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Abstract

The increasing complexity and interconnectedness of global financial markets present significant
challenges for accurately identifying undervalued and overvalued stocks, especially for novice
investors. Traditional valuation models often fail to capture dynamic market conditions and inter-
stock relationships. This paper proposes an innovative framework combining Graph Neural
Networks (GNNs) with Generative Al techniques to detect mispriced stocks in real time. By
modeling stocks and their interrelations as graphs, the framework exploits structural dependencies
and integrates a Variational Graph Autoencoder (VGAE) to generate synthetic market scenarios,
enhancing robustness against volatility and data scarcity. Additionally, a user-centric robotic
advisory system with explainability features is designed to make advanced valuation accessible to
novice traders. Empirical evaluations on multi-year datasets demonstrate superior predictive
performance and usability compared to traditional machine learning baselines. This work bridges
the gap between cutting-edge Al methods and financial market accessibility, empowering non-
experts in complex decision environments.
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1. Introduction

Financial markets are characterized by rapid shifts and complex relationships among stocks,
sectors, and macroeconomic factors. Identifying undervalued and overvalued stocks is a critical
but challenging task, complicated further by noisy data and interdependencies that traditional
valuation models struggle to capture (Damodaran, 2022). This challenge is particularly acute for
novice investors, who lack sophisticated tools and domain expertise.

This paper presents a Graph Neural Network-driven Generative AI framework designed to
detect undervalued and overvalued stocks in dynamic market environments. The approach models
the market as a graph, representing stocks as nodes and their relationships (sectoral, supply chain,
correlation, sentiment influence) as edges. A multi-layer Graph Attention Network (GAT) captures
nuanced inter-stock dependencies, while a Variational Graph Autoencoder (VGAE) augments
training with realistic synthetic scenarios, improving robustness to market volatility. A robotic
advisory system incorporating explainability mechanisms translates complex outputs into intuitive
insights for novice users.

2. Literature Review

2.1 Traditional Valuation Methods and Limitations

Fundamental valuation methods, such as discounted cash flow and financial ratios, offer a
theoretical basis but often rely on static assumptions ill-suited for volatile markets (Kothari &
Shanken, 2022). Technical analysis approaches overlook fundamental interdependencies, limiting
predictive power (Chen et al., 2023).

2.2 Graph Neural Networks in Financial Applications

GNNs extend deep learning to graph-structured data, allowing relational reasoning. Their use in
finance includes fraud detection (Wang et al., 2022), portfolio optimization (Li & Zhao, 2023),
and stock price prediction (Sun et al., 2023). GATs dynamically weigh neighbour influences,
crucial for capturing heterogeneous market relationships.

2.3 Generative Al for Financial Data Augmentation

Generative models like GANs and VAEs enable data augmentation and scenario simulation,
addressing data scarcity and improving model generalisation (Gupta et al., 2022). VGAEs,
combining variational inference with graph embeddings, are especially suited for graph-structured
financial data (Deng et al., 2022).
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2.4 Explainable AI and User Accessibility

Explainability fosters trust in Al decisions (Ribeiro et al., 2022). Robotic advisory systems
delivering transparent, interactive explanations improve novice user engagement and
understanding (Zhao et al., 2023).

3. Problem Statement and Objectives

Existing stock valuation systems inadequately capture the dynamic, relational nature of the market
and remain inaccessible to non-experts. The objectives are:

1. Model: Construct a dynamic stock market graph integrating price, volume, sector,
sentiment, and supply chain data.

2. Detect: Use GNNs to identify undervalued and overvalued stocks based on learned

relational patterns.

Augment: Integrate VGAE-generated synthetic scenarios to enhance robustness.

4. Explain & Deliver: Build a robotic advisory system offering explainable insights
accessible to novice traders.

»

Contemporary stock valuation frameworks predominantly rely on isolated numerical indicators
such as price and volume, often disregarding the intricate, dynamic, and relational
interdependencies inherent within financial markets. Additionally, these systems typically demand
considerable domain expertise, rendering them inaccessible to novice traders and retail investors.
Consequently, there exists a critical need for an intelligent, explainable, and novice-accessible
valuation system that holistically captures the multifactorial dynamics of the market.

Research Objectives:
To address these limitations, the study is guided by the following core objectives:

1. Model Construction: Develop a dynamic graph-based representation of the stock market
by integrating heterogeneous data sources, including price, volume, sector classification,
sentiment analysis, and supply chain information.

2. Stock Classification: Implement Graph Neural Networks (GNNs) to identify undervalued
and overvalued stocks by learning latent relational patterns and dependencies within the
constructed market graph.

3. Scenario Augmentation: Employ Variational Graph Autoencoders (VGAESs) to generate
synthetic market scenarios, thereby enhancing the robustness and generalizability of the
predictive model under varied market conditions.

4. Explainability and Accessibility: Design and deploy an Al-powered robotic advisory
system capable of delivering explainable, interpretable, and actionable insights tailored to
novice traders and non-expert market participants.
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4. Methodology

4.1 Data Sources and Preprocessing

e Price and Volume: Daily stock data from Yahoo Finance and Alpha Vantage (2018-
2024).

e Sector Data: Global Industry Classification Standard (GICS).

¢ Sentiment Data: News and social media (Twitter API, Reuters), scored with VADER
sentiment analyser.

e Supply Chain Data: Extracted from company disclosures and public APIs.

Data is normalised, and missing values are handled via interpolation.

Data Acquisition:

A comprehensive dataset was constructed by aggregating multi-dimensional financial and non-
financial information spanning the period 2018 to 2024. The following primary data sources
were utilized:

e Price and Volume Data: Daily stock market data procured from Yahoo Finance and
Alpha Vantage APIs.

e Sector Classification Data: Company-specific sector classifications obtained from the
Global Industry Classification Standard (GICS) framework.

e Sentiment Data: Real-time and historical sentiment data acquired from financial news
outlets (e.g., Reuters) and social media platforms (e.g., Twitter API), subsequently
processed using the VADER Sentiment Analyser to assign standardised sentiment scores.

e Supply Chain Data: Sourced from publicly available company disclosures, earnings
reports, and third-party supply chain APIs to map intercompany relationships and
dependencies.

Data Preprocessing:
The collected data underwent systematic preprocessing procedures, including:

e Normalization: Numerical variables were standardized using min-max scaling to ensure
uniformity in model input.

e Missing Value Treatment: Missing data points were addressed through linear
interpolation for continuous variables and mode imputation for categorical attributes.

e Sentiment Score Aggregation: Sentiment data was aggregated on a daily basis per stock
ticker to obtain composite sentiment scores reflecting prevailing market mood.

e Supply Chain Network Construction: A directed graph was constructed wherein
companies were represented as nodes, and supplier-client relationships were modeled as
weighted edges.

Page No: 41



JOURNAL OF COMPUTER SCIENCE (ISSN NO: 1549-3636) VOLUME 18 ISSUE 06 JUNE 2025

4.2 Dynamic Graph Market Model Construction
¢ Nodes: Individual stocks.

e [Edges:
o Sector-based: Connect stocks within the same sector.
o Supply chain: Directed edges from suppliers to customers.
o Price correlation: Edges where rolling correlation > threshold (e.g., 0.6).
o Sentiment influence: Edges linking stocks with co-occurring news impact.

A dynamic, temporal graph structure was formulated where each node represented a
publicly listed company, and edges denoted relational dependencies, including sector
affiliation, supply chain linkages, and sentiment-based correlations. Node attributes
encompassed normalised price, volume, sector code, sentiment score, and supply chain
metrics. The dynamic nature was modelled by capturing time-indexed graph snapshots

reflecting daily market states.
Node features include:
e Normalized closing price
e Volume

¢ Sentiment score
¢ Financial ratios (P/E, P/B, etc.)

4.3 Graph Neural Network Architecture Implementation

A Graph Attention Network (GAT) is used with the following design:

Input: Node features and adjacency matrix.

Attention layers: Assign adaptive weights to neighbours.

Temporal modelling: Gated Recurrent Units (GRU) incorporate time series dynamics.
Output: Valuation deviation score sis_isi per stock iii, where

si>0= overvalued, si<—0= undervalued for threshold 6
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Pseudocode Summary

Input: Graph G=(V,E), node features X_t for time t
For each timestep t:
For each node i in V:
Compute attention weights a_ij for neighbours j in N(i)
Aggregate neighbor features: h_i=%_jo_ij * X_j
Update temporal state with GRU: h_i_t = GRU(h_i, h_i_{t-1})

Output valuation scores s = MLP(h_t)

The predictive core of the framework employed a Graph Neural Network (GNN) architecture,
capable of capturing complex, non-linear relational patterns within the graph-structured data. The
GNN model was trained to classify stocks into three categories: undervalued, fairly valued, and
overvalued. Relational features such as sectoral clustering, supply chain influence, and market
sentiment propagation were incorporated as node and edge features to enhance classification

accuracy.

4.4 Generative Al: Variational Graph Autoencoder (VGAE)-Based Scenario Augmentation

The VGAE learns latent representations ZZZ of the graph and generates synthetic samples by
perturbing latent variables, simulating market shocks.

Training objective
L=Eq(ZIX,A)[logp(A1Z)]-KL[q(ZIX,A)|Ip(Z)] Where:

¢ X: node features

e A: adjacency matrix

e (, p: encoder and prior distributions
Synthetic graphs augment GNN training, increasing model robustness.
To improve model robustness under diverse and unforeseen market scenarios, a Variational
Graph Autoencoder (VGAE) was implemented. VGAE facilitated the generation of synthetic
graph structures by learning the latent distribution of the real market graph. These synthetic

scenarios were integrated into the training pipeline to expose the GNN to hypothetical market
states, thereby enhancing its adaptability and reducing overfitting risks.
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4.5 Robotic Advisory System and Explainability

The system consists of:

Dashboard: Highlights stocks flagged as undervalued or overvalued with confidence
scores.

Natural Language Explanations: Summaries of valuation rationale (e.g., “Stock A is
undervalued due to low P/E ratio and positive sector sentiment’).

Interactive Queries: Users ask, “Why is Stock B overvalued?”, receiving graphical
attention maps and counterfactual scenarios.

User Interface Design: Simplified for novice traders with tutorials and glossary.

An Al-powered robotic advisory interface was developed to operationalise the proposed
framework. The system was designed to deliver:

Explainable Insights: Via SHAP (SHapley Additive exPlanations) values and graph-
based visualisation tools.

User-Friendly Interpretations: Simplified advisories tailored for novice users,
indicating recommended actions (e.g., buy, hold, sell) alongside reasoning based on
market relationships and sentiment trends.

Real-Time Performance: Enabled through efficient graph updates and incremental
learning modules to handle dynamic market data streams.

User Experience (UX) and Novice Trader Accessibility Design

4.6 Novice User Accessibility and Human-Centric Interaction Design

A core aim of this research is to democratise advanced financial analytics by making stock
valuation tools accessible to novice investors. While explainability features are vital, equal
emphasis must be placed on the user experience (UX) and human-computer interaction (HCI)
principles to ensure financial insights are understandable, actionable, and non-intimidating for
non-technical users.

The proposed robotic advisory system will incorporate a user-centric interface design strategy
with the following features:

Plain Language Financial Summaries:

The system avoids complex financial jargon and instead delivers stock analysis and
recommendations in clear, non-technical language. For example, instead of “positive
earnings momentum,” it will display “This company’s profits have been steadily
increasing for the past 3 months.”

Interactive Visual Dashboards:

Data visualizations will be presented using intuitive icons, traffic light indicators (green =
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undervalued, red = overvalued), and simplified trend arrows, allowing novice users to
grasp stock conditions at a glance.

Onboarding Tutorials and Tooltips:

New users will receive guided tutorials and contextual tooltips explaining financial terms,
Al model outputs, and valuation criteria, reducing the learning curve and promoting
financial literacy.

Adaptive Interface Complexity:

The system will assess user behavior and progressively introduce advanced features only
as users become more comfortable. This progressive disclosure design pattern prevents
overwhelming new traders with excessive information initially.

Voice-Enabled Queries:

To enhance accessibility, especially for users with limited digital literacy, the advisory
system will integrate voice command features, enabling users to ask questions like
“Which undervalued stocks should I buy today?” and receive verbal explanations.

This thoughtful design ensures the Generative AI-powered robotic model is not only accurate
and explainable but also truly usable and inclusive for novice users, aligning directly with the

human-

centric promise of the proposed PhD framework.

5. Experiments and Results

5.1 Experimental Setup

Data split: Train (2018-2021), Validation (2022), Test (2023-2024).

Baselines: LSTM, Random Forest, GNN without augmentation.

Metrics: Precision, Recall, F1-score for undervaluation/overvaluation classification; MSE
for valuation score regression.

5.2 Quantitative Results

|M0del HPrecisi0n|‘RecallHFl-scoreHMSE|
IRandom Forest 0.65 0,70 [0.68  ]00.034
ILSTM 070 Jl0.74 [0.72  ]0.028|
IGNN (no augmentation)  [0.82  [0.85 |0.83  ]0.021]
IGNN + VGAE Augmentation|0.89  [0.86 [0.87  ]0.016]

The GNN + VGAE framework significantly outperforms others, particularly in volatile periods
(e.g., the 2020 pandemic).

5.3 Qualitative User Study
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A survey with 30 novice traders showed:
¢ 90% found explanations clear and helpful.

e 85% reported increased confidence in investment decisions.
e Interactive features improved understanding of model outputs.

Relationship Chart: Problem Statement <~ Objectives <~ Methodology
PROBLEM STATEMENT
Existing stock valuation systems inadequately capture the dynamic,
The relational nature of financial markets and remain inaccessible to non-experts.
!
OBJECTIVES
1/Model: Construct a dynamic stock market graph integrating
price, volume, sector, sentiment, and supply chain data.
!
21 Detect: Apply Graph Neural Networks (GNNs) to identify
undervalued and overvalued stocks based on relational patterns.
!
3[1Augment: Integrate VGAE-generated synthetic scenarios
to enhance model robustness and market scenario coverage.
!
4[] Explain & Deliver: Build a robotic advisory system

offering explainable, novice-friendly stock insights.

l

METHODOLOGY
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Data Collection & Preprocessing:
- Price, Volume: Yahoo Finance, Alpha Vantage
- Sector Data: GICS
- Sentiment Data: Twitter API, Reuters (VADER)
- Supply Chain: Company Disclosures, Public APIs
- Data Normalisation & Missing Value Interpolation
!
Dynamic Stock Market Graph:
- Nodes = Companies
- Edges = Relationships (Sector links, Supply chain ties, Sentiment correlation)
!
GNN Implementation:
- Learn relational patterns to classify stocks as undervalued or overvalued
!
VGAE-Based Scenario Augmentation:
- Generate synthetic market scenarios to improve model stability
!
Robotic Advisory System:

Generate explainable, novice-accessible stock recommendations

ANOTHER WAY: Flow Chart: Relationship among Problem Statement, Objectives, and
Methodology
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PROBLEM STATEMENT

l

Existing stock valuation systems fail to capture dynamic, relational market structures and are
inaccessible to non-experts.

| Leads to —
RESEARCH OBJECTIVES
1. MODEL:
- Build a dynamic stock market graph integrating multiple data types.
2. DETECT:
- Use GNN to classify undervalued and overvalued stocks based on relational patterns.
3. AUGMENT:
- Apply VGAE to generate synthetic scenarios for model robustness.
4. EXPLAIN & DELIVER:
- Design an explainable robotic advisory system accessible to novice traders.
| Addressed by —
METHODOLOGY
— 4.1 Data Sources & Preprocessing
- Collect price, volume (Yahoo, Alpha Vantage)
- Sector classification (GICS)
- Sentiment (Twitter API, Reuters via VADER)
- Supply chain data (company disclosures, APIs)
- Normalize, handle missing values via interpolation
— 4.2 Dynamic Graph Market Model

- Nodes = Companies
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- Edges = Relations (sector links, supply chain ties, sentiment correlation)
— 4.3 GNN Implementation

- Train GNN to classify stocks based on learned relational patterns
— 4.4 VGAE Scenario Augmentation

- Generate synthetic market scenarios for training to improve robustness
— 4.5 Robotic Advisory System

- Deliver explainable, user-friendly stock recommendations for novice traders

6. Discussion

The combination of graph-based relational learning with generative scenario augmentation yields
a powerful method for stock mispricing detection. Modeling the market as a dynamic graph
captures latent interdependencies lost in traditional approaches. The VGAE-generated data
simulates rare events and enhances model resilience.

Explainability and novice accessibility address a critical gap, making advanced analytics practical
beyond expert users. Limitations include reliance on quality sentiment data and lag in real-time
data processing, which future work aims to mitigate.

Democratizing Financial Analytics: Social and Ethical Impact

6.1 Democratizing Financial Analytics for Novice Traders

The financial markets have traditionally been dominated by institutional players and experienced
investors equipped with complex analytic tools and privileged access to real-time data. This
technological disparity has excluded novice and retail investors from making data-informed
investment decisions, often exposing them to higher financial risks.

The proposed Generative AI-Powered Robotic Model serves as a step toward democratising
financial analytics, bridging this long-standing gap by offering Al-driven valuation insights in an
accessible and transparent manner. By enabling novice traders to access the same level of stock
mispricing intelligence once reserved for professional analysts, the framework promotes financial
inclusion and market participation equity.

Furthermore, by integrating explainable Al (XAI) modules, adaptive dashboards, and interactive
financial guidance, the system addresses ethical concerns around Al opacity in decision-critical
applications. This fosters greater user trust, allowing investors to understand not just what
decisions the Al recommends but also why those decisions were made.
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The wider adoption of such systems could lead to a more balanced and inclusive financial
ecosystem, where informed participation is not confined to a select demographic. This outcome
aligns with global financial ethics trends advocating for AI-enabled financial democratisation
and retail investor empowerment.

Future research should examine the system’s real-world impact on novice traders’ decision-
making behaviour and financial outcomes, contributing valuable empirical evidence to the
growing discourse on Al-driven financial inclusion.

7. Conclusion

This study develops a pioneering framework integrating Graph Neural Networks and Generative
Al to detect undervalued and overvalued stocks under dynamic market conditions. The
framework’s explainable robotic advisory system democratises financial decision-making,
empowering novice traders with actionable insights. Future research will explore real-time
streaming data integration, multi-modal data fusion, and personalised advisory enhancements.

8. Summary

This methodology proposes a comprehensive, relational, and explainable Al-driven framework for
stock valuation in dynamic markets. It uniquely combines graph-based modelling, GNN
classification, VGAE-based scenario simulation, and robotic advisory delivery into an
integrated system, addressing both technical rigour and user accessibility.
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