluate the stock trading recommendation system’s
performance across three categories of stocks: Large Cap, Mid Cap, and Small Cap. Table 5
lists the stock tickers grouped by their market capitalization, providing the basis for
this analysis. Figure 2a,b display the scatter plots of RoR for the 2-week and 1-month
experimental periods, respectively. These visualizations highlight the distribution of returns
and help identify trends in each cap size group. Additionally, Tables 6 and 7 present detailed
summary statistics, including mean, median, standard deviation, and accuracy metrics for
each group. Lastly, Table 8 compares the system’s performance with benchmark indices.
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Table 5. Ticker grouping by cap size.

Cap Size  Tickers
Large Cap NVDA, AAPL, MSFT, AMZN, GOOG, META, TSLA, AVGO, TSM, WMT
Mid Cap  NICE, LKQ, BIO, RBC, WPP, UWMC, NBIS, BRBR, MGM, DBX
Small Cap INTR, APLD, BTE, FINV, OFG, ATRC, FL, HSAI, AGIO, PRM
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(b) One-month experiment by cap size.

Figure 2. Side-by-side comparison of RoR scatter plots for 2-week and 1-month experiments by

cap size.

Table 6. Detailed summary statistics and accuracy for cap size groups (2-week testing results).

Group Mean Median Std Dev Min Max 95% CI CV (%) Skewness  Kurtosis Aci;r)acy
Overall 4.76 471 4.65 —4.85 20.00 [3.14, 6.37] 97.69 0.68 —-0.32 85.71
Large Cap 3.28 2.88 2.05 —4.85 7.05 [2.00, 4.56] 62.50 0.50 —0.83 83.33
Mid Cap 3.64 2.63 4.38 —293 10.05 [1.00, 6.27] 120.33 0.51 —0.88 80.00
Small Cap 7.36 7.95 6.38 —2.28 20.00 [4.06, 10.65] 86.70 0.67 —-0.29 91.67
Table 7. Detailed summary statistics and accuracy for cap size groups (1-month testing results).
Group Mean Median Std Dev Min Max 95% CI CV (%) Skewness Kurtosis Ac?;r)acy
Overall 4.45 3.84 4.64 —7.70 16.01 [2.93,5.97] 104.27 0.68 —0.28 81.63
Large Cap 4.16 3.32 3.12 —4.23 10.94 [2.86, 5.45] 75.00 0.56 —0.91 85.00
Mid Cap 2.27 3.08 4.32 —7.70 6.95 [0.01, 4.54] 190.31 —0.85 1.19 66.67
Small Cap 6.91 5.26 6.07 —3.38 16.01 [4.28,9.54] 87.83 0.81 —-0.12 90.00
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The overall mean RoR for the 2-week period was 4.76%, with Small Cap stocks
achieving the highest mean RoR of 7.36%. Large Cap and Mid Cap stocks exhibited mean
RoRs of 3.28% and 3.64%, respectively. These results align with the higher volatility and
growth potential typically associated with Small Cap stocks, which often yield higher
returns during favorable market conditions. In contrast, Large Cap stocks showed more
stability, reflected in their lower mean RoR but tighter clustering in the scatter plots. Mid
Cap stocks, positioned between these two extremes, exhibited moderate performance.
For the 1-month period, the overall mean RoR slightly decreased to 4.45%. Small Cap
stocks continued to lead, with a mean RoR of 6.91%, while Large Cap stocks demonstrated
consistent performance, with a mean RoR of 4.16%. Mid Cap stocks underperformed during
this period, with a mean RoR of only 2.27%. The scatter plots for this period illustrate the
greater dispersion in returns for Small Cap stocks, indicative of their high-risk, high-reward
nature. Large Cap stocks showed tighter clustering, reinforcing their reputation for stability
and reliability. The system’s accuracy across cap sizes varied significantly. During the
2-week period, Small Cap stocks achieved the highest accuracy at 91.67%, followed by
Large Cap stocks at 83.33%, and Mid Cap stocks at 80.00%. Over the 1-month period,
the accuracy for Small Cap stocks decreased slightly to 90.00%, while Large Cap stocks
improved to 85.00%. Mid Cap stocks had the lowest accuracy across both periods, with
a 66.67% accuracy in the 1-month period, suggesting potential areas for refinement in the
system’s predictive capabilities for this category.

Table 8. Comparison of mean RoR for cap size groups and benchmarks (2-week and 1-month
testing results).

Category Mean RoR (2-Week, %) Mean RoR (1-Month, %)
Overall 476 445
Large Cap 3.28 4.16
Mid Cap 3.64 2.27
Small Cap 7.36 6.91
COMP 3.49 1.36
DJIA 4.79 0.40
S&P 500 3.97 1.10

When comparing the system’s performance to benchmark indices, the results were
consistently favorable. During the 2-week period, the system’s mean RoR of 4.76% exceeded
the performance of the COMP (3.49%), DJIA (4.79%), and S&P 500 (3.97%). For the 1-month
period, the system’s overall mean RoR of 4.45% significantly outperformed the COMP
(1.36%), DJIA (0.40%), and S&P 500 (1.10%). These results underscore the system’s ability
to generate superior returns compared to traditional market indices, regardless of the
time frame.

The findings demonstrate that our stock trading recommendation system performed
effectively across all cap size categories, with particularly strong results for Small Cap
stocks. The system consistently outperformed benchmark indices in both the 2-week and
1-month periods, highlighting its robustness in diverse market conditions. The observed
patterns align with the typical risk-return profiles of different cap sizes, where Small
Cap stocks provide the highest potential for returns but exhibit greater variability, while
Large Cap stocks deliver stable and reliable performance. However, the relatively low
performance and accuracy for Mid Cap stocks suggest that further optimization may be
needed to improve predictions for this category. Overall, the results affirm the system’s
ability to deliver strong investment outcomes across varying market segments.
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4.2.2. Performance Analysis by Beta Sensitivity

The results from the two-week testing period highlight important trends and im-
plications regarding the model’s effectiveness and the characteristics of each beta group.
The stock data used for this analysis comprised a diverse selection of 30 U.S. stocks, evenly
distributed across three beta categories: high beta (8 > 1), medium beta (0 < g < 1),
and negative beta (8 < 0), as shown in Table 9. Stocks in each category were carefully
chosen to represent varying levels of market volatility and responsiveness. High beta
stocks included well-known companies like NVIDIA (NVDA), Tesla (TSLA), and Amazon
(AMZN), which are typically more volatile and sensitive to market trends. Medium beta
stocks included companies such as Microsoft (MSFT), Walmart (WMT), and Procter &
Gamble (PG), known for their stability and moderate correlation with the market. Negative
beta stocks included Zoom (ZM), Biogen (BIIB), and TAL Education Group (TAL), which
exhibit inverse relationships with the market, often acting as hedges during downturns.
This categorization ensured a robust evaluation of the model’s performance across varying
market dynamics and stock characteristics.

Table 9. Ticker grouping by beta size.

Beta Category Tickers

High Beta (8 > 1) NVDA, AAPL, AMZN, META, TSLA, AVGO, TSM, JPM, ORCL,
MA

Medium Beta (0 < 8 < 1) MSFT, GOOG, WMT, LLY, V, UNH, XOM, COST, PG, NVO

Negative Beta (8 < 0) ZM, BIIB, BEKE, ALAB, SMMT, ZTO, LINE, RBRK, MDGL, TAL

Figure 3 presents the scatter plots for the 2-week and 1-month testing experiments. Each
data point in the scatter plots represents the RoR for an individual stock within the defined
beta groups. The scatter plots highlight the variability in RoR across the beta categories for
both testing durations. The 1-month experiment featured a larger dataset, reflecting the
extended market exposure. Tables 10 and 11 summarize the detailed statistics for each beta
group and the overall dataset for the 2-week and 1-month experiments, respectively.

Table 10. Detailed summary statistics and accuracy for overall and beta groups (2-week
testing results).

Group Mean Median Std Dev Min Max 95% CI CV (%) Skewness  Kurtosis Aci};r)acy
Overall 417 2.90 4.38 —4.85 18.60 [2.77,5.57] 105.00 1.02 1.57 91.67
High Beta 4.46 292 5.65 —4.85 18.60 [0.66, 8.25] 126.71 1.17 2.16 90.91
Medium Beta 3.14 2.79 2.27 —0.06 8.03 [1.77,4.51] 72.28 0.82 —0.09 92.31
Negative Beta 5.02 4.08 4.93 —2.25 16.60 [1.89,8.15] 98.12 0.90 0.66 91.67
Table 11. Detailed summary statistics and accuracy for overall and beta groups (1-month testing results).
Group Mean Median Std Dev Min Max 95% CI CV (%) Skewness  Kurtosis Aci;r)acy
Overall 3.61 3.09 4.08 —5.70 14.38 [2.53,4.68] 113.02 0.95 1.05 89.74
High Beta 4.55 3.84 3.73 —4.23 14.38 [3.09, 6.01] 82.00 1.73 2.77 95.24
Medium Beta 1.92 1.70 2.39 —4.23 7.64 [0.70, 3.14] 124.48 —0.47 -0.72 83.33
Negative Beta 3.36 3.34 471 —5.70 14.28 [1.21,5.51] 140.18 0.63 0.06 88.24
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Figure 3. Side-by-side comparison of RoR scatter plots for 2-week and 1-month experiments.

For the 2-week experiment, the overall mean RoR was 4.17%, with the High Beta
group achieving the highest mean RoR of 4.46%. Negative Beta stocks showed the greatest
variability, with a standard deviation of 4.93%, but also recorded the highest accuracy at
91.67%. In the 1-month experiment, the overall mean RoR decreased to 3.61%, indicating
a decline in returns over the extended period. The High Beta group maintained the
highest mean RoR at 4.55% and achieved the highest accuracy of 95.24%, demonstrating
consistent performance, despite the longer timeframe. The mean RoR for High Beta
stocks improved slightly from 4.46% in the 2-week experiment to 4.55% in the 1-month
experiment, while the Medium Beta group experienced the largest decline, with its mean
RoR dropping from 3.14% to 1.92%. In terms of risk, Negative Beta stocks displayed the
highest volatility, as indicated by their CV of 140.18% in the 1-month test. Despite this, High
Beta stocks consistently delivered higher returns than Medium Beta stocks. Our system
demonstrated robust predictive accuracy, achieving over 89% accuracy across all groups in
both experiments. The highest accuracy was observed in the High Beta group during the
1-month experiment, underscoring the algorithm’s effectiveness in predicting returns for
volatile stocks.

Table 12 compares the performance of the beta groups against major market bench-
marks. The benchmarks delivered significantly lower returns during the 1-month period
compared to the beta groups. The High Beta group consistently outperformed all bench-
marks, suggesting that high-beta stocks, while riskier, provided superior returns during the
test period.
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Table 12. Comparison of mean RoR for beta groups and benchmarks (2-week and 1-month
testing results).

Category Mean RoR (2-Week, %) Mean RoR (1-Month, %)
Overall 417 3.61
High Beta 4.46 4.55
Medium Beta 3.14 1.92
Negative Beta 5.02 3.36
comp 3.49 1.36
DJIA 4.79 0.40
S&P 500 3.97 1.10

The beta group categorization effectively highlights differences in performance, volatil-
ity, and prediction accuracy. High Beta stocks consistently outperformed benchmarks,
making them an attractive option for investors seeking higher returns despite increased
risk. These findings validated the robustness of our system across varying market con-
ditions and time periods, emphasizing the value of combining technical analysis with
sentiment-based predictions.

5. Conclusions

This study introduced a stock trading recommendation system that integrates sen-
timent analysis with technical indicators to generate actionable buy—sell recommenda-
tions. By combining seven days of financial news sentiment analysis with the RSI, the pro-
posed system bridges the gap between traditional technical analysis and modern NLP
techniques. Its computational efficiency and accessibility make it a highly practical tool
for individual investors, operating effectively, without requiring high-end hardware or
complex infrastructure.

The experimental results validated the system’s robustness and effectiveness across
diverse market conditions. During the initial testing phase, the system achieved an average
return of 4.03% across 95 stocks, representing a 5.10% increase in initial investment capital.
The system consistently outperformed major market indices, including the COMP and S&P
500, demonstrating its ability to generate superior returns. In the market-cap-based classifi-
cation experiment, the system demonstrated strong predictive performance, achieving an
overall mean RoR of 4.76% (2-week) and 4.45% (1-month). Small Cap stocks performed
best with 7.36% and 6.91%, while Large Cap stocks showed stability at 3.28% and 4.16%,
and Mid Cap stocks underperformed in the 1-month period (2.27%). Accuracy was highest
for Small Cap stocks (>90%), with Mid Caps showing greater variability. Compared to
the benchmarks, the system’s 4.76% RoR (2-week) was slightly below DJIA (4.79%) but
exceeded the COMP (3.49%) and S&P 500 (3.97%). Over 1 month, it significantly outper-
formed all indices, reinforcing its robustness and adaptability across stock categories. In a
subsequent beta-based classification experiment, the DJIA index marginally outperformed
the system in the 2-week period (4.79% vs. 4.17%), but High Beta stocks consistently led
returns (4.46% and 4.55% over the 2-week and 1-month periods, respectively), surpassing
all benchmarks. Negative Beta stocks showed high variability but strong returns, while
the overall performance declined over the 1-month period (3.61%), reflecting short-term
market momentum. Despite this, the system maintained over 89% accuracy, peaking at
95.24% for High Beta stocks, reinforcing its ability to capture high-return opportunities.
Compared to the benchmarks, the system demonstrated superior predictive capability,
validating its integration of sentiment-based and technical indicators.

This system offers significant value for individual investors by providing an automated
and user-friendly solution for optimizing short-term trading decisions. By leveraging real-
time sentiment analysis and technical indicators, it enables investors to make data-driven
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decisions based on both quantitative and qualitative insights. The reliance on financial news
data ensures objectivity, as news articles are typically curated and adhere to professional
journalistic standards [25]. Unlike social media, which can be noisy and overly subjective,
news data provide a consistent and reliable foundation for sentiment analysis, aligning
with the system’s design philosophy of minimizing bias.

The practical applications of this system are vast. Individual investors can implement
it as part of their trading strategy by integrating it with widely available APIs from financial
data providers and sentiment analysis tools. Its lightweight design ensures accessibility,
even for investors without access to sophisticated trading platforms. Additionally, this
system has the potential to be integrated into brokerage platforms, offering actionable
insights directly within trading interfaces. For instance, personalized features such as
customizable alert thresholds for sentiment shifts or RSI signals could further enhance its
usability and alignment with investors” preferences.

Beyond individual investors, the system has broader implications for financial market
analysis. The combination of sentiment analysis and technical indicators has been shown
to provide complementary insights, improving the overall predictive power of trading
systems [42]. By incorporating both short-term price patterns and real-time sentiment,
the proposed system captures both market psychology and technical trends, making it
especially effective in volatile or uncertain markets.

In conclusion, the proposed system addresses a critical demand for accessible and
reliable trading tools that empower individual investors to navigate complex markets. Its
lightweight design, high accuracy, and adaptability to diverse market conditions position it
as a valuable tool for short-term trading strategies.

6. Future Work

While the proposed system demonstrates strong potential and practical value, it
has certain limitations that provide opportunities for further research and development.
Currently, the system is tailored for short-term investment strategies and does not ex-
plicitly incorporate long-term performance indicators such as earnings, revenue growth,
or macroeconomic trends. Additionally, external factors like global events, policy changes,
and unexpected market volatility are not fully addressed, which could impact the system’s
applicability to long-term investment scenarios.

Future iterations of the system will focus on integrating both short-term and long-term
investment considerations. This includes incorporating fundamental financial metrics,
macroeconomic data, and mechanisms, to manage external influences effectively. To en-
hance its robustness, future developments will explore risk management features such as
stop-loss orders and portfolio diversification strategies, broadening the system'’s applicabil-
ity across various investment horizons.

Bias mitigation in sentiment analysis is another area for improvement. The current
approach aggregates sentiment scores from up to 100 articles sourced from diverse outlets,
reducing the impact of individual biases. However, eliminating biases entirely remains
challenging. Future work will involve integrating source reliability metrics and weighting
sentiment scores based on outlet credibility. Advanced techniques, such as de-biasing
algorithms and cross-regional news sampling, will be explored to further improve the
fairness and robustness of sentiment analysis.

In summary, future advancements will aim to enhance the system’s versatility by
addressing its current limitations and expanding its functionality. These improvements
will make the system suitable for a broader range of investment strategies, empowering
investors with a more comprehensive and reliable decision-making tool.
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