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Highlights

« Proposed a hybrid model combining Elliott Wave Theory, Fibonacci analysis, and LSTM neural
network.

* Superior accuracy: 77.3% Directional Accuracy (DA) vs. SVM (68.2%) and Decision Tree
(64.5%)

« Lowver error rate: 9.45% Mean Absolute Error (MAE) vs. SVM (12.35%) and Decision Tree
(13.89%)

Abstract

Financial markets play a crucial role in capital allocation and economic growth; therefore,
accurate prediction of stock price trends is of particular importance. This study presents an
innovative approach for predicting stock price trends in the Tehran Stock Exchange by
combining Elliott Wave Theory, Fibonacci retracement analysis, and a Long Short-Term
Memory (LSTM) neural network. The proposed method utilizes historical stock price data to
identify recurring patterns in market price movements, enabling more accurate predictions
compared to traditional models. The results indicate that the LSTM model achieved an MAE
of 9.45 and a DA of 77.3%, outperforming traditional models. Furthermore, integrating Elliott
Waves and Fibonacci analysis enhances the model’s ability to detect reversal points and
forecast market trends.
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Introduction

Financial markets play a fundamental role in capital allocation and
economic growth, making accurate stock price trend prediction critically
important for investors, policymakers, and analysts. Traditional
approaches to stock price prediction can be broadly categorized into
fundamental analysis, which examines economic factors and company
financials, and technical analysis, which studies historical price patterns
and market behavior. Technical analysis operates on the premise that
history repeats itself and that future price changes can be determined based
on past price movements, as market trends are shaped by investor
sentiment reflected in price and volume data. Unlike simpler machine
learning algorithms such as Support Vector Machines (SVM) or Decision
Trees, LSTM networks can automatically extract relevant features and
learn intricate relationships without requiring manual feature engineering.
Previous research has explored various combinations of technical analysis
and machine learning for stock market prediction. Khan et al. (2022)
incorporated social media and financial news data to enhance prediction
accuracy. Liu et al. (2023) introduced a hybrid deep learning model for
stock price prediction using technical indicators and news sentiment. Kim
et al. (2022) integrated chart pattern recognition with convolutional neural
networks (CNNs).

This study extends previous work by Seif et al. (2021) through the
integration of deep learning techniques, specifically LSTM neural
networks, with Elliott Wave Theory and Fibonacci retracement analysis.
The primary objective is to develop a novel approach for stock price trend
prediction that leverages the strengths of both traditional technical analysis
tools and modern machine learning methods.

Methodology

The proposed methodology consists of four main stages:

Stage 1: Elliott Wave Identification

The Elliott Wave Theory is applied to historical price data to identify
market structure and classify price movements into impulsive or corrective
waves.

Stage 2: Fibonacci Analysis

Fibonacci retracement and extension levels are applied to enhance
prediction of turning points or continuation zones in price trends. Key
Fibonacci levels including 0.236, 0.382, 0.5, 0.618, and 0.786 serve as
critical points for identifying potential support and resistance levels where
price reversals or trend continuations are likely to occur.

Stage 3: LSTM Neural Network Architecture
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The LSTM model is constructed with input layers, LSTM layers, and
output layers configured to process historical stock price data alongside
identified wave patterns and Fibonacci levels.

Stage 4: Prediction and Evaluation

The trained LSTM model generates predictions for future stock price
trends. Model performance is evaluated using two primary metrics:

e Mean Absolute Error (MAE): Measures the average magnitude of
prediction errors

o Directional Accuracy (DA): Assesses the model's ability to
correctly predict the direction of price movements

To validate the effectiveness of the proposed hybrid approach, its
performance is compared against two traditional machine learning
methods:

e Support Vector Machine (SVM)
e Decision Tree algorithm

These models are trained and tested on the same dataset using identical

data partitioning and evaluation criteria.

Results

The experimental results demonstrate significant improvements
achieved by the proposed hybrid LSTM model incorporating Elliott Wave
and Fibonacci analysis. Both traditional models exhibit moderate
performance in stock price trend prediction, with directional accuracy
ranging between 64-68%. The SVM model outperforms the Decision Tree
algorithm, achieving lower MAE and higher DA values.

The proposed hybrid approach demonstrates superior performance
across both evaluation metrics. The MAE is reduced to 9.45%,
representing a 23.5% improvement over SVM and a 32% improvement
over Decision Tree. Directional accuracy increases to 77.3%, substantially
outperforming both traditional methods.

Discussion

This study presents a novel approach for stock price trend prediction
through the integration of Elliott Wave Theory, Fibonacci retracement
analysis, and LSTM neural networks. The experimental results
demonstrate that the proposed hybrid method significantly outperforms
traditional machine learning approaches, achieving directional accuracy of
77.3% and reducing prediction error to 9.45%.

The superior performance can be attributed to several factors. First,
LSTM networks excel at capturing long-term dependencies and complex
temporal patterns in financial time series data. Second, Elliott Wave
analysis provides a structured framework for identifying recurring market
patterns and wave structures. Third, Fibonacci levels offer objective
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reference points for potential support, resistance, and price targets. The
combination enables the model to leverage the strengths of each approach:
Fibonacci for identifying support/resistance levels, Elliott Waves for
overall market movement analysis, and LSTM for learning complex
nonlinear relationships.

Conclusion

This research makes several contributions to the field of financial time
series prediction. The findings support the hypothesis that market behavior
exhibits recurring patterns that can be systematically identified and
leveraged for prediction. From a practical standpoint, the proposed method
provides investors and analysts with an enhanced tool for decision-making
in financial markets. The improved directional accuracy enables better
identification of entry and exit points, potentially leading to more
profitable trading strategies. For policymakers, the ability to anticipate
market trends supports more informed economic policy decisions. Despite
its promising results, the proposed approach has certain limitations. The
hybrid model requires greater computational resources and longer training
times compared to simpler methods. Additionally, if not carefully tuned,
the model may be susceptible to overfitting, particularly when applied to
smaller datasets.
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