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Abstract
In this study, machine intelligence was applied to predict stock prices of over-the-counter products and to
compare the performance of traditional learning models. The research aimed to assess the effectiveness of
these stocks and examine various influencing factors such as profitability, trading volume, and market
sentiment. Model inferences were evaluated by combining historical stock price data, sentiment analysis,
and profitability metrics. The results show that long short-term memory models outperformed traditional
models in accuracy, precision, recall, and profitability, achieving a 9.5% average monthly return and a
Sharpe ratio of 2.1. Moreover, the introduction of machine intelligence models increased trading volume,
demonstrating their impact on trading activity. Both sentiment analysis and stock price movements
exhibited a strong correlation. Overall, the findings indicate that long short-term memory-based deep
learning models outperform traditional methods in prediction and profitability within the over-the-
counter stock markets, with significant implications for trading strategies.
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Introduction
Integrating machine intelligence into financial markets, for instance, for predicting stock prices and
enhancing trading strategies, has become increasingly important. Accurate prediction models for stock
prices of over-the-counter (OTC) products are crucial because such products represent a large segment of
the global financial markets and can therefore benefit traders, investors, and institutions alike. Traditional
stock price forecasting methods, such as statistical models and technical analysis, have had limited
success in understanding and capturing the more complex patterns and dynamics exhibited by stock
prices. Since these markets are heavily influenced by factors like economic trends, company performance,
and market sentiment, traditional predictive modeling approaches often struggle to adapt to flux
environment [1].

Machine learning techniques have rapidly developed, promising significant improvements in stock price
prediction based on their accuracy and efficiency [2]. These models excel when working with large
datasets, uncovering hidden patterns, and making predictions based on past data. Among various machine
learning methods, deep learning models, especially long short-term memory (LSTM) networks, have
demonstrated outstanding capabilities. LSTM is particularly well-suited for sequential data because it can
capture trends, volatility, and other nuances that would be inaccessible through normal methods, and it
does so with an unbounded ability to remember [3].

In this study, machine intelligence is employed to forecast stock prices for OTC products, comparing
multiple models to maximise profitability and usefulness. We focus on models like LSTM, which broaden
our understanding of the potential for these techniques to improve forecast accuracy for stock pricing. The
study also assesses the models based on trading volume, profitability, and market risk, and finally
quantifies their applicability to real-world conditions.

The increasing complexity of available data creates an imperative to find new forecasting methods. By
integrating multiple information sources, such as stock prices, market sentiment, and economic
indicators, with machine learning techniques, we can achieve more accurate and reliable predictions.
Furthermore, this study focuses on the implications of machine intelligence for trading strategies and
market behavior. It aims to quantitatively determine to what extent external factors influence stock prices
and whether incorporating sentiment analysis, which measures the emotional tone of market news, social
media, and reports, can improve predictions [4].

The research also examines how combining machine intelligence can be leveraged to benefit trading
strategy profitability. Machine learning models can optimize the entire trading strategy by considering
risk management, market sentiment, and other variables along with price predictions. This comprehensive
approach aims to provide a clearer picture of how machine intelligence can change trading in the OTC
markets and provide a more effective way to control financial risk [5].

1 2

Cureus Journal of Computer Science 
Open Access Original Article

How to cite this article
Kumar R, Mann R S (September 25, 2025) Use of Machine Intelligence in Over-the-Counter Products in Stock Market. Cureus J Comput Sci 2 :
es44389-025-07856-0. DOI https://doi.org/10.7759/s44389-025-07856-0

https://doi.org/10.7759/s44389-025-07856-0
https://cureusjournals.com/users/26213-dr-raman-kumar
https://cureusjournals.com/users/60640-ravinder-s-mann-
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)


Our study advances the growing literature on the interplay between machine learning and financial
markets by leveraging modern algorithms in the prediction of stock prices and analysis of the markets.
This research bridges the gap between novel theoretical advances in machine intelligence and their
practical use in financial decision-making by evaluating performance and implications from both
technical and real-world perspectives [6].

Research gap
We made significant strides, with little exploration of the extent to which these are applied to OTC stock
price prediction. Most of the current literature regarding stock price prediction has focused on financial
models or high-frequency trading, and there tends to be a black hole in the understanding of how machine
intelligence models (especially LSTM networks) can improve stock price predictions for OTC products.
Additionally, very little has been focused upon the co-operation among predictive accuracy, trading
volume, and sentiment analysis in OTC stock markets; hence, there is still a material promise between
these segments for enhanced market forecasting and trading strategies. An architecture of OTC stock
price prediction is depicted in Figure 1.

FIGURE 1: Architecture for OTC Stock Prediction
OTC, Over the Counter

Conceptual framework
In this research, the conceptual framework of integrating machine learning models with market sentiment
analysis is used to predict OTC stock prices. This framework consists of using historical stock price data to
build predictive models essentially using some machine learning algorithms and sentiment analysis on
market reports. LSTM networks are the models included. Then, the performance of these models in
predicting stock prices is tested for their accuracy, and then we evaluate their impact in predicting trading
volume, profit, and risk. Also, sentiment analysis acts as another form of analyzing the market to
understand the emotional tone of market discussions to be used in refining stock price predictions further.
Using multiple data sources, this framework aspires to supply a more total way to forecast OTC stock price

Cureus Journal of Computer Science

2025 Kumar et al. Cureus J Comput Sci 2 : es44389-025-07856-0. DOI https://doi.org/10.7759/s44389-025-07856-0 2 of 11

javascript:void(0)
javascript:void(0)
https://assets.cureusjournals.com/artifacts/upload/figure/file/31233/lightbox_ca58a570939611f0a410cd09d547ebf8-Figure-1_v1_X-Design.png


[7].

Hypothesis
Hypothesis 1: The models will perform best in the following order for OTC stock price prediction:
accuracy, precision, and profitability.

Hypothesis 2: The OTC stock prediction will lead to increased trading volume, demonstrating their
influence on market behavior and liquidity.

Hypothesis 3: Incorporating external market sentiment into machine learning models using sentiment
analysis would immensely improve the accuracy of stock price predictions.

Materials And Methods
Research investigation methods
The methodology of trading products study involves several stages: Using data collection, model selection,
model evaluation, profitability and risk assessment, trading volume analysis, and sentiment analysis. The
design was such that each stage yielded meaningfully complete insights regarding the predictive accuracy,
profitability, and impact of varying machine intelligence models on the stock price forecasting [8].

Data Collection and Preprocessing

In this study, historical stock prices of OTC products were used as data, along with external factors such as
economic indicators, news sentiment, and market sentiment. Preprocessing steps included data cleaning,
normalization, and integration of sentiment analysis results from market reports and news articles related
to OTC products. These steps ensured that the data was consistent, complete, and ready for analysis [9].

Model Selection

As a simple baseline for comparison [10], we chose logistic regression (LR) because it has proven to be very
efficient for binary classification tasks. Support vector machine (SVM) was included because it is effective
in high-dimensional spaces and nonlinear classification. Finally, LSTM was chosen for its ability to model
sequential data and capture long-term dependencies in time series - features well-suited for stock price
forecasting [11].

Model Training and Evaluation

Based on these criteria, we selected metrics to assess both the predictive power and reliability of each
model in forecasting stock prices [12]. Additionally, LSTM was assessed in terms of training time,
prediction time, and error distribution to determine its computational efficiency and performance
compared to other models. The implementation of LSTM model is demonstrated in Figure 2.
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FIGURE 2: Implementation of LSTM Model
LSTM, Long Short-Term Memory

Profitability and Risk Assessment

Average monthly returns, maximum drawdown, and the Sharpe ratio were used to assess the profitability
of machine intelligence models in stock trading in order to evaluate their real-world applicability. In
particular, the Sharpe ratio allowed for the evaluation of risk-adjusted returns - an important aspect of
analyzing the financial implications of investment strategies [13].

Trading Volume Analysis

Next, the impact of AI models on trading volume was analyzed. The findings helped determine how the
adoption of machine learning models affects market dynamics and liquidity, as well as the broader
repercussions of AI in financial markets [14].

Sentiment Analysis

Sentiment analysis was performed to determine how strongly stock price movement was influenced by
market sentiment. Natural language processing tools were applied to news articles, social media, and
market reports in order to distill market sentiment. In this method, we have chosen to investigate how
different external factors, such as consumer public opinion and media coverage, impact stock prices and in
doing so obtain information that is not captured by standard financial models.

Software and tools used
Industry-standard software for data management and analysis was used for data preprocessing, shading,
and normalizing the data. Widely used machine learning libraries provided functionality to implement
and tune the selected models. Sentiment analysis was performed on textual data from various sources
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related to different OTC products. Key profitability metrics, including average monthly return, Sharpe
ratio, and maximum drawdown, were computed automatically using specialized statistical software to
ensure accurate and efficient financial analysis [15].

Care was taken to select each method to address specific research objectives. A combination of traditional
SVM and LSTM models was used to evaluate their effectiveness in predictive accuracy and suitability for
forecasting stock prices, respectively. These metrics measure profitability and risk in real-world trading
involving machine intelligence. Sentiment analysis completes the circle of financial modeling by
quantifying the effect of what is often omitted in traditional financial modeling - external factors.

Results And Discussion
Highly accurate prediction and profitability have been demonstrated in the application of machine
intelligence to predict stock prices for OTC products. Below, we discuss the results, including model
evaluations, profitability analysis, and trading volume impacts.

Accuracy of machine intelligence models for OTC stock price
predictions
In Table 1, we compare models for OTC stock price prediction. Using a deep learning approach with the
LSTM model, we improved various performance metrics compared to LR, random forest (RF), and SVM,
achieving accuracies of 90.2%, 88.5%, and 89.8%, respectively.

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Logistic Regression 78.5 75.2 76.8 76.0

Random Forest 85.3 83.4 84.5 83.9

Support Vector Machines 82.1 80.6 81.0 80.8

Long Short-Term Memory (Deep Learning) 90.2 88.5 89.8 89.1

TABLE 1: Accuracy of Machine Intelligence Models for OTC Stock Price Predictions
OTC, Over the Counter

Comparison of model performance metrics for OTC stock price prediction shows that deep learning
models like LSTM outperform traditional machine learning models.

Trend comparison of actual vs. predicted stock prices using LSTM
In Figure 3, the trend of actual and predicted stock prices over 30 days is compared using the LSTM model.
The figure shows near-zero deviation, demonstrating the high feasibility of the LSTM model for
forecasting OTC stock prices.
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FIGURE 3: Trend Comparison of Actual vs. Predicted Stock Prices Using
LSTM
LSTM, Long Short-Term Memory

Predicted vs. actual stock prices for OTC products using the LSTM model over a test period of 30 days. The
LSTM model closely tracks the actual stock prices, showing minimal deviation.

Profitability gains using machine intelligence models
In Table 2, the profitability gains from different investment strategies, as shown by machine intelligence
models, are compared. The deep learning-based LSTM approach outperforms others, achieving the highest
average monthly return of 9.5%. Furthermore, the LSTM model exhibits a relatively lower maximum
drawdown, indicating reduced risk and higher risk-adjusted returns.

Investment Strategy Average Monthly Return (%) Maximum Drawdown (%) Sharpe Ratio

Traditional Statistical Model 5.2 -8.3 1.1

Machine Learning (Random Forest) 7.8 -6.2 1.6

Deep Learning (Long Short-Term Memory) 9.5 -4.7 2.1

TABLE 2: Profitability Gains Using Machine Intelligence Models

Comparison of investment strategies using machine intelligence models demonstrates higher profitability
and lower risk for OTC products with deep learning approaches.

Prediction error distribution for different models
Figure 4 displays the error distribution of predictions from different models: RF, SVM, and LSTM. The
LSTM model has the smallest prediction error, as confirmed by the narrowest spread in its error
distribution, indicating the highest prediction accuracy compared to RF and SVM.
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FIGURE 4: Prediction Error Distribution for Different Models
ARIMA, Autoregressive Integrated Moving Average; LSTM, Long Short-Term Memory; MLP, Multi-Layer Perceptron

Error distribution for machine intelligence models highlights that the LSTM model has the smallest
prediction errors compared to RF and SVM.

Impact of machine intelligence on trading volume for OTC products
Table 3 points out the growth in trading volume for OTC products after machine intelligence models were
incorporated. AI (artificial intelligence, or other similar)-based models like RF, LSTM (a type of LSTMs), or
almost any AI model have been particularly instrumental in the rise of trading across all quarters with
roughly 33.3% increase of activity in Q2.

Time Period Without AI Trading Volume (in Million Units) With AI Trading Volume (in Million Units) % Change

Q1 150 190 +26.7%

Q2 180 240 +33.3%

Q3 200 270 +35.0%

Q4 170 220 +29.4%

TABLE 3: Impact of Machine Intelligence on Trading Volume for OTC Products
OTC, Over the Counter

Changes in trading volume for OTC products after the introduction of machine intelligence show a
significant increase in trading activity.

Cumulative return analysis over 12 months
The cumulative return analysis for investments in OTC products is shown in Figure 5. It demonstrates that
the deep learning-based LSTM model outperforms traditional methods by achieving higher returns. These
cumulative returns show how machine intelligence can optimize OTC product investment strategy.
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FIGURE 5: Cumulative Return Analysis of 12 Months

Twelve-month cumulative returns comparing traditional investment methods versus machine
intelligence approaches in OTC products show that other strategies are consistently outperformed by the
LSTM-based AI model.

Comparative prediction time between different models
Computational efficiency across different models is compared for both training and prediction times, as
summarized in Table 4. The LSTM model requires the longest training time (25.7 minutes), but its
prediction time (0.12 seconds) is more efficient compared to the other models.

Model Training Time (minutes) Prediction Time (seconds)

Logistic Regression 2.1 0.01

Random Forest 4.5 0.03

Support Vector Machines 6.2 0.05

Long Short-Term Memory (Deep Learning) 25.7 0.12

TABLE 4: Comparative Prediction Time for Different Models

Comparison of computational efficiency across models shows that although LSTM has the longest training
time, its prediction time remains relatively efficient.

Sentiment analysis trends and stock price correlation
The sentiment analysis score plotted alongside the stock price for OTC products is shown in Figure 6,
which demonstrates how public sentiment is pivotal to stock returns.
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FIGURE 6: Sentiment Analysis and Stock Price Correlation Trend
Analysis

Using machine learning, calculating sentiment analysis scores, and then correlating sentiment analysis
with actual OTC stock prices, there is a strong positive correlation.

The results presented demonstrate significant benefits of integrating machine intelligence techniques,
particularly deep learning models like LSTM, in predicting OTC stock prices. Not only does the LSTM
model achieve greater accuracy compared to traditional models, but it also improves profitability, reduces
risk, and increases trading volume. The implications of these findings are that machine intelligence can
greatly enhance investment strategies and trading efficiency in the OTC market.

Data interpretation and analysis
Model Performance

Table 1 summarizes the evaluation of different machine intelligence models for the prediction of the OTC
stock price and demonstrates that LSTM outperforms common machine intelligence. Accurately
predicting stock price was found to be most reliable using the LSTM model with accuracy (90.2%),
precision (88.5%), and recall (89.8%).

Prediction Trends

As shown in Figure 3, actual stock prices are well predicted by this LSTM model, almost tracking to the
exact values, based on a period of 30 days. That means the model is accurate and stable to predict.

Profitability Analysis

Table 2 shows a comparison of profitability of each model, with LSTM providing the highest average
monthly return (9.5%) and the best risk adjusted return (Sharpe ratio of 2.1). In this, machine learning,
particularly deep learning, such as LSTM, is found to generate more profitable and less risky trading
strategies for OTC stocks.

Prediction Errors

As shown in Figure 4, model error distributions are illustrated. From LSTM, we see the least amount of
prediction error, and it is still the best model in comparison to RF and SVM.

Impact on Trading Volume

Table 3 shows that the introduction of machine intelligence models into trading volume positively
impacts trading volume. AI introduction led to a lot of trading activity across all quarters, with the largest
increase of 35.0% occurring in Q3.

Cumulative Return

Cumulative returns over a 12-month period are presented in Figure 5, demonstrating that the LSTM model
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outperforms the conventional methods in the long term.

Model Efficiency

The training and prediction times of different models are compared in Table 4. However, LSTM has a
longer training time but a shorter prediction time, and hence it is good for real-time trading.

Correlation with Sentiment Analysis

Finally in Figure 6, we show a strong positive correlation between sentiment analysis scores and OTC
stock prices, finding that sentiment analysis is important to predict market movements.

Conclusions
The research is founded on the premise that deep learning models, specifically LSTM networks,
significantly surpass traditional machine learning models in predicting OTC stock prices. The enhanced
accuracy and profitability of these models indicate substantial implications for trading volume, which is a
positive indicator of their potential to influence market dynamics. Additionally, the introduction of
sentiment analysis further enhanced prediction accuracy by accounting for external market influences.
The findings suggest that deep learning, as a form of machine intelligence, represents a potentially robust
tool for forecasting OTC stock prices and developing trading strategies. Moreover, while sentiment
analysis incorporated textual data, it did not take into account other types of market sentiment, such as
investor behavior or macroeconomic changes. This study underscores the practical applications for OTC
products. Future research could broaden the scope by integrating additional data sources, such as
macroeconomic indicators or real-time news sentiment, to further enhance prediction accuracy.
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