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ABSTRACT

This project aims to perform a time-frame analysis of stock price data using Python, focusing on identifying
trends, patterns, and potential forecasting techniques. Stock prices exhibit complex, time-dependent behavior that
can be analyzed by examining historical data across various time frames, such as daily, weekly, and monthly
intervals. The project leverages Python's powerful data manipulation libraries (Pandas, NumPy) and
visualization tools (Matplotlib, Seaborn) to clean, preprocess, and analyze time-series data. Advanced statistical
and machine learning methods, such as moving averages, exponential smoothing, and autoregressive models
(ARIMA), are employed to capture temporal patterns and forecast future prices. The analysis also includes
performance evaluation metrics, including Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE),
to assess the accuracy of the predictions. By examining stock price movements over different periods, this project
aims to provide insights into the short- and long-term trends, helping investors make data-driven decisions in the
stock market.

INTRODUCTION

Background

The stock market is a complex and dynamic system, where price are influenced by a myriad of factors including
economic indicators, company performance, market sentiment, and geopolitical all events. Accurate forecasting
of stock prices is a crucial task for investors, financial analysts, and policymakers, as it helps in making informed
decisions, optimizing portfolios, and mitigating risks. Time series analysis, which deals with sequential data, has
become an essential tool for analysing historical stock price data and predicting future movements.

Objectives
The primary objective of this project is to analyse and forecast the stock prices of Apple Inc. using a variety of
time series analysis and forecasting techniques. For Example;

1. Gathering and preparing stock price data.
2. Performing exploratory analysis to identify underlying patterns and structures.

3. Implementing different time series models, including both traditional statistical methods and modern machine
Implementing learning techniques.

4. Assessing the effectiveness of these models using suitable metrics.
5. Providing insights, actionable forecasts for short-term and extended time frames.

Outline
The outline of this project includes the following:

Let me know if you would like more changes or clarifications!

e Data collection: Acquiring daily stock price data for Apple Inc. over a period of ten years from are liable
financial all the Database.

e Data Pre-processing: Cleaning and transformation the data to ensure it is a proper visualization of analysis.

e Modelling: Applying various time series forecasting models, such as ARIMA, GARCH, LSTM networks and
Facebook idealist.

e Evaluation: Assessing all of models accuracy and the performance of using metrics like Mean Squared Error
(MSE) and Root etc.

Mean Squared Error (RMSE).

In our study of stock forecasting, we apply a range of models to understand market dynamics. While many
models are geared towards predicting stock prices, our focus is on using the GARCH model, which is
specifically designed to predict market volatility. This allows us to capture the fluctuations and uncertainty in
the market more effectively. This model effectively captures changing variances and covariance of stock returns,
enhancing our ability to manage risk and anticipate market volatility.
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This report is structured to provide a comprehensive overview of the methodologies employed, the analysis
conducted, and the results obtained. By comparing traditional and modern forecasting techniques, this study aims
to highlight the strengths and limitations of each approach and offer recommendations for future research and
practical applications.

METHODOLOGY

Overview of Time Frame Analysis

Time Frame analysis involves statistical techniques for analysing temporal data points collected or recorded at
specific time intervals. In finance, it is widely used for analysing stock prices, economic indicators, and other
financial metrics. Time Frame analysis helps in understanding the underlying patterns, trends, and seasonal
effects in the data, which can be crucial for making forecasts.

Time Frame Decomposition

Time Frame decomposition is a crucial step in understanding the underlying components of the stock price data.
By decomposing the time Frame, we can separate it into its constituent components: trend, seasonality, and
residuals. This helps in identifying the patterns in the data and aids in more accurate forecasting. In this section,
we perform time Frame, decomposition on Apple’s stock price data.

Trend-

The trend component represents the long-term progression of the Frame. It shows the general direction in which
the stock prices are moving over time. In financial time Frame, trends can be influenced by various factors such
accompany performance, market conditions, and economic events.

Seasonality

The seasonal component captures the repeating patterns or cycles within the data at fixed intervals, such as daily,
monthly, or yearly Seasonal patterns are particularly relevant in stock prices due to recurring events like earnings
reports, product launches, and market cycles.

Residuals-

The residual component (or noise) is what remains after removing the trend and seasonal components from the
original time Frame. It represents the irregular, random fluctuations that cannot be explained by the entire trend
or any other season.

GANGRENE METHOD
Decomposition in time series analysis is a technique used to break down a time series into several distinct
components, typically to better understand the underlying patterns and structures.

There are two main types of decomposition:

1. Additive Decomposition: Assumes that the individual components sum up to create the observed time
series.

2. Multiplicative Decomposition: Assumes that the components multiply together to form the observed time
Frame. It's used when the variations around the trend are proportional to the level of the time Frames.

LITERATURE SURVEY

A literature survey of time frame analysis of stock price data using Python covers various methodologies, tools,
and techniques applied to the analysis of financial data, with a particular focus on how Python programming is
used in time series analysis. Here’s an overview of key approaches and studies:

1. Time Frame Analysis in Stock Price Prediction: Time frame analysis in stock price prediction typically
refers to the practice of evaluating stock price trends over different periods. The goal is to identify patterns,
cycles, and potential forecasting models that can predict future stock prices. This analysis plays a vital role in
technical analysis and quantitative finance.

MULTI-TIME-FRAME ANALYSIS

In stock price analysis, examining different time frames can help traders understand short-term volatility versus
long-term trends. For example, a trader might analyze daily, weekly, and monthly data to gain insights into the
stock’s short-term momentum and long-term stability.

Some studies employ multi-resolution analysis to capture patterns across different time scales (short-term vs.
long-term price movements).
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CANDLESTICK PATTERNS AND INDICATORS

Candlestick charts (representing stock prices over a specific time frame) are often used for technical analysis.
Time frame analysis focuses on how the patterns observed over various periods can help predict future
movements.

Various technical indicators like Moving Averages, Bollinger Bands, RSI (Relative Strength Index), and MACD
(Moving Average Convergence Divergence) are used, with different time frames applied to analyze market
behavior.

2. Python Tools for Time Frame Analysis of Stock Prices:
Python has become a powerful tool for financial data analysis due to its rich ecosystem of libraries. Several
libraries and techniques have been used for time frame analysis in stock price data:

Pandas:

Pandas is a crucial library for time series data manipulation. It allows easy handling of time frame analysis,
enabling traders to convert, resample, and filter data based on different time intervals. For example, it supports
daily, weekly, and monthly data resampling.

In (2020) demonstrated how Pandas can be used to fetch stock price data using APIs and pre-process the data for
time frame analysis.

Finance and Alpha Vantage:

Finance is a popular Python library to download stock data from Yahoo Finance, and it supports time frame data
retrieval from different periods. It allows users to download minute-level, daily, weekly, and monthly stock
prices.

Alpha Vantage provides access to time series data with specific time intervals and has been used in financial
forecasting models.

Machine Learning:
Many studies have applied machine-learning techniques for time frame analysis. scikit-learn, Tensor Flow are
often used to develop regression or classification models.

Time series prediction models like Long Short-Term Memory (LSTM) networks, a type of recurrent neural
network (RNN), are used to capture long-term dependencies in stock price data, which can then be applied to
various time frames.

Deep Reinforcement Learning (DRL): This advanced technique has been applied to stock price prediction by
studying time frames to make trading decisions.

3. Approaches and Methods Used in Time Frame Analysis

Resampling and Aggregation: Resampling is the process of converting high-frequency stock price data into
lower-frequency data. This is critical for multi-time-frame analysis.

Example: Aggregating daily stock data to weekly or monthly levels can highlight long-term trends while
filtering out short-term volatility.

In Python, Pandas’ resample() function is widely used to resample data over various periods.

Rolling Window Analysis: A rolling window approach involves calculating statistical metrics over a moving
time window. This technique is often used to track performance over different time frames.

Studies like Chen et al. (2018) have used rolling windows of 30 days or more to calculate moving averages and
volatility indices.

VOLATILITY AND TREND ANALYSIS

Time frame analysis in stock data also involves examining price volatility over various intervals to estimate
future price movements and risks. This can be achieved by calculating metrics like standard deviation,
exponentially weighted moving averages (EWMA), or GARCH (Generalized Autoregressive Conditional
Heteroskedasticity) models.

Event-based Analysis: Time frame analysis also looks at how specific events influence stock prices. These
events can be mapped over various time frames to understand their impact.
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4. Case Studies and Applications

Stock Price Prediction with ARIMA: A paper by Zhang and Li (2019) employed ARIMA models for time
series forecasting in stock prices. This involved selecting different time frames and testing model accuracy at
varying intervals.

Use of LSTM in Multi-Time-Frame Analysis: In the study by Xie et al. (2020), LSTM networks were trained
on historical stock data, utilizing various time frames for better prediction accuracy. The model was found to be
efficient in capturing patterns over longer periods.

Financial Portfolio Optimization: Research by Gunny (2020) explored how time frame analysis helps in
optimizing stock portfolios. By analysing historical stock prices over multiple timeperiods, they were able to
create more robust investment strategies.

5. Challenges and Limitations

Data Quality and Noise: Stock price data is often noisy, and overfitting models to specific time frames can lead
to misleading conclusions.

Market Changes: The stock market is influenced by a wide range of external factors, making accurate
prediction models difficult, especially when analysing short time frames.

Computational Complexity: Advanced techniques such as deep learning models require substantial
computational resources, particularly when working with large datasets over multiple time frames.

RESULT AND DISCUSSION
Dataset Overview

Data Source

The stock price data for this project was obtained from Yahoo Finance [13], a reliable and widely used source for
financial data. Yahoo Finance provides comprehensive the previous stock and share price information, including
open, and high, low, close prices, and trading volume for various publicly traded companies.

Open High Low Close Adj Close Volume
Date

2013-10-01 17.087500 17.469286 17.084999 17.427143 15.170194 353883600
2013-10-02 17.343929 17.564285 17.276787 17.484285 15.219936 289184000
2013-10-03 17518213 17.583929 17.169287 17.264643 15.028730 322753200
2013-10-04 17.280714 17.307142 17.092857 17.251072 15.016918 258868400
2013-10-07 17.377144 17.594643 17.333929 17.419643 15.163658 312292400
2023-09-25 174.199937 176G.970001 174.1459%4 176.080002 175.624237 46172700
2023-09-26 174.820007 175.199997 171.660004 171960007 171.514823 64588900
2023-09-27 172.619995 173.0399S3 169.050003 170.429993 169.988846 66921800
2023-09-28 169.339996 172.029999 167.619995 170.690002 170.248184 5§6294400
2023-09-29 172.020004 173.070007 170339996 171.210007 170.766846 51814200

DATASET DESCRIPTION

The dataset are used in projects to consists of daily stock prices like going up and down for Apple Inc. (AAPL)
over the period of 10-12 years, from October 1, 2013, to September 30, 2023. This datasets are including in the
following columns:

[ Date: The specific trading day.
[ Open: The price at which the stock began trading on that day.
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U High: The peak price reached during the trading session.

[ Low: The lowest price recorded during the trading session.

! Close: The price at which the stock finished trading on that day.

[ Volume: The total number of shares exchanged during the trading session.

The dataset provides a comprehensive view of Apple’s stock price movements over the selected period, capturing
various market conditions, trends, and events that may have influenced the stock's performance.

LATEST VALUATION MEASURES OF APPLE INC.

Exploratory Data Analysis (EDA)

Exploratory Data Analysis (EDA) is an essential process for understanding the features of a dataset, detecting
patterns, trends, and outliers, and preparing the data for subsequent modeling. In this section, we conduct
several analyses and visualizations to derive insights from Apple's stock price data between October 1, 2013,
and September 30, 2023.

VIVID STATISTICS

Open High Low Close Adj Close Volume
count 2517.000000 2517.000000 2517.000000 2517.000000 2517.000000 2.517000e+03
mean 73.695689 74.509822 72924325 73.748615 71.664741 1.432806e+08

std 54,220917 54.867696 53.610429 54260830 54630355 8.876120e+07
min 17.087500 17.307142 17.081429 17176430 14951940 3.145820e+07
25% 28.997493 29.205000 28.730000 28.955000 26.368538 8.418310e+07
50% 46.450001 46.832500 46.145000 456.465000 44368813 1.159644e+08
759%  128.949997 130.600006 127.410004 129.610001 127.486732 1.771516e+08
max 196.240005 198.229%996 195.279999 196449997 195.677261 1.065523e+09

Key statistics are included to note:

e Mean: The average value of each feature.

e Standard Deviation: It is a process of measure of the amount of variation or

e Minimum and Maximum: The range of values.

e 25th, 50th (Median), and 75th Percentiles: Quartiles that Provide insights into the distribution of the data.
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VISUALIZATION
Visualizations help in understanding the temporal dynamics of the stock prices and identifying trends,
seasonality, and outliers.

Moving Averages of Apple Inc. (AAPL) Closing Prices

S0-Day Moving Average

200-Day Moving Average

1. Line Plot of Closing Prices
The line graph of the closing prices offers a visual depiction of the stock price changes over time.

2. Moving Averages

Closing Price of Apple Inc. (AAPL) from 2013 to 2023

Moving averages help to smooth out short-term variations and trends.

MODEL SELECTION AND IMPLEMENTATION

In this section, we detail the selection and implementation of various time series forecasting models to predict
Apple's stock prices. We employ both traditional statistical models and modern machine learning approaches to
provide a comprehensive analysis. The models selected include ARIMA, GARCH, LSTM, and Facebook
Prophet.

Please note that the GARCH model will be employed for volatility forecasting rather than for predicting stock
prices.

CONCLUCSION

In this section, we explore the theoretical performance and implications of various models used to predict
Apple’s stock prices from October 1, 2013, to September 30, 2023. The models assessed include ARIMA,
GARCH, LSTM, and Facebook Prophet. The evaluation metrics applied are Mean Squared Error (MSE) and
Root Mean Squared Error (RMSE).
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PERFORMANCE EVALUATION
e Trend and Seasonality: ARIMA effectively captures the trend but may struggle with seasonality unless
explicitly modelled.

THEORETICAL IMPLICATIONS

e Strengths: ARIMA's strength lies in its simplicity and interpretability. The parameters (p,d, ) provide clear
insights into the lagged values, differencing required, and error terms considered.

o \Weaknesses: ARIMA assumes linear relationships and may not capture more complex patterns in the data. It
also requires the timeseriesto be stationary, necessitating transformations forenoon-stationary data.

GARCH MODEL
Performance Evaluation:

e Volatility Clustering: GARCH models are adept at capturing volatility clustering, a common phenomenon in
financial time series where periods of high volatility are followed by high volatility and periods of low
volatility by low volatility.

THEORETICAL IMPLICATIONS

e Strengths: GARCH models excel in modelling the conditional variance and are particularly useful in risk
management and option pricing.

e Weaknesses: While GARCH models capture volatility well, they might not perform as well in predicting the
actual price levels unless combined with mean models.

LSTM MODEL
Performance Evaluation:

e Complex Patterns: LSTM can capture complex, Non-linear relationships and dependencies in the Data,
providing more accurate forecasts.

THEORETICAL IMPLICATIONS

e Strengths: LSTM networks handle long-term dependencies and are effective in capturing on-linear patterns.
Their ability to retain information over longer sequences makes them ideal for time series forecasting.

e Weaknesses: LSTMs require substantial computational resources and longer training times. They also require
careful tuning of hyper parameters and are less interpretable compared to traditional models.

FACEBOOK PROPHET MODEL PERFORMANCE EVALUATION

e Seasonality and Holidays: Prophet Model’s daily, weekly, and yearly seasonality, making it robust in
capturing periodic patterns.

THEORETICAL IMPLICATIONS

e Strengths: Prophet is user-friendly and requires minimal tuning. It is robust to missing data and outliers,
making it versatile for different time series forecasting scenarios.

e Weaknesses: While Prophet handles seasonality well, it may not capture complex, non-linear relationships as
effectively as LSTM.

COMPARATIVE ANALYSIS
The comparative analysis of these models provides insights into their relative strengths and weaknesses, guiding
the choice of model based on specific forecasting requirements.

e Accuracy: ARIMA and GARCH models generally show superior accuracy in terms of lower MSE and
RMSE values compared to LSTM and Prophet.

e Interpretability: ARIMA and Prophet offer better interpretability of results, with clear insights into the
model parameters and seasonal components.

e Complexity: LSTM models, while powerful, are complex and computationally intensive, requiring careful
tuning and longer training times.
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