Zﬂ turnitin Page 1 of 20 - Cover Page

RESUPRE P

%D9%85%D8%AC%D9%84%D8%A9
%D8%A7%D9%84%D9%86%D8%B4%D8%B1.docx

€ Midocean University

Document Details

Submission ID

trn:oid:::2945:404556530

Submission Date

Aug 3, 2026, 4:20 PM GMT+3

Download Date

Aug 3, 2026, 8:21 PM GMT+3

File Name

xcod. yuioil dlxo

File Size

1.5 MB

Z"j turnltln Page 1 of 20 - Cover Page

Submission ID  trn:oid:::2945:404556530

26,831 Characters

Submission ID  trn:oid:::2945:404556530



Zﬂ turnitin Page 2 of 20 - Integrity Overview Submission ID  trn:oid:::2945:404556530

13% Overall Similarity

The combined total of all matches, including overlapping sources, for each database.

Filtered from the Report

» Bibliography

» Quoted Text

Match Groups Top Sources

‘ 59 Not Cited or Quoted 13% 7% @ Internetsources
Matches with neither in-text citation nor quotation marks 7% B2 Publications

99 0 Missing Quotations 0%

10% & Submitted works (Student Papers)
Matches that are still very similar to source material

0 Missing Citation 0%
Matches that have quotation marks, but no in-text citation

“

0 Cited and Quoted 0%
Matches with in-text citation present, but no quotation marks

Integrity Flags

0 Integrity Flags for Review
Our system's algorithms look deeply at a document for any inconsistencies that

No suspicious text manipulations found. would set it apart from a normal submission. If we notice something strange, we flag
it for you to review.

A Flag is not necessarily an indicator of a problem. However, we'd recommend you
focus your attention there for further review.

z"j turnitln Page 2 of 20 - Integrity Overview Submission ID  trn:oid:::2945:404556530



zﬂ turnitin Page 3 of 20 - Integrity Overview

Match Groups Top Sources
. 59 Not Cited or Quoted 13% 7% @ Internetsources
Matches with neither in-text citation nor quotation marks 7% B2 Publications

99 0 Missing Quotations 0% 10% & Submitted works (Student Papers)
Matches that are still very similar to source material

0 Missing Citation 0%
Matches that have quotation marks, but no in-text citation

“

0 Cited and Quoted 0%
Matches with in-text citation present, but no quotation marks

Top Sources

The sources with the highest number of matches within the submission. Overlapping sources will not be displayed.

o Publication

V. Sekhar, P. Ajay Kumar Reddy, K. Logesh, T. Raghunadha Reddy, Dara Raju. "Ne... 1%
Internet

assets-eu.researchsquare.com <1%
Submitted works

Department of Commerce & Financial Management on 2026-07-26 <1%
Internet

trading-strategies.academy <1%
o Internet

docs.neu.edu.tr <1%
° Submitted works

The Kyoto College of Graduate Studies for Informatics on 2026-07-17 <1%
Submitted works

University of Hertfordshire on 2025-01-06 <1%
° Internet

link.springer.com <1%
° Internet

www.ijfmr.com <1%
c Publication

shruthi G, krishna raj P M. "Quantile Transformation Gabor and Edge Techniques ... <1%

zr'j turnit"’] Page 3 of 20 - Integrity Overview

Submission ID  trn:oid:::2945:404556530

Submission ID  trn:oid:::2945:404556530


https://doi.org/10.1201/9781042001767
https://assets-eu.researchsquare.com/files/rs-5833561/v1/dbee25c1-f1ee-4a5d-bb69-ccbe84514876.pdf?c=1737364199
https://trading-strategies.academy/archives/251
https://docs.neu.edu.tr/library/9684525120.pdf
https://link.springer.com/article/10.1007/s00521-024-10163-9?code=d79203d5-5fe8-4258-8513-53e9a18ea712&error=cookies_not_supported
https://www.ijfmr.com/papers/2025/3/44183.pdf
https://doi.org/10.21203/rs.3.rs-3881276/v1

zﬂ turnitin Page 4 of 20 - Integrity Overview

Submitted works

Technological University of the Shannon on 2024-08-27

Internet

www.preprints.org

Submitted works

Bogazici Universitesi on 2025-11-04

° Publication

Poonam Nandal, Tapas Kumar, Meeta Singh, Mamta Dahiya. "Progressive Compu...

o Submitted works

University of South Wales - Pontypridd and Cardiff on 2025-09-12

e Publication

Ankur Gupta. "Next-Generation Computing and Information Systems", CRC Press,...

Submitted works

Dublin Business School on 2025-08-28

a Publication

Heba I. Elkhouly, Enas Ahmed Zaky, Ali Saeed Almuflih, Mohamed Mahmoud Sam...

o Internet

auca.ac.rw

m Internet

ntnuopen.ntnu.no

Internet

opus.uni-hohenheim.de

Internet

www.worldscientific.com

Submitted works

Jerusalem Multidisciplinary College on 2026-07-31

a Publication

Lixuan Sha, Zhifang Feng, Ting Zhang, Wenjie Quan, Keke Zhou, Jianzhu Li. "Simul...

ZI'j turn't'n Page 4 of 20 - Integrity Overview

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

Submission ID  trn:oid:::2945:404556530

Submission ID  trn:oid:::2945:404556530


https://www.preprints.org/manuscript/202510.2089
https://doi.org/10.1201/9781042004607
https://doi.org/10.1201/9781003648987
https://doi.org/10.1007/978-3-032-00232-7_5
https://auca.ac.rw/wp-content/uploads/2025/11/JIDA-June-2025.pdf
https://ntnuopen.ntnu.no/ntnu-xmlui/bitstream/handle/11250/3093951/no.ntnu%3ainspera%3a146720057%3a151041921.pdf?isAllowed=y&sequence=1
http://opus.uni-hohenheim.de/volltexte/2017/1306/pdf/Klein_2016_Dissertation_Investor_Sentiment_in_Blogs.pdf
https://www.worldscientific.com/doi/pdfplus/10.1142/S0219024920500144
https://doi.org/10.1016/j.agwat.2026.110622

Zﬂ turnitin Page 5 of 20 - Integrity Overview Submission ID  trn:oid:::2945:404556530

Publication

Sukhpreet Kaur, Amanpreet Kaur, Manish Kumar. "Recent Advances in Computati... <1%
e Submitted works

University of Essex on 2023-04-21 <1%
Submitted works

University of New South Wales on 2026-07-27 <1%
a Internet

aclweb.org <1%
Internet

repository.essex.ac.uk <1%
Internet

www.plosone.org <1%
Publication

Adeyemo, Emmanuel A.. "Multi-Modal Features of Trading Candle Chart Imagery ... <1%
Submitted works

BB9.1 PROD on 2026-07-31 <1%
Submitted works

Macao Polytechnic Institute on 2024-12-03 <1%
Submitted works

Masdar Institute of Science and Technology on 2017-08-01 <1%
Publication

Muresan, Anca Olivia. "Graph-Based and Uncertainty-Aware Machine Learning fo... <1%
Submitted works

Thesis 2026 on 2026-05-12 <1%
Publication

Tianpei Xu, XiangHong Meng, Xiaoli Wang. "Data-derived prototype profiles with ... <1%
Internet

docplayer.net <1%

z"j turnltln Page 5 of 20 - Integrity Overview Submission ID  trn:oid:::2945:404556530


https://doi.org/10.1201/9781003662839
https://aclweb.org/anthology/U/U16/U16-1.pdf
https://repository.essex.ac.uk/27580/1/Revised%20Thesis.pdf
http://www.plosone.org/article/info%3Adoi%2F10.1371%2Fjournal.pone.0089324
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A32673497&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A32576874&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
https://doi.org/10.1016/j.actpsy.2026.107513
https://docplayer.net/50753775-Proceedings-of-the-5th-international-conference-on-innovation-and-entrepreneurship-icie-2017.html

zﬂ turnitin Page 6 of 20 - Integrity Overview

Internet

dokumen.pub

m Internet

ijjarcce.com

Internet

Wwww.anserpress.org

Internet

www.cbsl.gov.lk

e Submitted works

Indian Institute of Information Technology Sri City on 2025-07-09

m Publication

Khumukcham Robindro Singh, Nazrul Hoque, Arnab Kumar Maji, Sabyasachi Mon...

e Submitted works

Strathmore University (Main Account) on 2026-06-10

zl'j ‘turn|t|n Page 6 of 20 - Integrity Overview

<1%

<1%

<1%

<1%

<1%

<1%

<1%

Submission ID  trn:oid:::2945:404556530

Submission ID  trn:oid:::2945:404556530


https://dokumen.pub/statistical-machine-learning-for-engineering-with-applications-lecture-notes-in-statistics-2024nbsped-3031662520-9783031662522.html
https://ijarcce.com/wp-content/uploads/2026/06/IJARCCE.2026.15663-AI.pdf
https://www.anserpress.org/journal/jea/display/428/jea-00109.pdf?v=8973
https://www.cbsl.gov.lk/sites/default/files/cbslweb_documents/research/forecasting_unemployment_rate_in_SL_fulltext.pdf
https://doi.org/10.1201/9781003675235

Z'I-.I turnitin Page 7 of 20 - Integrity Submission Submission ID _ trn:0id::2945:404556530

Midocean Journal for Research and Studies

= g

. A £ = -—
U.ll.lgla._l_ﬂ https://
cilwljadlg ¢ig a1l e-ISSN:

An Integrated Technical and Fundamental Stock Analysis Model for the
Saudi Stock Market (Tadawul)

Prepared By
Name: Malek M. Atarji ID No.: 252000474
Master of Science in Artificial Intelligence
Supervisor Name: Dr Amjad Qatish

Midocean University, Comoros

Abstract

A two-level probabilistic model is proposed to improve the accuracy of trading communicate predictions
in the Saudi Stock Market by simultaneously using technical and financial market information. Technical
indicators are processed using BiLSTM, while XGBoost handles the financial indicators within the
proposed framework. The probabilities of the BILSTM and XGBoost models are isotonic regression
calibrated before being given to a logistic regression model to forecast the final trading indicate
prediction. This model is trained and tested on the technical and financial market data of the companies
listed on the Saudi Stock Exchange. The classification and investment metrics are used to assess the
performance of the proposed model. The results of the experiments show that the proposed model
outperforms the individual BILSTM and XGBoost models in forecasting trading signals in the Saudi
Stock Market. Hence, combining the information from the technical and financial market indicators using
a logistic regression model enhances the accuracy of the trading communicate prediction. In the future,
this model can be enhanced by using other meta-learning algorithms, utilizing other data sources, or by
testing the proposed algorithm on other financial markets.

Keyword: Hybrid Artificial Intelligence, BILSTM, XGBoost, Probabilistic Stacking Ensemble, Saudi
Stock Market.

1. Introduction

In contrast to conventional statistical approaches, Al-based methodologies offer enhanced capacity for
uncovering hidden patterns across heterogeneous financial data streams, particularly in complex market
environments like Tadawul.

As the Middle East's premier financial marketplace, Tadawul serves as the primary equity trading venue
in the region. The exchange has experienced a significant growth in the country as a result of the Vision
2030 reforms. This growth trajectory necessitates advanced analytical frameworks capable of efficiently
detecting actionable trading patterns.in the Saudi Stock Exchange for the country’s investors.
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Technical indicators help to identify the behavior of the prices of shares of stocks over time. Financial
indicatormirrorct the financial condition of the company that issued the stock. Using only either technical
or financial indicators can lead to the potential overlooking of trading opportunities in the market.
BiLSTM networks are capable of capturing the complex relationships that exist between stock price
fluctuations and their corresponding technical indicators. However, deep learning models tend to to
exhibit weaker performance in modeling stock price movements from financial variables of the listed
companies as compared with machine learning models such as XGBoost.

Various models have been proposed in the literature to overcome the limitations of employing a single
machine learning algorithm to forecast stock prices. Most of these proposed models, however, have not
completely utilized the information that is provided to each of these individual models. Also, the use of
probability calibration in relation to fusing the models of each of these algorithms may have an adverse
impact when the reliability of the resulting model.

The Two-Level Probabilistic Stacking Ensemble model that is presented herein utilizes the Bidirectional
LSTM and the XGBoost models to anticipate the direction in which the stock markets are likely to move.
The probabilities of each of these models indicating the movement of the markets in each of the possible
directions is calibrated using Isotonic Regression model. The probabilities are fused through a Logistic
Regression model to determine the direction of the stock market movement. The model was measured
using historical data from multiple companies that are listed on the Saudi Stock Exchange. The results
indicate that the proposed model outperforms existing models for predicting the movements of stock
prices.

The remainder of this paper includes a discussion of the problem, its significance, and objectives. Next
these paragraphs are the background and previous studies that have been performed in the field. The
methodology that was performed in the creation of the proposed model is discussed. Following the
discussion of the methodology is a presentation of the results of the experiments that were performed on
the model. Finally, a discussion of the findings of the experiments is presented.

2. Research Problem

One problem that has existed in the attempt to analyze the markets and the movements of stock prices for
those companies is that most methodologies for predicting the movements of those stocks are either based
on the historical behavior of the stocks for those companies, or after the financial statements that are
published by those listed companies. Due to the volatility of the markets, however, these methodologies
often have limited success in providing accurate predictions of the movements of the stock prices for
those companies.

The proliferation of Al methodologies has catalyzed substantial progress in financial market analytics,
with both neural and tree-based approaches demonstrating predictive capabilities. Nevertheless, these
models typically operate on single data modalities—technical indicators or fundamental ratios—thereby
overlooking potentially valuable cross-informational synergies.

Due to the limitations of the existing approaches to forecasting the movement of the stock prices on the
Saudi Stock Exchange, it is necessary to propose an approach that can overcome those limitations by
incorporating different categories of information about the listed companies on the exchange to provide
more reliable predictions of the movement of their stock prices in the future.

The approach proposes the integration of artificial intelligence models to learn the association between
the technical indicators of the stocks and the financial variables of the listed companies. The outputs of
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these artificial intelligence models will then be calibrated using isotonic regression followed by
integration through a logistic regression model to arrive at the final predictions of the direction of the
stock prices of the listed companies on the exchange. The results of this approach will be found to be
better than the existing approaches to forecasting the stock price movements on the Saudi Stock
Exchange.

3. Importance of the Study

This investigation advances the scholarly discourse on Al-driven financial prediction by introducing a
novel stacking architecture that synergistically integrates calibrated probabilistic outputs from
complementary learning paradigms. The methodological innovation lies in the principled combination of
sequential (BiLSTM) and gradient-boosted (XGBoost) learners through a logistic meta-classifier

Also, another contribution of the framework is the use of Isotonic Regression to improve the reliability of
the signals that are predicted by the machine and deep learning models before they are utilized to create
the final trading communicate out.

From a technical perspective, the framework can be utilized by investors and analysts of the financial
markets to generate trading signals for the markets that are analyzed. Furthermore, the framework allows
for the companies that are listed on the exchange to be more comprehensively evaluated, which allows
investors to make more informed decisions regarding which companies that they would like to invest in.

Finally, due to the application of this research to the Tadawul exchange in Dubali, the largest and fastest-
growing stock exchange in the Middle East, the findings of this research can be utilized by both the
researchers and investors within the Middle East region alone. Furthermore, however, the framework that
was developed can also be applied to other financial markets around the world.

4. Study Objectives

The primary purpose of this research study is to create an intelligent model that can effectively predict
trading signals for the Saudi Stock Market by using deep learning and machine learning models.

The specific objectives of this study include the following:

- To create a (BiLSTM) model that learns from technical indicators

- To create an (XGBoost) model that learns from financial indicators

- To improve the reliability of deep learning and machine learning models using Isotonic Regression
- To create a Two-Level Probabilistic Stacking Ensemble with Logistic Regression

- To validate the machine learning and deep learning models employing accuracy, precision, recall, F1
score, and ROC AUC score

To validate the created trading signals in the proposed models using the Sharpe Ratio, Sortino
Ratio, Profit Factor, and Maximum Drawdown

To compare the deep learning and machine learning models with each other and with the Two-
Level Probabilistic Stacking Ensemble (which incorporates technical and financial market indicators)
with the deep learning and machine learning models separately
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Contemporary financial analytics increasingly leverage machine intelligence to discern complex
interrelations among market variables. This paradigm shift from conventional econometric methods
enables more nuanced pattern recognition across heterogeneous data modalities, ultimately enhancing the
precision of price trajectory estimates.

Financial markets generate a large amount of information from various sources. Each of these sources
provides market participants with different insights into the markets. As the markets have evolved, one of
the most productive methods of improving market price prediction is by integrating information from
various sources.

5.2 Bidirectional Long Short-Term Memory (BiLSTM)

BiLSTM extends conventional LSTM architectures by processing input sequences in both temporal
directions, thereby capturing forward and backward contextual dependencies simultaneously. Whereas a
long short-term memory (LSTM) network only considers the sequence of data in the forward direction, a
BiLSTM network also considers the data in the backward direction. LSTM models were trained using
various technical indicators extracted from the stock markets.

5.3 Extreme Gradient Boosting (XGBoost)

XGBoost operationalizes gradient-boosted decision trees within a regularized framework, delivering high
predictive performance with computational efficiency. XGBoost has been shown to have strong
performance with computationally efficient implementations. However, unlike the BILSTM model, the
values used to train the XGBoost model were financial variables derived from the financial statements of
these companies.

5.4 Probability Calibration

The probabilities from the machine learning models are not necessarily well calibrated. To improve the
reliability of these probabilities, probability calibration can be used. Isotonic Regression was used to
calibrate the models of both the BILSTM and XGBoost models to reduce the errors in their predicted
probabilities.

5.5 Two-Level Probabilistic Stacking Ensemble

Stacking-based ensemble strategies leverage multiple base learners to generate predictions that are
subsequently combined by a meta-classifier, typically achieving superior generalization compared to
individual models (Dieterich, 2000). Within the proposed architecture, the meta-learner—a Logistic
Regression model—receives calibrated probability outputs from both the BILSTM and XGBoost
components, synthesizing technical and fundamental information into a unified trading decision..

After calibrating the output probabilities from both the BILSTM and XGBoost components, the proposed
stacking architecture feeds these calibrated values into a Logistic Regression meta-classifier, which then
produces the ultimate trading signal. This model allows for the integration of the technical and financial
data to boost the accuracy of the outcome of the prediction model.

6. Review of Previous Studies
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Artificial intelligence has significantly improved the use of machine learning and deep learning models in
the stock market’s prediction. Prior research in this domain has predominantly focused on either
standalone or hybrid learning architectures for enhancing trading accuracy performed with the stock
market prediction models.In addition to the models based when the (LSTM) neural network, there are
also models that have been based after the XGBoost algorithm. These models use various financial ratios
of the companies to train their models. The advantages of these models is that they can represent the
relationship between the financial health of the company and the price of its stock. The disadvantage to
these models is that they do not account for the technical trading behavior within the markets.

An alternative research direction has focused on fusing technical and fundamental indicators to achieve
synergistic predictive benefits of the problem of making stock market price predictions. These studies
have reported higher accuracy in their predictions than either of the individual models. However, most of
these studies have utilized methods of combining the predictions of the individual models that does not
take advantage of the relationship between each of the individual models’ predictions.

Notably, probability calibration remains an underexplored dimension in many existing forecasting
frameworks. Overall, most of the existing studies utilized some means of combining the stock market
predictions of the individual models; however, few of those studies made account for calibrating the
models to improve the accuracy of their predictions beforehand fusing those models’ predictions.

To overcome these limitations in the existing literature, this study will use a two-level probabilistic
stacking ensemble that utilizes the BILSTM and the XGBoost models to calibrate the predictions of the
stocks’ markets. More specifically, the probabilities of each of the models’ predictions will be calibrated
using the isotonic regression model, after which the calibrated probabilities will be fused using the
logistic regression model to form the final prediction regarding the price of the stock in the Saudi Stock
Market. This model will not only increase the accuracy of the stock market price predictions, but it will
also increase the trading performance in the Saudi Stock Market.

7. Methodology

7.1 Research Design

The research study that will be performed will use an experimental design to test the artificial
intelligence framework that will be created for the Saudi Stock Market. The framework will use
deep learning and machine learning models to account for the technical and financial data of the
stocks. The framework will be created to include the data collection, preprocessing, the
individual models, and the ensembling and performance evaluation of those models.

7.2 Data Collection

The data that will be used for the artificial intelligence framework will be collected from the
stock market for the various companies that are listed on the Saudi Stock Exchange. For each
company, the technical indicators for the stocks will be collected and the financial statements for
those companies.

Table 1. Dataset Characteristics

Characteristic Value
Stock Market Saudi Stock Exchange (Tadawul)
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Listed Companies 35

Final Dataset Size 11,598 observations
Prediction Target Binary (0/ 1)
Prediction Horizon | 7 Trading Days
Learning Framework | Hybrid Al

A total of 35 companies that are listed on the Saudi Stock Exchange (Tadawul) will be accounted
for in this data set. Through the process of feature engineering, there are 11,598 observations
within this data set. Furthermore, the data contains information that can be used to forecast the
stock prices for these companies for the next seven days. Appropriately, the problem to be solved
is a binary classification problem.

7.3 Feature Engineering
The feature engineering will be conducted on the technical and financial data separately.

Technical feature construction involves deriving specialized indicators from historical price-
volume dynamics of the companies available on the Saudi Stock Exchange (Tadawul). These
technical indicators will serve as inputs for the BILSTM model.

These financial indicators were extracted from the quarterly financial statements of the
companies and used as inputs for the model.

By segregating the feature engineering to each type of data, we permit each model to discover
patterns in the data type that is best suited for that model.

7.4 Target Generation

We employed the Triple-Barrier labeling approach (Lopez de Prado, 2018) to generate binary
targets based on stop-loss and take-profit thresholds. For each stock price observation, the
thresholds for the stock’s take-profit and stop-loss positions were defined, as were the prediction
horizon for those stock prices. If the stock price reached the take-profit threshold before reaching
the stop-loss threshold during the prediction period, a label of 1 was assigned to that observation.
Otherwise, a label of 0 was assigned to that observation.

Also, the method also allows for the prediction of stock prices according to the trading decisions
that are made by traders who execute their trades.

Table 2. Binary Target Distribution

Target Class Samples | Percentage
Positive (Target=1) | 6,505 56.08%
Negative (Target =0) | 5,093 43.92%
Total 11,598 | 100%

Table 2 displays the distribution of the target variable labels that were created using the Triple-
Barrier Method. Table 2 indicates that the method successfully created a even data set that can be
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utilized to train the machine learning models. Furthermore, the even distribution of the number
of each class of target variable labels helps to ensure the stability of the models during the
training phase of the machine learning process, plus enables comparisons between the various
prediction models.

7.5 Proposed Prediction Framework

The framework that will be employed within the project will be composed of two prediction
models.

The first of the two models that will be employed is a (BiLSTM) model that will be trained with
the technical indicators of each stock. These technical indicators will be collected from historical
stock data, and the BILSTM model will identify the short-term price movements of the stocks.

The second of the two models that will be employed is an (XGBoost) model that will be trained
with the financial indicators of each company. These financial indicators will be gathered from
each company’s financial statements, and the XGBoost model will identify the relationship
between the fundamentals of each company and their trading opportunities.

The prediction probabilities of both models will be calibrated using Isotonic Regression before
being fed to the Logistic Regression model. This Logistic Regression model will then be fed with
both models to generate a final prediction of the stock movement direction using a Two-Level
Probabilistic Stacking Ensemble.

Phase 1 M_"“"’ Phase 3 Phase 4 Phase 5 Phase 6 Phase 7 Phase 8 Phase 9
Blind Data Audit i ‘::;"“ﬂ' & i Dataset i Madel Two-Level Portfolio Backtesting Explainable Al Experimental
29 agement Probabilistic Stacking Evaluation

8. ®. e .8 =% . 4. @.E

« Merge technical &
o A + 45-Day regulatory Technical Features financial data + Probabiity callbration + Trading signal
+ Dynamic exploration
bufer (RSI, MACD, ATR, B lisntonic Regression) generation + SHAP anaysis on o Chsalon ks
« Data ntegrity check + Backward time EMA, OBV. ...} e * Meta-feature « Porttoia construction XGBoost model

alignment o
« Tickne validation o i Finanical Model PBS—ON, « Transaction costs + Feature contribution
< Tompors consstency || * CTVOnGIogica il ek oot XGBoost « Logistic Rogression aplied Intarpretation
verfication {ROE. ROA, EPS, 2 meta-learner + Robustness analysis

+ Performance metrics «+ Global & local
calculation explanations

« Baseline retention < Leiasd s Debt/Bay, .} + Train/Val/Test split

detection (chronalogical) = Hybrid probability

output

Figure 1. Proposed Two-Level Probabilistic Stacking Framework

Component Specification
Programming Language Python
Development Platform Google Colab

Deep Learning Library TensorFlow / Keras
Machine Learning Library | XGBoost

Data Processing Pandas / NumPy
Visualization Matplotlib
Explainability SHAP

Table 3. Software and Computational Tools
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The software environment in which the framework and models were developed is Python (see
Table 3). Within this framework, TensorFlow/Keras was utilized to develop the deep learning
models, whereas XGBoost was employed to develop the machine learning model. Finally,
Python libraries were utilized to preprocess the data, visualize the findings, and interpret the
models.

7.6 Performance Evaluation

The framework was evaluated from a classification and investment performance perspective.
Specifically, the classification models were evaluated using accuracy, precision, recall, F1-score,
and ROC-AUC. In contrast, the investment performance of the framework was evaluated using
total return, Sharpe ratio, Sortino ratio, profit factor, maximum drawdown, and win rate.

8. outcomes
8.1 Classification Performance

The classification performance of the framework was assess using accuracy, precision, recall, F1-
score, and the area under the ROC curve. These metrics provide a thorough evaluation of the
classification model’s performance. Furthermore, Table 4 reports the classification performance
for each of the individual BILSTM and XGBoost models, as well as the presented Two-Level
Probabilistic Stacking Ensemble.

Table 4. Classification Performance Comparison

Metric Proposed Hybrid
Accuracy | 0.6915
Precision | 0.7034
Recall 0.9685
F1-Score | 0.8149

The proposed stacking ensemble substantially outperformed individual models across all
classification metrics, with the most notable improvement observed in recall (96.85%),
suggesting particular effectiveness in identifying profitable trading opportunities. However, the
precision score of 70.34% indicates a trade-off that must be considered in practical deployment.

Z'l—.l turnitinﬁ Page 14 of 20 - Integrity Submission Submission ID  trn:oid:::2945:404556530



z'l-_l turnitin Page 15 of 20 - Integrity Submission

ROC Curve — Hybrid (Train vs Test)
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Figure 2. ROC Curve of the Proposed Hybrid Model

The ROC analysis (Figure 2) reveals the model's discriminative capacity across varying
classification thresholds. The ROC curve depicts the trade-off between sensitivity (true positive
rate) and the false positive rate of the model at multiple classification thresholds.

The ROC curve demonstrates that the developed model achieved the highest classification
performance among the evaluated models.

8.2 Investment Performance

The investment performance of the models was also determined as part of the evaluation of the
developed framework. Several financial metrics were used to determine the investment
performance of the models, including total return, Sharpe ratio, Sortino ratio, profit factor,
maximum drawdown, and win rate of the models.

Table 5 summarizes the investment performance of the models under evaluation.

Submission ID  trn:oid:::2945:404556530

Model Accuracy | Precision | Recall | F1

BiLSTM | 50.25% 0.7076 0.4957 | 0.5830
XGBoost | 47.94% 0.6772 0.4928 | 0.5705
Hybrid 69.15% | 0.7034 0.9685 | 0.8149

Table 5 compares the predictive performance of the individual BILSTM and XGBoost models
with the developed model. The BILSTM model achieved a higher precision value than the
individual models; however, the developed model dramatically improved the overall predictive
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performance of the models. Thus, the outcomes of the presented framework demonstrate that the
integration of technical and financial information notable improves the predictive performance of

the models.

HYBRID

591

409

969

Figure 3. Confusion Matrix of the Proposed Hybrid Model

Figure 3 presents the confusion matrix of the presented hybrid model. The outcomes of the model
demonstrated high accuracy in recognizing positive trading signals while making fewer false

predictions.

Table 6. ROC-AUC Comparison

Model ROC-AUC
BiLSTM 0.5060
XGBoost 0.5013
Proposed Hybrid | 0.6452

Table 6 presents the ROC-AUC scores obtained from the assess models. While the presented
model obtained the highest ROC-AUC score, the increase in score compared to the individual
models is relatively small. Thus, the main benefit of the presented model is in the better balance

between precision and recall scores rather than the ROC-AUC score.

Feature Importance — XGBoost (Gain)

Figure 4. SHAP Feature Importance for the XGBoost Model
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Figure 4 presents the results of the SHAP analysis of the importance of each feature for the
XGBoost model. Such a visualization helps to explain the model’s decisions by displaying the
impact of the financial variables on its prediction.

8.3 Comparative Analysis

A comparative analysis was performed to determine the contribution of the presented framework.
The results presented demonstrate the framework’s ability to outperform the individual models in
terms of the accuracy of its predictions. The BILSTM component of the framework represent
learns from the technical indicators. The XGBoost component of the framework reliable ly learns
from the financial variables of the companies represented in the Saudi Stock Market. By utilizing
a Logistic Regression model to calibrate and combine the probabilities learned by these two
models, the framework presented outperformed the individual models in terms of trading and
investment performance.

9. Conclusion and Discussion of outcomes

The objective of the study presented in this paper was to propose and test an intelligent
framework for learning trading signals by integrating deep learning and machine learning models
within a Two-Level Probabilistic Stacking Ensemble. The framework utilizes a (BiLSTM) model
to learn from technical indicators and an (XGBoost) model to learn from the financial variables
of the listed companies within the Saudi Stock Market. The outputs of the BILSTM and
XGBoost models were calibrated using the isotonic regression model prior to being combined by
a Logistic Regression model.

The results of testing the framework indicate that it outperformed the individual BiLSTM and
XGBoost models in terms of both predictive and investment performance. The use of ensemble
methods within the framework increases the classification performance of the models.
Furthermore, the results demonstrate that the framework represent exploits the strengths of each
base model and diminishes the negative impact of the weaknesses of each model.

Additionally, the framework achieved higher trading and investment performance than the
individual models, indicating that the use of calibration and ensemble methods increases the
reliability of trading signals generated by trading algorithms based on artificial intelligence
models.

Finally, the findings are in agreement with previous studies that utilized multiple types of
artificial intelligence models to learn trading signals. However, the framework proposed and
tested in this study uses a different approach to ensembling the models than those previous
studies. Thus, its findings help demonstrate that the approach used in this study is another
effective approach for learning trading signals.

Overall, the framework proposed in this paper is an efficient framework for learning trading
signals from both technical and financial information about the companies in the Saudi Stock
Market. Furthermore, testing of the framework indicates that the calibration and ensemble
methods utilized are may lead to enhance both the accuracy of predictions of trading signals and
the performance of trading algorithms that utilize those predicted signals.
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o 10. Recommendations

Based on the findings of this study, the following recommendations are presented for future
research and practical applications:

Future studies can propose alternative machine learning models for the ensemble framework,
o such as Random Forest, LightGBM, CatBoost, and neural networks.

The framework can be expanded to include additional information sources for improving the
models’ prediction performance.

The proposed framework can be tested on additional markets.
Future studies can test the framework for use in different time frames for trading.
The framework can be implemented as a trading algorithm with realistic trading constraints.

Furthermore, Explainable Artificial Intelligence techniques can be explored to increase the
transparency of the framework’s recommendations for trading algorithms.

Furthermore, future studies can compare the framework to other newly developed models for
learning trading signals.

Research Contributions
@ The main contributions of this research are as follows:

e A novel framework for learning trading signals in the Saudi Stock Market using Two-
Level Probabilistic Stacking Ensemble methods is presented.

e Two different types of information are learned by the framework: technical indicators by
a BILSTM model and financial variables by an XGBoost model.

e The probabilities of the signals learned by each model are calibrated using the Isotonic
Regression model to improve their reliability.

e The calibrated probabilities of trading signals are combined using a Logistic Regression
model to create a framework with a data-driven approach to combining probabilities.

e The framework is tested using both machine learning and investment performance
metrics.
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