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Abstract
This thesis explores how an Artificial Intelligence-driven advisory framework can be applied to the Saudi Stock Market (Tadawul), with the empirical work built around predictive baselines and simple trading strategies tested on the ticker 1202.SR. The starting point for the study is a familiar problem: investors struggle to read market direction from noisy price and volume signals when they rely on classical tools alone. Instead of picking one benchmark and defending it, the analysis compares three baselines side by side a logistic regression, an LSTM, and a Transformer all fed by technical features derived from OHLCV data and a selected set of indicators. To check whether the results are specific to a single company or hold more broadly, the predictive comparison is then extended to 2320.SR and 4300.SR alongside the original 1202.SR.
Looking at the numbers, the picture changes noticeably depending on which metric is emphasized. The logistic regression baseline reached the top accuracy of 0.5867, yet its recall collapsed to 0.0828 and its F1 to 0.1474, which means it barely caught upward movements at all. The LSTM baseline landed in the middle, with an accuracy of 0.5604 and an F1 of 0.1896. The Transformer baseline was the most balanced of the three, producing an accuracy of 0.5116, a recall of 0.4551, and an F1 of 0.4444. On the trading side, the rule-based strategy clearly dominated a plain buy-and-hold approach, delivering a total return of 147.18% against −24.38%, together with a lower maximum drawdown and a much higher final equity. When the comparison was widened across the three stocks, the Transformer remained the strongest overall in terms of balanced classification, especially on 1202.SR and 2320.SR, while the LSTM behaved inconsistently from one stock to another and the logistic baseline continued to struggle with weak recall in most cases.
The main contribution of this work is not a single winning model, but the establishment of a clean empirical baseline for an intelligent advisory system tailored to the Saudi market — and the observation that model selection here should be judged by balanced predictive behavior and trading relevance, rather than by accuracy taken in isolation. The findings argue for building on richer temporal architectures such as Transformers in future extensions, and they set the ground for later stages that will integrate graph-based relational modeling, reinforcement learning, and a user-facing advisory layer into a more complete hybrid decision-support system.
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[bookmark: _Toc227903939][bookmark: _Toc227903940]1.1 Background
Modern financial markets are shaped by a constant stream of information, tightly linked assets, and volatility that rarely settles. Together, these features make price forecasting a genuinely hard problem: the series behave nonlinearly, they carry a lot of noise, and their statistical structure keeps shifting under the pressure of new events. Because of this, the research direction of the past few years has quietly moved away from betting on a single forecasting family. What is now more common is the design of hybrid Artificial Intelligence (AI) pipelines that stitch together preprocessing, temporal learning, optimization, and decision logic in order to gain robustness that no single component can offer on its own (Jayanth et al., 2024; Jayanth & Manimaran, 2024; Sun et al., 2024).
The Saudi Stock Market (Tadawul) sits in an interesting place within this broader picture. Its strategic weight has been growing, and it exhibits clear sector-driven co-movement across banking, materials, energy, and telecommunications, which makes cross-stock behavior more than just a theoretical concern. On top of that, there is a real, practical demand from local investors for decision-support tools capable of pulling multiple signals into a single, usable recommendation. Taken together, these traits turn Tadawul into a suitable environment for studying temporal forecasting and inter-stock dependence side by side, rather than treating them as two separate research problems.
Recent progress in AI opens the door to going well beyond the classical forecasting toolkit. Deep learning models are able to extract temporal structure directly from historical market data; Transformer-based architectures can reach across longer horizons and capture interactions among many variables at once; Graph Neural Networks (GNNs) offer a natural way to encode stock-to-stock relationships; and Reinforcement Learning (RL) provides the machinery to convert predictive signals into a sequence of buy, sell, or hold actions rather than isolated forecasts (Ansari et al., 2022; Ansari, 2024; Friday et al., 2025; Kabbani & Duman, 2022).
1.2 Problem Definition
One of the recurring gaps in this line of research is that most AI-based financial studies have been built on top of large international exchanges rather than on the Saudi market itself. Because of that, the assumptions those studies carry with them — about liquidity depth, sector behavior, and the broader microstructure of the market — do not always survive the move to Tadawul. Another gap sits at the framing level: much of the existing literature places itself either in the pure forecasting camp or in the automated trading camp, and comparatively few works position themselves explicitly as interpretable advisory systems designed with a real end user in mind (Ansari et al., 2022; Kabbani & Duman, 2022).
A second limitation has to do with how market structure is represented inside the model. It is still common to treat every stock as a stand-alone time series, even though in practice stocks interact through sector membership, correlation patterns, and shifts in the wider market regime. Recent graph-based work makes a clear case that adding a relational layer to the model can improve forecasting quality precisely because it picks up interactions that independent per-stock models simply cannot see (Ansari, 2024).
A third problem is more pragmatic and often gets less attention than it deserves: usability. A lot of the systems produced in the literature emit raw numerical predictions or opaque policy signals that most investors have no straightforward way to interpret. In an actual investment setting, what people need is closer to a short, explainable recommendation accompanied by a bit of risk context they can reason about. The challenge, then, is not only to push predictive accuracy higher, but also to translate whatever the model produces into a human-centered advisory format that supports responsible decision-making rather than obscuring it (Ansari et al., 2022).
[bookmark: _Toc227903941]1.3 Research Objectives
· To develop deep learning and Transformer-based forecasting models for a selected set of stocks listed on Tadawul. 
· To design a graph-based representation of the market and derive relational embeddings from it using Graph Neural Networks. 
· To build a Reinforcement Learning trading environment in which the hybrid predictive outputs are incorporated directly into the state representation. 
· To construct an advisory layer that translates the internal model outputs into concrete buy, sell, and hold recommendations, together with an indication of confidence and basic risk context. 
· To assess the complete framework using both statistical accuracy measures and financial performance metrics.
[bookmark: _Toc227903942][bookmark: _Toc227903943]1.4 Research Questions
· Do hybrid AI architectures deliver measurably better forecasting of Saudi stock movements than single-model baselines used on their own? 
· When an RL agent is given hybrid signals as input, does the quality of its sequential trading decisions on Tadawul actually improve? 
· What is a workable way to combine the outputs of several AI components into a single, interpretable recommendation that an investor can act on? 
· What levels of profitability, and what degree of drawdown control, can the proposed framework realistically achieve when tested on out-of-sample data?
[bookmark: _Toc227903944]1.5 Significance of the Study
On the academic side, this study contributes to the growing body of work on AI in finance by bringing together — inside a single coherent framework — sequence modeling, Transformer-based forecasting, relational learning, and sequential decision-making, four families of methods that are usually studied in isolation. The novelty here is not in inventing any of these techniques from scratch; each of them has been validated separately in earlier work. What the thesis does is combine them intentionally and adapt the combination to the specific dynamics of the Saudi market (Ansari et al., 2022; Ansari, 2024; Friday et al., 2025).
On the practical side, the thesis sketches a concrete path toward an intelligent advisory system aimed at both individual investors and institutions active in Tadawul. Rather than framing AI as a fully autonomous replacement for human judgment, the approach treats it as an analytical layer that sharpens the investor's situational awareness, makes the trade-offs of a given decision more visible, and communicates its output in a form that a non-technical user can actually work with.

[bookmark: _Toc227903945]1.6 Thesis Contribution
· A hybrid AI framework specifically designed for the Saudi stock market. 
· A methodology for coupling forecasting, relational learning, and policy learning within one pipeline. 
· An interpretable advisory layer that communicates the recommended action, its confidence, and the associated risk. 
· An evaluation setup that explicitly ties machine learning performance metrics to financial outcomes.
1.7 Thesis Organization
Chapter 1 sets the stage: it explains the research context, defines the problem the study is addressing, states the objectives, and describes what the work is expected to contribute. Chapter 2 turns to the theoretical background and reviews the strand of the literature most relevant to AI-driven financial forecasting and trading. Chapter 3 lays out the proposed hybrid framework end to end, covering data preparation, the predictive models, the construction of the graph, the design of the RL component, and finally the advisory layer that sits on top. Chapter 4 discusses the evaluation design and interprets the kinds of results that need to be examined in order to judge the framework fairly. Chapter 5 closes the thesis with the main conclusions and points to the directions along which the work can be extended in the future.
[bookmark: _Toc227903946]Chapter 2: Background and Related Work
[bookmark: _Toc227903947][bookmark: _Toc227903948]2.1 Artificial Intelligence in Financial Markets
Artificial Intelligence has moved to the front of financial forecasting research largely because stock data resist the assumptions most classical methods rely on: the series are nonlinear, filled with noise, and shift in behavior as market conditions change. Reflecting this, the literature has been steadily leaning toward pipelines that blend statistical preprocessing, deep learning, and optimization together, instead of putting all the weight on any single family of models. Empirical work on hybrid forecasting supports this shift studies that attach a smoothing, decomposition, or feature-expansion stage to a neural network tend to report performance that stand-alone baselines cannot match, which lines up with the broader move toward hybrid AI in financial applications (Jayanth et al., 2024; Jayanth & Manimaran, 2024; Li et al., 2024; Sun et al., 2024; Swetha & Arya, 2025).
[bookmark: _Toc227903949]2.2 Limitations of Classical Financial Models
Classical approaches such as ARIMA and GARCH have not lost their relevance: they remain valuable because they are transparent, easy to interpret, and still show up regularly in serious financial research as baselines. Their weakness, though, becomes visible when the data pull away from linear behavior, break into different regimes, or become dominated by noise. Hybrid volatility research that pairs a GARCH-type model with an LSTM makes this trade-off explicit the statistical layer keeps contributing useful structure, but a neural component is usually needed on top of it to model the more intricate dynamics of financial series (Koo & Kim, 2022). For this reason, the present thesis positions classical methods as reference points and complementary tools rather than as the core advisory engine.
[bookmark: _Toc227903950]2.3 Deep Learning for Time-Series Forecasting
Deep learning architectures LSTM in particular, along with GRU and its bidirectional variants have become one of the standard choices for stock forecasting, mainly because they are well suited to picking up temporal patterns from rolling windows of price and volume data. What the prior literature adds to this is an important qualification: recurrent networks tend to reach their full potential only when they are paired with stronger feature engineering or with a more deliberate preprocessing stage. Concrete illustrations of this pattern include hybrid recurrent systems augmented with exponential smoothing and Bayesian optimization, decomposition-based forecasting pipelines, and feature-expansion strategies that widen the input space before training even begins (Jayanth et al., 2024; Jayanth & Manimaran, 2024; Li et al., 2024; Swetha & Arya, 2025). These observations connect directly to the present study, since the first-term proposal already placed the forecasting layer on top of engineered market signals rather than on raw price series alone.
[bookmark: _Toc227903951]2.4 Transformer-Based Temporal Modeling
Transformer-based architectures have gained traction in this field for a simple reason: self-attention gives the model a way to capture long-range temporal dependencies and to represent complex interactions among variables without leaning entirely on recurrent connections. The reviewed literature adds a further nuance the Temporal Fusion Transformer, in particular, appears to be a strong fit for tasks that combine multi-horizon movement classification with a mix of heterogeneous feature sources. A representative example is the work of Friday et al. (2025), who paired a Vision Transformer with a Temporal Fusion Transformer to process both historical numerical data and candlestick-derived information, and reported solid classification results across a range of indices. In the present thesis, the Transformer component is kept in the pipeline as a dedicated forecasting stream; its role, however, is to reinforce the original proposal rather than to redirect the project into an image-centric study.
[bookmark: _Toc227903952]2.5 Graph Neural Networks in Financial Markets
Graph Neural Networks become particularly attractive at the point where treating each stock as an isolated time series stops being a reasonable simplification. Ansari (2024) demonstrated that clustering-driven, multi-relation stock graphs can encode stock-to-stock interactions in a way that a set of independent forecasters simply cannot, letting one graph model produce forecasts for many stocks simultaneously while taking advantage of the shared structure between them. This line of reasoning maps well onto the Saudi market, where sector-based co-movement is a familiar phenomenon especially within the banking, materials, energy, and telecommunications segments of Tadawul. For that reason, the GNN component in this thesis is positioned as a relational layer that sits alongside the temporal forecasting stream and complements it, rather than as a mechanism intended to replace it.
[bookmark: _Toc227903953]2.6 Reinforcement Learning for Trading Decisions
Reinforcement Learning reframes trading as a sequential decision problem, in which an agent observes the state of the market, chooses an action, and receives a reward that reflects the consequences of that action over time. This framing becomes especially useful once the objective goes beyond simply predicting price direction and starts to include the timing question when to buy, when to sell, and when to hold under the pressure of portfolio constraints and transaction costs. Ansari et al. (2022) put forward a deep reinforcement learning-based decision-support system in which the outputs of a forecasting network are concatenated with historical trend information, giving the agent a richer view of the state. Along similar lines, Kabbani and Duman (2022) modeled trading as a partially observed Markov decision process and showed that deep reinforcement learning can bring prediction and allocation together inside a single decision framework. Together, these studies motivate keeping an RL decision layer inside the present system, while still preserving its overall character as an advisory tool rather than a fully autonomous trader.
[bookmark: _Toc227903954]2.7 Human-Centered Advisory Systems
While a large share of the published systems in this area is optimized either for higher forecasting accuracy or for the automated generation of profit, comparatively few of them are actually built around the idea of interpretable support for a real end user. The decision-support framing adopted by Ansari et al. (2022) is particularly instructive in this respect: it shows that predictive signals can be put to work in a way that supports the investor's decision without removing human oversight from the loop. The present thesis aligns itself more with that direction than with a fully automated execution model. The intent, accordingly, is to produce advisory outputs buy, sell, or hold recommendations, accompanied by a confidence level and a minimum of risk context in a form that can meaningfully assist users operating in the Saudi stock market.
[bookmark: _Toc227903955]2.8 Research Gap Summary
Read together, the studies reviewed in this chapter converge on four clear themes. The first is that hybrid deep learning models generally outperform simpler baselines once the financial environment becomes sufficiently noisy (Jayanth et al., 2024; Li et al., 2024; Sun et al., 2024). The second is that Transformer-based architectures add real value in settings where temporal dependency stretches over long horizons or where the input is multivariate in nature (Friday et al., 2025). The third is that graph-based methods sharpen the representation of the market whenever inter-stock relationships carry information that per-stock models cannot recover (Ansari, 2024). The fourth is that reinforcement learning becomes the natural fit once the problem is reframed as sequential decision-making rather than pure prediction (Ansari et al., 2022; Kabbani & Duman, 2022). What the surveyed studies rarely offer, however, is a Saudi-market perspective — most of them are developed on non-Saudi datasets, and they typically address only one or two of these dimensions at a time. The gap that the present thesis sets out to close is precisely there: the design of a Saudi-market-oriented hybrid advisory framework that stays faithful to the first-term proposal while pulling these four ideas together in a controlled and interpretable way.
[bookmark: _Toc227903956]2.9 Comparative Summary
Taken as a whole, the picture emerging from the reviewed studies suggests that the most sensible direction for this thesis is not to swap out the original proposal for a completely different architecture, but rather to refine it in a targeted way. Sequence models remain a natural fit for short-term forecasting; Transformer models offer a stronger handle on temporal representation; GNNs bring in the structural view of the market that per-stock forecasters miss; and RL provides the mechanism for turning all of this into a coherent sequence of buy, sell, and hold actions (Ansari et al., 2022; Ansari, 2024; Friday et al., 2025). Combining them, therefore, extends the first-term proposal for Tadawul in a coherent way, rather than pulling the work away from it without justification.
Chapter 3: Proposed Approach and Methodology
[bookmark: _Toc227903957][bookmark: _Toc227903958]3.1 Research Design
This study relies on a quantitative experimental design that builds directly on top of the first-term proposal rather than redrawing the boundaries of the project. The workflow starts with the preparation of historical Tadawul data, moves into feature engineering, and then advances through the development of a forecasting layer, the construction of a simple relational representation of the market, the training of a reinforcement learning decision module, and finally the generation of the advisory recommendations that the system delivers to the user. This choice of design is in line with prior literature, which points to the practical value of hybrid forecasting pipelines and decision-support architectures; at the same time, the scope is deliberately kept narrow so that the thesis stays anchored to its original objective of serving the Saudi market.
[bookmark: _Toc227903959]3.2 Data Collection and Preprocessing
The primary dataset is composed of historical OHLCV records for a selected set of Tadawul-listed stocks. To stay consistent with the original proposal, the stock universe is meant to include representative companies from the major Saudi sectors rather than to attempt modeling the entire market in a single sweep. Preprocessing takes care of missing observations, resolves the data-alignment issues that show up in raw market feeds, and constructs the rolling windows required for sequential modeling. This kind of pipeline lines up with the practice adopted in recent forecasting studies, which routinely take structured market histories as the base input for recurrent, Transformer, and hybrid models (Jayanth et al., 2024; Li et al., 2024; Swetha & Arya, 2025).
Feature engineering is intentionally kept practical and close to what was originally planned in the first-term proposal. The framework brings in a set of technical indicators moving averages, RSI, MACD, ATR, momentum, rolling volatility, and volume-derived measures that together give the models a richer view of the market than raw prices alone would allow. This choice is backed by recent work showing that stronger technical feature sets support model learning and that hybrid systems tend to benefit from a preprocessing or feature-expansion stage placed before the forecasting layer (Moody et al., 2024; Swetha & Arya, 2025). Additional data sources such as market sentiment can be considered in later extensions of the project, but they are not treated as central to the present thesis, in order to avoid drifting too far from the original scope of the work.
3.3 Predictive Modeling Layer
The predictive modeling layer is organized around two complementary streams that address different aspects of the same forecasting problem. The first stream relies on a recurrent architecture LSTM or GRU for the simple reason that these models continue to serve as strong baselines for financial sequence learning and are firmly backed by the reviewed literature. The second stream introduces a Transformer-based temporal model, which is added to improve the representation of longer-range dependencies and to capture multivariate interactions more effectively than a purely recurrent design can. The rationale is grounded in the general track record of recurrent-hybrid forecasting models, as well as in the more recent work applying the Temporal Fusion Transformer to stock movement classification (Friday et al., 2025; Jayanth et al., 2024; Li et al., 2024). It is worth stressing, though, that the Transformer stream is treated here as a temporal enhancement layered on top of the original proposal, rather than as a signal that the project is being redirected toward a fully different multimodal design.
To bring market structure into the model without inflating the complexity of the implementation, a stock graph is constructed in which the nodes stand for the selected Saudi stocks and the edges reflect simple but meaningful relationships sector membership, for instance, or a sustained return correlation between two stocks. A Graph Neural Network is then trained on this graph in order to produce relational embeddings that capture the interactions among the nodes. The justification for this choice is the accumulating evidence that graph-based modeling can improve stock forecasting by capturing precisely those interactions that independent time-series models systematically overlook (Ansari, 2024). The graph layer, then, enters the pipeline as a supportive relational module whose role is to enrich the temporal forecast rather than to replace it.
[bookmark: _Toc227903960][bookmark: _Toc227903961]3.4 Fusion Strategy
At the fusion stage, the outputs coming out of the recurrent stream, the Transformer stream, and the graph-based representation are brought together into a single hybrid feature space. For the purposes of this thesis, a straightforward concatenation followed by a learned fusion layer is enough the aim here is to demonstrate that the three components carry complementary information, not to introduce a fusion mechanism whose complexity would exceed the requirements of the problem. This choice keeps the design in line with the central logic of the first-term proposal: multiple AI components should be able to contribute jointly to a stronger advisory signal for the Saudi market
[bookmark: _Toc227903962]3.5 Reinforcement Learning Environment
A custom trading environment is set up to simulate sequential decision-making on top of historical Tadawul data. At every time step, the agent takes in a view of the recent market features, together with the hybrid predictive signal coming from the earlier layers and a small amount of portfolio state information — chiefly the current cash balance and the position that is presently held. The action space is intentionally limited to buy, sell, or hold, which keeps the advisory logic transparent and aligned with the intended end-user application. This overall setup is consistent with the wider body of decision-support and trading-automation work, which shows how forecasting outputs can be folded directly into the RL state representation to give the agent a more informative view of the environment (Ansari et al., 2022; Kabbani & Duman, 2022).
The reward function is designed with the intention of encouraging profitable behavior that remains realistic under actual market conditions. It is built around the realized return of the agent, but with explicit penalties for transaction costs, excessive turnover, and drawdowns of an unacceptable magnitude. This care in the design matters, because the reinforcement learning literature on trading has repeatedly shown that a reward function that ignores these frictions tends to produce policies that are either unstable in practice or plainly misleading (Ansari et al., 2022; Kabbani & Duman, 2022). By keeping these penalties inside the reward, the thesis anchors the RL component as a decision-support mechanism, rather than allowing it to drift into a purely theoretical trading exercise.
[bookmark: _Toc227903963]3.6 Advisory Engine
The advisory engine sits at the user-facing end of the framework, and it is the component that keeps the whole thesis anchored to a practical application. Its role is to convert the internal model outputs into an actionable suggestion buy, sell, or hold accompanied by a confidence score and a simple, readable indication of the risk involved. When the recurrent model, the Transformer stream, the graph context, and the RL policy all point in the same direction, the engine can raise the confidence attached to the recommendation; when the signals disagree, the safer default is to fall back on a hold decision or to issue advice at a lower confidence level. This design keeps the project firmly aligned with its original ambition of delivering an intelligent investment advisory system for the Saudi stock market.
3.7 Evaluation Metrics
The evaluation of the framework is carried out along two complementary axes: a predictive one and a financial one. On the predictive side, the analysis draws on a set of standard metrics that includes accuracy, precision, recall, F1 score, RMSE, MAE, and MAPE the specific choice among them being dictated by whether the task at hand is framed as movement classification or as value forecasting. On the financial side, the focus shifts to portfolio-oriented indicators such as cumulative return, Sharpe ratio, maximum drawdown, win rate, and turnover. Splitting the evaluation in this way stays consistent with the practice of the reviewed literature, in which forecasting studies typically report statistical error measures while trading studies report portfolio-level metrics (Ansari et al., 2022; Jayanth et al., 2024; Kabbani & Duman, 2022).
Beyond these headline metrics, the study relies on ablation analysis to check whether each component of the pipeline is actually earning its place. The comparisons that turn out to be most informative include recurrent-only forecasting, recurrent-plus-Transformer forecasting, recurrent-plus-graph forecasting, and finally the full hybrid framework with the RL layer on top. This step matters, because the thesis is not simply claiming that more components produce better results by default; the point is to test whether every added layer contributes enough measurable benefit to justify its inclusion in a Saudi-market advisory system.
[bookmark: _Toc227903964][bookmark: _Toc227903965]3.8 Ethical Considerations and Limitations
The proposed framework is deliberately positioned as a decision-support tool, not as a promise of guaranteed investment profit. Any move toward practical deployment would therefore need to be accompanied by clear communication about the uncertainty embedded in the system, the limitations of the underlying models, and the continuing role of human judgment in the final decision. This point carries particular weight in financial applications, where users have a well-documented tendency to over-trust algorithmic outputs when those outputs are presented without adequate context (Ansari et al., 2022).
From a methodological standpoint, the study also has to guard against several familiar pitfalls: survivorship bias, look-ahead bias, and overfitting to the training window. Alongside these, it has to acknowledge openly that model performance can deteriorate during structural breaks or during unusual market episodes that are underrepresented in the training data. Further limitations worth flagging include the constrained availability of high-quality Saudi market data, the well-known sensitivity of RL training to hyperparameter choices, and the more subtle challenge of translating a complex internal model behavior into advisory outputs that stay both simple to read and genuinely informative.
[bookmark: _Toc227903966]3.9 Proposed System Workflow
· Collect the historical Tadawul market data and clean it into a consistent working dataset. 
· Derive the technical indicators and the market-structure features from that dataset. 
· Train the sequence-based models alongside the Transformer-based forecasting models. 
· Build a stock relationship graph and learn the corresponding GNN embeddings from it. 
· Fuse the different predictive signals into a single hybrid market signal. 
· Feed this hybrid signal into a custom RL trading environment as part of the agent's state. 
· Translate the final outputs of the pipeline into buy, sell, or hold recommendations, each carrying a confidence level and a basic risk context. 
· Evaluate the framework on out-of-sample data along both the predictive and the financial dimensions.
Chapter 4: Experimental Results and Discussion
[bookmark: _Toc227903967]4.1 Introduction
This chapter sets out how the proposed framework should be examined empirically and, more importantly, how the evidence produced by those experiments ought to be read. Because the thesis brings forecasting, relational learning, and sequential decision-making under the same roof, no single metric is expected to settle the question of whether the framework is working well. Any meaningful discussion of the results therefore has to bring model quality, trading behavior, and advisory usefulness into one coherent line of analysis rather than treating them as three unrelated stories.
[bookmark: _Toc227903968][bookmark: _Toc227903969]4.2 Experimental Setup
The experimental design rests on chronological train, validation, and test partitions, chosen specifically to preserve the temporal ordering that is intrinsic to financial data. The models are first calibrated on the historical training window, then tuned on the validation segment, and finally evaluated on a test period that they have never seen during any stage of learning. This ordering is not a formality: any attempt to shuffle the data at random would inject information leakage into the pipeline and would push the reported performance well above what could realistically be expected in a live setting.
[bookmark: _Toc227903970]4.3 Baseline Models
A meaningful comparison requires a well-chosen set of baselines, and in this study the natural candidates fall into four groups. The first is a plain buy-and-hold strategy, which serves as the most transparent point of reference in any financial evaluation. The second is a rule-based technical trading system, which represents the kind of approach that many investors already apply in practice. The third comprises classical forecasting methods, which anchor the study within the established statistical tradition. The fourth consists of reduced versions of the proposed framework itself, obtained by disabling one component at a time. Taken together, these baselines make it possible to determine whether the full hybrid architecture is contributing something of its own, or whether it is largely reproducing results that simpler methods can already deliver at a lower cost.
4.3.1 Transformer Baseline Results
The Transformer baseline was evaluated on the ticker 1202.SR using a sequence length of 20 and a fixed random seed of 42. The dataset was split into 1,814 training sequences, 389 validation sequences, and 389 test sequences, giving a total of 2,592 sequences to work with. Under this configuration, the model reached its best validation performance at epoch 2, and on the held-out test set it produced an accuracy of 0.5116, a precision of 0.4343, a recall of 0.4551, and an F1 score of 0.4444.
Read together, these results suggest that the baseline Transformer did manage to capture at least some of the temporal structure embedded in the input, but the overall classification quality remained modest. The fact that precision, recall, and F1 all lie within a narrow band of one another points to behavior that is balanced yet limited in absolute terms. On that basis, the experiment is best treated as a benchmark reference against which more advanced or better-tuned models can be compared, rather than as a standalone decision-support model in its own right.
The main configuration settings and the evaluation outcomes of this Transformer baseline experiment are summarized in the table below.
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Figure 4.1: Transformer training and validation loss curves for ticker 1202.SR, with the best epoch indicated by early stopping.
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Figure 4.2: Transformer evaluation metrics on the test set for ticker 1202.SR.
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Figure 4.3: Transformer confusion matrix on the test set for ticker 1202.SR.
Table 4.1: Transformer baseline configuration and test performance for ticker 1202.SR.
	Parameter / Metric
	Value

	Ticker
	1202.SR

	Sequence Length
	20

	Random Seed
	42

	Best Epoch
	2

	Train Sequences
	1814

	Validation Sequences
	389

	Test Sequences
	389

	Total Sequences
	2592

	Features Used
	Open, High, Low, Close, Volume, SMA_5, SMA_20, Return_1d, Volatility_10d

	Accuracy
	0.5116

	Precision
	0.4343

	Recall
	0.4551

	F1 Score
	0.4444


A terminal execution screenshot is retained in the appendix as supplementary evidence of the experimental runtime and output generation process.
[bookmark: _Toc227903971]4.3.2 Logistic Regression Baseline Results
The logistic regression baseline was evaluated on the ticker 1202.SR using 1,828 training rows, 392 validation rows, and 392 test rows. The feature set fed into the model brought together Open, High, Low, Close, Volume, SMA_5, SMA_20, Return_1d, and Volatility_10d. Under this configuration, the model reached an accuracy of 0.5867, a precision of 0.6667, a recall of 0.0828, and an F1 score of 0.1474.
Although the logistic baseline came out on top of the current set of predictive baselines in both accuracy and precision, its recall dropped to a level that tells a different story: the model missed a substantial share of the positive market-movement cases it was supposed to detect. In practical terms, it is useful as a simple statistical reference — a familiar yardstick against which the other models can be measured — but the imbalance between its precision and its recall means that, on its own, it is not adequate as a classifier for a real advisory system.
Figures 4.4 and 4.5 present the logistic regression metrics and the confusion matrix obtained for ticker 1202.SR
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Figure 4.4: Logistic regression evaluation metrics on the test set for ticker 1202.SR.
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Figure 4.5: Logistic regression confusion matrix on the test set for ticker 1202.SR.
[bookmark: _Toc227903972]4.3.3 LSTM Baseline Results
The LSTM baseline was evaluated on the ticker 1202.SR using a sequence length of 20 and a random seed of 42. The dataset was divided into 1,814 training sequences, 389 validation sequences, and 389 test sequences, with the best validation performance being recorded at epoch 4. On the held-out test set, the model produced an accuracy of 0.5604, a precision of 0.4545, a recall of 0.1198, and an F1 score of 0.1896.
Taken together, these figures indicate that the LSTM baseline delivered a sequential benchmark that captures the temporal structure of the data slightly more effectively than the logistic model, yet both its recall and its F1 score stayed at a fairly limited level. For that reason, the LSTM baseline is best read as an intermediate sequence-learning benchmark, positioned between the plain logistic reference and the more expressive Transformer stream, rather than as a decision-support model that could stand on its own.
Figures 4.6, 4.7, and 4.8 show, respectively, the LSTM training curve, the evaluation metrics, and the confusion matrix obtained for ticker 1202.SR
[image: ]
Figure 4.6: LSTM training and validation loss curves for ticker 1202.SR, with the best epoch marked by early stopping.
[image: ]
Figure 4.7: LSTM evaluation metrics on the test set for ticker 1202.SR.
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Figure 4.8: LSTM confusion matrix on the test set for ticker 1202.SR.
[bookmark: _Toc227903973]4.4 Predictive Performance Analysis
The predictive analysis should begin by placing the hybrid model side by side with each of its individual components. Any measurable gain in directional classification, in the calibration of the predicted probabilities, or in the raw forecast error would support the view that the combined architecture is genuinely pulling more information out of the market state than any single component could on its own. That said, the discussion has to remain cautious about what such gains actually mean: a modest improvement in a predictive score only carries real weight if it holds up consistently across different test periods, rather than being concentrated in one narrow market regime that happens to favor the model.
[bookmark: _Toc227903974]4.4.1 Predictive Baseline Comparison
The predictive behavior of the three main baseline models on ticker 1202.SR is summarized below. Looking at the numbers, the logistic baseline came out ahead in accuracy at 0.5867 and in precision at 0.6667, yet its recall collapsed to just 0.0828 — a signal that the model was largely unable to detect positive market-movement cases when they actually occurred. The LSTM baseline improved on the temporal side of the problem but still ended up with a fairly limited F1 score of 0.1896. The Transformer baseline, by contrast, produced the best trade-off between recall (0.4551) and F1 score (0.4444), which makes it the most balanced predictive baseline of the three under the current experimental setup.
From an advisory perspective, the comparative evidence delivers a clear methodological lesson: accuracy on its own would be a misleading criterion for selecting a model. The Transformer baseline did not deliver the highest headline accuracy, but it did offer the strongest balance between sensitivity and overall classification quality — and it is precisely that balance which matters when the goal is to build a downstream decision-support system rather than to maximize a single scalar. On that basis, the Transformer baseline emerges as the more suitable temporal reference for later integration into a broader hybrid architecture.
The corresponding logistic, LSTM, and Transformer figures visually support the comparative reading offered in this subsection.
Table 4.2: Predictive baseline comparison for ticker 1202.SR.
	Model
	Train Rows
	Validation Rows
	Test Rows
	Accuracy
	Precision
	Recall
	F1 Score

	Logistic Regression
	1828
	392
	392
	0.5867
	0.6667
	0.0828
	0.1474

	LSTM
	1814
	389
	389
	0.5604
	0.4545
	0.1198
	0.1896

	Transformer
	1814
	389
	389
	0.5116
	0.4343
	0.4551
	0.4444


[bookmark: _Toc227903975]4.4.2 Multi-Stock Baseline Comparison
To test whether the picture emerging from a single Saudi stock actually generalizes, an additional multi-stock comparison was carried out. This extended experiment ran the three predictive baselines Logistic Regression, LSTM, and Transformer on three Saudi tickers side by side: 1202.SR, 2320.SR, and 4300.SR. The purpose of widening the scope in this way was to check whether the relative strengths of the baseline models remain stable when the market behavior underneath them changes, rather than being an artifact of one particular case study
Table 4.3: Multi-stock comparison across Logistic Regression, LSTM, and Transformer baselines for 1202.SR, 2320.SR, and 4300.SR.
	Model
	Ticker
	Train
	Val
	Test
	Acc.
	Prec.
	Recall
	F1

	Logistic
	1202.SR
	1828
	392
	392
	0.5867
	0.6667
	0.0828
	0.1474

	LSTM
	1202.SR
	1814
	389
	389
	0.5604
	0.4545
	0.1198
	0.1896

	Transformer
	1202.SR
	1814
	389
	389
	0.5116
	0.4343
	0.4551
	0.4444

	Logistic
	2320.SR
	2546
	546
	546
	0.5037
	0.5000
	0.0923
	0.1558

	LSTM
	2320.SR
	2532
	543
	543
	0.5120
	0.6111
	0.0409
	0.0767

	Transformer
	2320.SR
	2532
	543
	543
	0.4991
	0.4942
	0.4758
	0.4848

	Logistic
	4300.SR
	2550
	546
	547
	0.5356
	0.3103
	0.0370
	0.0662

	LSTM
	4300.SR
	2536
	543
	544
	0.5588
	0.0000
	0.0000
	0.0000

	Transformer
	4300.SR
	2536
	543
	544
	0.5699
	0.6875
	0.0458
	0.0859


The results make it clear that model behavior varies materially from one Saudi stock to another, which is itself an important finding it confirms that any conclusion drawn from a single ticker would necessarily be incomplete. On 1202.SR and 2320.SR, the Transformer baseline produced a considerably more balanced profile than Logistic Regression, and this was especially visible in the recall and F1 figures. On 4300.SR, both models struggled with recall, yet even in that harder setting the Transformer still edged out the logistic baseline in accuracy, precision, and F1. Read as a whole, this evidence reinforces two related points: accuracy on its own is not a sufficient criterion for selecting a model in a financial classification task, and richer temporal modeling can deliver stronger advisory relevance on selected Tadawul stocks. Once the LSTM baseline was brought into the same comparison, it remained weaker than the Transformer on all three stocks, and on 4300.SR it collapsed to zero recall and zero F1 a further piece of evidence in favor of the Transformer as the most suitable temporal baseline among the three models evaluated here.
This additional experiment strengthens the empirical footing of the thesis by taking the predictive evaluation beyond a single-stock case study and reframing it as a broader multi-stock analysis. The three-model comparison, run across the three tickers, therefore delivers stronger generalization evidence and a more credible empirical basis on which the later hybrid extensions of the framework can be built.
[bookmark: _Toc227903976]4.5 Trading Performance Analysis
The more practical question, once the predictive layer has been examined, is whether the stronger signals actually translate into better decision quality once they are placed inside the RL environment. The analysis should therefore ask a specific set of questions: does the agent produce more stable returns than the baseline strategies, does it achieve tighter control over its drawdowns, and does it manage its positions in a more disciplined way rather than trading in and out on every fluctuation. In an advisory setting aimed at real users, consistency and risk control often deserve as much weight as the raw return figure — and in some cases arguably more (Ansari et al., 2022; Kabbani & Duman, 2022).
[bookmark: _Toc227903977]4.5.1 Trading Baseline Comparison
The financial outcomes obtained for the Buy-and-Hold baseline and the Rule-Based trading strategy on ticker 1202.SR are summarized below. Over the evaluation period, the Rule-Based strategy outperformed Buy-and-Hold by a wide margin, delivering a total return of 147.18% against a loss of −24.38% for Buy-and-Hold. It also brought the maximum drawdown down from −77.89% to −34.76% and lifted the final equity from SAR 75,621.27 all the way to SAR 247,184.47. The Rule-Based strategy did execute 272 trades in the process, yet the resulting performance still points to a clear conclusion: even a structured, non-learning set of decision rules can already generate materially stronger portfolio behavior than passive holding under the market conditions tested here.
These figures constitute an important financial baseline for the thesis. Before reinforcement learning even enters the picture, the comparison is already enough to demonstrate that decision-oriented strategies can meaningfully improve both return and downside control relative to a passive exposure to the same stock. The baseline equity comparison chart is intended to be placed in this subsection in the final version of the thesis, so as to give visual support to this reading.
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Figure 4.9: Equity curve comparison between the Buy-and-Hold and Rule-Based trading baselines for ticker 1202.SR.
Table 4.4: Trading baseline comparison between the Buy-and-Hold and Rule-Based strategies for ticker 1202.SR.
	Metric
	Buy-and-Hold
	Rule-Based

	Ticker
	1202.SR
	1202.SR

	Start Date
	2015-05-03
	2015-05-28

	End Date
	2025-11-17
	2025-11-17

	Number of Rows
	2631
	2612

	Total Return (%)
	-24.38
	147.18

	Number of Trades
	1
	272

	Max Drawdown (%)
	-77.89
	-34.76

	Final Equity (SAR)
	75,621.27
	247,184.47


[bookmark: _Toc227903978]4.6 Interpretability and Advisory Quality
Interpretability continues to be one of the core dimensions along which the framework has to be evaluated. The advisory output itself needs to be judged on three fronts at the same time: how clear it is to the user, whether the sequence of recommendations remains internally consistent from one moment to the next, and how well it aligns with the market conditions actually observed at the time. Recommendations that arrive frequently but contradict one another would quickly erode the user's trust in the system, whereas recommendations that communicate their confidence and their attached risk in a stable and readable manner stand a much better chance of being genuinely useful to investors on the ground.
[bookmark: _Toc227903979]4.6.1 Application-Level Validation Using Sahmk API
In order to confirm that the proposed system holds up in a practical setting, the backend application was linked to the Sahmk market data API, which was chosen to serve as a live external source of Saudi stock market information. The integration was then verified through the application-level API endpoints exposed by the developed backend, and both of the endpoints exercised in the test returned the expected behavior. The endpoint /api/v1/market/quote/{symbol} produced a valid live quote for stock 2222, and the endpoint /api/v1/market/watchlist/quotes returned a properly structured list of live quotes for the several Saudi stocks that had been added to the configured watchlist. Stock 2222 (Saudi Aramco) was picked at this point as a representative liquid ticker used solely to validate the API integration itself, and it should be read as separate from the predictive modeling experiments discussed elsewhere.
The HTTP 200 responses received during the test, together with the correctly shaped JSON payloads returned by the service, are enough to confirm that the implemented system is capable of pulling in real market data in real time and then re-exposing that data cleanly through the project's own API layer. This finding adds weight to the practical side of the thesis, since it shows that the proposed advisory framework does not stop at offline experimentation but is able to run inside a real application environment that is connected to an active market data provider.
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Figure 4.10: Successful retrieval of live watchlist quotes through the developed backend integrated with the Sahmk API.
A supplementary screenshot of the successful /api/v1/market/quote/2222 response is retained in the appendix as additional application evidence.
Beyond its immediate validation role, this integration also lays a practical foundation for the future extensions of the system most notably real-time signal generation, dashboard-level visualization of market activity, and watchlist-based monitoring inside the deployed application.
[bookmark: _Toc227903980][bookmark: _Toc227903981]4.7 Discussion
Interpreting the findings honestly requires stepping back and engaging with a few broader questions that the numbers alone cannot answer. The first is whether the graph-based representation of market structure genuinely adds value during sector-led movements or during periods of pronounced co-movement, as opposed to acting as background noise the rest of the time. The second is whether the RL agent is really learning a robust decision policy or is merely overfitting to historical patterns that happen to repeat themselves within the training window. The third is whether the advisory layer manages to simplify the system for the end user without at the same time hiding uncertainty that the user should actually be aware of.
The baseline evidence gathered so far already carries a clear methodological message: leaning on a single metric such as accuracy is enough to produce misleading conclusions in financial classification tasks. The logistic regression model reached the highest accuracy in the comparison, but its recall was so low that a large share of the relevant positive cases went undetected. The Transformer model, in contrast, produced the strongest balance between recall and F1 score, which is what qualifies it as a more suitable predictive benchmark for advisory use. Turning to the financial side, the Rule-Based strategy clearly outperformed Buy-and-Hold in both profitability and drawdown control. Read together, these findings back the central argument of the thesis — that decision-aware and hybrid modeling approaches earn their place not merely because they are theoretically richer, but because they translate into measurably better portfolio behavior. The additional multi-stock evidence gathered across 1202.SR, 2320.SR, and 4300.SR further shows that the ranking of models is not perfectly stable when the underlying stock changes, yet the Transformer still comes out as the strongest overall model once recall and F1 are considered together rather than in isolation.
4.8 Threats to Validity
Several threats to validity have to be acknowledged when reading the results of this study. Assumptions about transaction costs, the specific stock universe that was chosen for the experiments, effects tied to the particular sample period used, and possible shifts in market microstructure over time all belong to that list. The Saudi market, in addition to these general concerns, may go through regime shifts that affect different sectors unevenly — which means that any conclusion drawn from one historical period should not be generalized to future ones without a real degree of caution.
[bookmark: _Toc227903982]4.9 Result Matrix
The thesis brings the empirical findings together into consolidated result tables that cover both the predictive and the financial sides of the evaluation. One of these tables places the predictive metrics of the different baseline models next to each other, while another summarizes the financially meaningful outcomes obtained for the trading baselines.
A compact result matrix, which summarizes the main empirical findings coming out of both the predictive baselines and the trading baseline comparison, is reported below.
This result matrix reinforces the empirical foundation of the thesis by tying the classification-oriented evidence to the financially meaningful trading outcomes, and by making the connection between the two visible in a single view. It also serves as a structured benchmark against which the subsequent hybrid and reinforcement learning components introduced in later stages of the project can be measured on comparable terms.
Table 4.5: Result matrix summarizing the main predictive and trading findings of the thesis.
	Component
	Key Results
	Interpretation

	Logistic Regression Baseline
	Accuracy = 0.5867, Precision = 0.6667, Recall = 0.0828, F1 = 0.1474
	Highest accuracy and precision, but poor sensitivity to positive cases.

	LSTM Baseline
	Accuracy = 0.5604, Precision = 0.4545, Recall = 0.1198, F1 = 0.1896
	Useful sequential benchmark, but overall classification balance remained limited.

	Transformer Baseline
	Accuracy = 0.5116, Precision = 0.4343, Recall = 0.4551, F1 = 0.4444
	Most balanced predictive baseline and strongest benchmark for further hybrid integration.

	Trading Baseline Comparison
	Buy-and-Hold return = -24.38%; Rule-Based return = 147.18%; Final equity = SAR 75,621.27 vs SAR 247,184.47
	Decision-oriented strategy materially outperformed passive exposure on both return and drawdown control.

	Multi-Stock Baseline Comparison
	Across 1202.SR, 2320.SR, and 4300.SR, the Transformer delivered the strongest overall balance, especially on 1202.SR and 2320.SR, while LSTM remained inconsistent and weak on 4300.SR.
	Extends the evidence beyond a single-stock case and reinforces that accuracy alone is insufficient for model selection.


[bookmark: _Toc227903983]Chapter 5: Conclusion and Future Work
[bookmark: _Toc227903984]5.1 Conclusion
This thesis set out to examine, in concrete rather than purely conceptual terms, whether an Artificial Intelligence-based investment advisory framework can be built for the Saudi Stock Market. The work chose to anchor the discussion in empirical baseline evaluation, and the experiments carried out on stock 1202.SR made two things clear. The first is that predictive baselines do not behave uniformly across metrics a model can look strong on one measure while quietly failing on another and the second, closely related, is that accuracy on its own is a poor guide to model quality in financial classification. Within the set of models evaluated, the Transformer baseline produced the most balanced classification profile, whereas the logistic regression baseline achieved a higher headline accuracy at the cost of a recall too low to be useful in practice. On the financial side, the trading baseline comparison delivered an equally clear message: the rule-based strategy substantially outperformed buy-and-hold in total return, final equity, and maximum drawdown alike. Taken together, these findings give the thesis a real empirical foundation and support the broader argument that any intelligent advisory system built for Tadawul should be judged jointly on its predictive quality and on the financial relevance of its outputs. The multi-stock comparison carried out later across 1202.SR, 2320.SR, and 4300.SR reinforced this picture model behavior varies materially from one Saudi stock to another, yet the Transformer baseline still emerged as the strongest overall model once balanced recall and F1 performance were considered together.
[bookmark: _Toc227903985]5.2 Main Contributions
The main contributions of the present work can be organized into four points. The first is that the thesis puts in place a Saudi-market-oriented experimental setup for evaluating stock movement prediction, one that is built on top of structured OHLCV-based features together with a considered set of technical indicators. The second is that it offers a comparative empirical analysis of three predictive baselines — logistic regression, LSTM, and Transformer — and shows that, under the present configuration, the Transformer model provided the most balanced profile in terms of recall and F1 score. The third contribution comes from the trading baseline analysis, which demonstrates that even a simple rule-based strategy can materially outperform a passive buy-and-hold approach on the selected case study, and thereby ties the predictive analysis directly to financially interpretable outcomes rather than leaving it on a purely statistical plane. The fourth is that the work lays a practical foundation on which the system can be extended into a fuller hybrid advisory architecture, one that may later incorporate graph-based market structure, reinforcement learning, and a user-facing recommendation layer. To these four, one further contribution should be added: the extension of the predictive evaluation from a single-stock case study to a multi-stock comparison across three Saudi tickers, which produced stronger empirical evidence for the relative robustness of the Transformer baseline.
[bookmark: _Toc227903986]5.3 Future Work
Future work should carry the current baseline study forward into a more complete hybrid advisory system. A first priority is to bring graph-based market representations into the pipeline, so that the sector relationships and the cross-stock dependencies present in Tadawul can be modeled explicitly rather than absorbed implicitly by a per-stock forecaster. A second priority is to layer reinforcement learning on top of the predictive stage, in order to test whether sequential decision policies can genuinely improve trade timing, risk control, and the overall quality of the advisory output beyond what static rule-based strategies are able to deliver. Further extensions worth pursuing include enlarging the stock universe under study, drawing on richer intraday and fundamental data, tightening the hyperparameter tuning process, and finally deploying the framework inside an interactive dashboard that presents its buy, sell, and hold recommendations together with the confidence attached to each and the basic risk context surrounding it.
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