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ABSTRACT
This study investigates the impact of trading volume on gold price volatility in financial markets using monthly data from January 2019 to December 2023. The objective was to determine whether trading activity serves as a significant predictor of gold price volatility and to forecast future volatility trends. The research employed descriptive statistics, time series analysis using the ARIMA model, Granger causality tests, and market condition-based analysis. Results revealed a weak negative correlation between trading volume and volatility, with no significant Granger causality from volume to volatility. However, a mild reverse effect was observed, suggesting that volatility may slightly influence trading activity in the short term. The ARIMA forecast indicated a gradual decline in volatility, suggesting potential market stability ahead. Furthermore, volatility levels during high and low volume periods were found to be similar, with slightly higher variability during high-volume trading months. The study concludes that trading volume alone is not a strong determinant of gold price volatility and recommends the inclusion of broader economic indicators in future forecasting models.
Keywords:Gold Price, Volatility, Trading Volume, ARIMA Model, Granger Causality, Time Series Analysis, Financial Markets, Forecasting

CHAPTER ONE
INTRODUCTION
1.1 Background of the Study
Gold has historically held a central position in financial markets as a store of value and a hedge against economic uncertainty. Over time, the role of gold has evolved from a physical asset used in trade and adornment to a dynamic financial instrument traded in global markets. Today, investors seek exposure to gold through various means, including physical gold, gold ETFs, mutual funds, and derivatives. Its appeal lies in its dual functionoffering portfolio diversification and acting as a hedge against inflation and currency depreciation.
In financial markets, gold price movements are influenced by a host of factors, including macroeconomic indicators, geopolitical tensions, interest rates, and investor sentiment. Among these factors, trading volume the quantity of gold contracts or units exchanged over a specified periodhas emerged as a significant indicator of market activity and investor behavior. In theory, high trading volume can signify greater investor interest and market liquidity, but it can also amplify price movements, leading to higher volatility.
Gold price volatility, in turn, poses both opportunities and risks for investors. While volatility may present trading opportunities, it also introduces uncertainty and potential losses, making it essential for investors and policymakers to understand the underlying drivers. Despite the acknowledged importance of trading volume in influencing price dynamics, empirical evidence on its specific impact on gold price volatility remains limited and inconclusive.
In this context, time series analysis offers a robust framework for examining the dynamic interplay between trading volume and gold price volatility. The method enables researchers to model temporal patterns, assess causality, and forecast future trends. Tools such as Autoregressive Integrated Moving Average (ARIMA) models is particularly useful for identifying structural dependencies and volatility clustering in financial data.
This study seeks to empirically investigate the relationship between trading volume and gold price volatility using monthly data from January 2019 to December 2023, a period marked by significant market disruptions, including the COVID-19 pandemic, global inflationary pressures, and geopolitical conflicts. These events have made financial markets particularly volatile, providing a rich dataset for time series modeling.
By exploring how trading volume correlates with and potentially predicts fluctuations in gold prices, this research aims to generate insights that are valuable for investors, analysts, and policy-makers. It will also contribute to the broader financial economics literature by shedding light on the microstructure of commodity markets, particularly the gold market.


1.2 Statement of the Problem
Gold plays a vital role in global financial markets, functioning both as a store of value and a hedge against economic uncertainties. As trading in gold has become increasingly digitized and integrated into financial systems, understanding the drivers of its price volatility has gained strategic importance for investors, analysts, and policymakers. Among these potential drivers, trading volume has received considerable theoretical attention. It is widely believed that higher trading volume may be associated with increased market volatility, reflecting heightened investor interest, speculation, or uncertainty.

1.3 Aim and Objectives
The main aim of this study is to examine the dynamic relationship between trading volume and gold price volatility, and to identify patterns, trends, and predictive insights in financial markets, to achieve this the following objectives will be achieved;
1. To analyze the temporal trends and patterns in gold price volatility and trading volume over time.
2. To investigate the time-dependent relationship between trading volume and gold price volatility.
3. To assess how the impact of trading volume on gold price volatility varies across different market conditions.
1.4 Scope of the Study 
This study focuses on examining the empirical relationship between trading volume and gold price volatility in the global financial market. It covers a five-year period from January 2019 to December 2023, using monthly time series data sourced from Kaggle.com. The analysis is restricted to gold prices quoted in U.S. dollars and includes variables such as trading volume, opening price, closing price, high, low, and average prices. The study applies time series techniques including ARIMA models, and Granger causality tests to investigate the direction, strength, and dynamics of the relationship between trading volume and gold price volatility. The scope is confined to gold as a single commodity and does not extend to other precious metals, financial instruments, or investment products.
1.5 Significance of the Study 
This study holds significant value for various stakeholders within the financial ecosystem. For investors and traders, understanding the impact of trading volume on gold price volatility provides critical insights into market behavior, helping them make more informed investment decisions and manage risk more effectively. Portfolio managers and financial analysts can also benefit by integrating volume-based volatility indicators into their forecasting models, thus enhancing portfolio diversification and risk-adjusted returns. For policy makers and regulatory bodies, the findings offer evidence-based insights into market dynamics, which can aid in the development of policies that promote transparency, stability, and efficiency in commodity markets. Academically, the study contributes to the growing body of empirical research on time series analysis and financial market behavior, particularly in the context of commodities like gold. It bridges a gap in literature by providing updated, data-driven evidence from a recent and volatile period (2019–2023), thereby enhancing the understanding of how market activity influences price volatility over time.
1.6 Limitations of the Study
Despite its contributions, this study is subject to certain limitations. First, it relies solely on secondary data, which may be affected by measurement errors or reporting inconsistencies beyond the researcher’s control. Second, while the time series models used can detect patterns and associations, they cannot fully account for all external factors such as geopolitical events, interest rate changes, inflation, or market sentiment, which may also influence gold price volatility. Additionally, the dataset includes only monthly observations, potentially overlooking short-term fluctuations that could provide more granular insights. Lastly, the findings may not be generalizable to other commodities or financial markets due to the unique characteristics of the gold market.
1.7 Definition of Basic Terms
1. Gold Price Volatility:This refers to the degree of variation in the price of gold over aspecific period. It reflects how drastically or unpredictably the price of gold fluctuates, and is often measured using statistical tools such as standard deviation or volatility models.
2. Trading Volume:Trading volume represents the total quantity of gold traded during a particular time period, often expressed in ounces or contracts. It serves as an indicator of market activity and liquidity.
3. Time Series Analysis:A statistical technique that analyzes data points collected or recorded at successive, equally spaced points in time to identify trends, patterns, and relationships among variables. It is used in this study to examine the dynamic relationship between trading volume and gold price volatility.
4. ARIMA (Autoregressive Integrated Moving Average):A class of statistical models used for analyzing and forecasting time series data by accounting for trends, cycles, and autocorrelations. It is particularly useful for modeling non-stationary data that becomes stationary after differencing.
5. Granger Causality Test: A statistical hypothesis test used to determine whether one time series can predict another. In this study, it is used to test whether trading volume provides useful information in forecasting future gold price volatility.
6. Financial Market:A marketplace where financial assets such as stocks, bonds, commodities, and derivatives are traded. In this study, it refers specifically to markets where gold is traded as an investment or financial instrument.




CHAPTER TWO
LITERATURE REVIEW
2.0	Introduction
This chapter provides an overview of time series analysis, focusing on its essential concepts, historical development, and applications across various fields. It will cover the fundamental principles of time series data, including the assumptions and methodologies that underpin this analytical technique. The discussion will highlight the development of the ARIMA model, its theoretical framework, and its impact on fields ranging from economics to meteorology. The chapter aims to present a structured approach to understanding how time series analysis is used to describe, explain, predict, and control data patterns effectively.
2.1	Concept of Time Series Analysis
A time series is a sequence of observations taken sequentially in time. Many sets of data appear as time series: a monthly sequence of the quantity of goods shipped from a factory, a weekly series of the number of road accidents, daily rainfall amounts, hourly observations made on the yield of a chemical process, and so on. One of the major characteristics of the data in most time series is the inherent dependency present in a data set that results from repeated measurements over time on a single subject or unit.  All longitudinal designs must take the potential relationship between observations over time into account.  For time series analysis, the dependency precluded the use of traditional statistical tests.  An important assumption for statistical testing, the independence of the error in the data, was usually not met. Examples of time series abound in such fields as economics, business, engineering, the natural sciences (especially geophysics and meteorology), and the social sciences (George E. P. Box., et al. 2016). 
Jonath Jose Christ, 2022 explains that time series analysis is a statistical technique that deals with trend analysis and time series data. Time series analysis made its way into medicine when the ﬁrst practical electro cardio-grams (ECGs), which can diagnose cardiac conditions by recording the electrical signals passing through the heart, were invented in 1901. John Graunt’s actuarial tables were one of the ﬁrst results of time-series-style thinking applied to medical questions. In his book, Grant presented the ﬁrst life tables, which you may know as actuarial tables. These tables show the probability that a person of a given age will die before their next birthday Data from time series are periodic time periods that have been measured at regular intervals or gathered at certain times. To put it another way, a time series is just a collection of data points arranged chronologically, and time series analysis is the act of interpreting this data. The Gross Domestic Product (GDP), the Consumer Price Index, the SP 500 Index, and unemployment rates are examples of time series data in economics. Time series data in the social sciences could include information on population growth, migration patterns, birth rates, and political variables. The basic objectives of time series analysis is to description, explain, predict, and control data pattern. The assumptions of time series analysis include that; Time series must be stationary, Current data points of the time series should depend on the past data points, Random error terms are normally distributed and that Time Series does not contain any missing value.
[bookmark: _Hlk167055677]According to Mooris Hamburg, 2010 time series is a set of statistical observations arranged in chronological order. Time series analysis involves the study of data points ordered in time to understand underlying patterns, forecast future trends, and make informed decisions. The key components of a time series include the trend, which represents the long-term progression of the data (increasing, decreasing, or stable); seasonality, which reflects regular, predictable changes that recur over specific periods such as daily, monthly, or quarterly fluctuations; cyclic patterns, which are variations that occur at irregular intervals, longer than seasonal effects and often influenced by economic conditions; and irregular or random components, also known as "noise", which are unpredictable fluctuations that do not follow a discernible pattern or regular cycle. Analyzing these components helps in decomposing the time series to model and predict future values accurately. Time series analysis is one of the more recent data analysis techniques that necessitates the use of fast, contemporary computers.  Time series analysis belongs to the class of new methods of data analysis that require the use of modern high-speed computers.  The estimation of the basic parameters cannot be performed by pre-computer methods.

2.2	History and Development of ARIMA Model
Time series models are statistical techniques used to analyze and forecast data points collected over time. These models account for the various patterns observed in temporal data, such as trends, seasonality, and cycles, providing insights that are crucial in many fields such as economics, finance, environmental science, and more. Common types include Autoregressive (AR) model, Moving Average Models (MA), Autoregressive Moving Average Models (ARMA), Autoregressive Integrated Moving Average Models (ARIMA), Seasonal Autoregressive Integrated Moving-Average (SARIMA), Exponential Smoothing (ES), State Space Models and Kalman Filters, and Machine Learning Models.
The most widely employed approach is based on the class of models known as Autoregressive Integrated Moving Average (ARIMA) models. The ARIMA model, a cornerstone in the field of statistical forecasting, traces its origins to the foundational work by George Box and Gwilym Jenkins in the early 1970s. Their seminal book, "Time Series Analysis: Forecasting and Control," introduced a comprehensive methodology that combined autoregressive (AR), differencing (I), and moving average (MA) components—hence the acronym ARIMA. This integration was a significant innovation as it systematically brought together previously separate statistical methods into a unified framework, facilitating more robust analysis of time series data.
Prior to Box and Jenkins, autoregressive models and moving averages were primarily studied and applied within distinct contexts, such as econometrics and signal processing. The introduction of the differencing technique by Box and Jenkins was crucial, as it enabled the stabilization of the mean of time series data, making non-stationary data stationary and thus suitable for modeling with AR and MA components. This methodology laid down a structured process for building time series models, which involves three key steps: model identification, parameter estimation, and diagnostic checking. These steps ensure that the selected model adequately captures the data's underlying patterns and dynamics without being overfitted.
Since its inception, the ARIMA model has undergone numerous refinements and extensions. The development of Seasonal ARIMA (SARIMA) allowed for the modeling of seasonal variations, while ARIMAX included exogenous variables, broadening the model’s applicability to scenarios where external factors significantly influence the time series. The evolution of ARIMA has been supported by advances in computational tools and statistical software, which have simplified the application of these complex models to a wide range of real-world problems.
2.3	Theoretical Framework
The Autoregressive Integrated Moving Average (ARIMA) model is a cornerstone of statistical time series forecasting. The ARIMA model encapsulates three key components: autoregressive (AR), integrated (I), and moving average (MA). The AR component represents the feedback relationship among a variable's past values, providing a regression of the variable against itself. The I component accounts for trends in the data by differencing the time series, ensuring stationarity—a critical assumption for the effective application of ARIMA models. Lastly, the MA component models the error term as a linear combination of error terms at various times in the past, offering a way to smooth out the noise within the time series data (Box et al., 2015).
The statistical assumptions underlying the ARIMA model include stationarity, which often necessitates differencing the data one or more times. Additionally, the model assumes linearity in the time series, which might not hold in cases with complex dynamic patterns. Despite these assumptions, ARIMA models are widely used due to their flexibility and effectiveness in dealing with different types of time series data, especially those exhibiting non-seasonal patterns. The selection of ARIMA model parameters (p, d, q) is typically based on the Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plots, which help identify the appropriate lags for the AR and MA components (Hyndman & Athanasopoulos, 2018).
The impact of the ARIMA model has been profound and widespread, influencing diverse fields such as economics, where it is used to forecast economic indicators; meteorology, for predicting weather patterns; and finance, for analyzing stock market trends. Moreover, the ARIMA model has become a fundamental component of statistical education, teaching students and professionals the essential techniques for analyzing time-dependent data. Through its methodological rigor and flexibility, the ARIMA model remains a vital tool in the arsenal of modern data analysis, illustrating the enduring legacy of Box and Jenkins' pioneering work. This model is based on an adjustment of observed values, and its goal is to reduce as close to zero as possible the difference between the values produced in the model and the observed ones. ARIMA models can address several major classes of research questions, including an analysis of basic processes, intervention analysis, and analysis of the pattern of treatment effects over time. Technical aspects of ARIMA models are described, including definitions of important terms, statistical estimation of parameters, and the model identification process. Examples are employed to clarify the technical discussion. Recent extensions of ARIMA modelling techniques include multiunit time-series designs, multivariate time-series analysis, the inclusion of covariates, and the analysis of patterns of intra-individual differences across time. ARIMA models can address several major classes of research questions, including an analysis of basic processes, intervention analysis, and analysis of the pattern of treatment effects over time (Velicer, W. F., & Fava, J. L.  2003).
2.4	Empirical Review
The ARIMA model has been widely used across various fields due to its robustness in forecasting time series data. In economics, ARIMA models have been extensively applied to predict stock market trends, inflation rates, and economic growth. For instance, a study by Pankratz (1991) demonstrated the effectiveness of ARIMA models in forecasting economic indicators, highlighting their ability to incorporate past values and trends to predict future economic conditions. Similarly, Tiao and Tsay (1989) applied ARIMA models to financial time series, showcasing their utility in predicting stock prices with high accuracy, which has been critical for investors and policymakers.
In environmental science, ARIMA models have proven essential in forecasting weather conditions and pollution levels. A notable study by Box et al. (1994) applied ARIMA models to predict air quality indices, demonstrating the model's capacity to handle seasonal variations in pollution data effectively. Additionally, in the field of public health, ARIMA models have been employed to forecast disease outbreaks, aiding in public health preparedness and response strategies. A study by McDermott and Forshey (1996) used ARIMA models to predict influenza outbreaks, showing how these models can be adapted to track and forecast health-related events, which are critical for planning public health interventions.
These examples underline the versatility and effectiveness of ARIMA models in empirical research across various domains. The ability of ARIMA to incorporate past trends and cyclic patterns makes it an invaluable tool for researchers and professionals in forecasting future events based on historical data. Pre-computer methods are not able to accomplish the basic parameter estimate. Prior to being widely used in social science research, time series analysis was more widely explored in fields like engineering and economics.
 According to Box, G. E. P., Jenkins, G. M., & Reinsel, G. C. (1994), the Autoregressive Integrated Moving Average (ARIMA) models are a type of models that have become widely used in psychology. The intrinsic dependency that arises from repeated measurements made over time on a single subject or unit is one of the main features of the data in the majority of time series. The potential link between observations over time must be considered in all longitudinal designs. The reliance hindered the application of conventional statistical tests for time series analysis. The independence of the data error is a crucial assumption for statistical testing, and it was typically not met. It was not possible to employ techniques for managing this dependence that were suitable for large sample methods. Because ARIMA models provide reliable statistical testing and offer a fundamental framework to model the effects of dependency from the data series, they have proven particularly effective in time series analysis (Gottman, J. M., & Glass, G. V. 1978). 
The ARIMA model represents a family of models characterized by three parameters (p, d, q) that describe the basic properties of a specific time series model.  The value of the first parameter, p, denotes the order of the autoregressive component of the model.  If an observation can be influenced only by the immediately preceding observation, the model is of order one.  If an observation can be influenced by both of the two immediately preceding observations, the model is of order two.  The value of the second parameter, d, refers to the order of differencing that is necessary to stabilize a nonstationary time series.  This process is described as nonstationary because values do not vary about a fixed mean level; rather the series may first fluctuate about one level for some observations, and then rise or fall about a different level at a different point in the series.  And the value of the third parameter, q, denotes the order of the moving averages component of the model. Again, the order describes how many preceding observations must be taken into account.  The values of each of the parameters (p, d, q) of the model may be designated as order 0, 1, 2 or greater, with a parameter equal to zero indicating the absence of that term from the model.  Higher order models, four and above, are generally rare in the behavioral and social sciences (Glass et al., 1975).  
Renato Cesar Sato (2013) explores the application of the ARIMA model in evaluating disease management programs for both infectious and non-infectious diseases through time series analysis. The study highlights the effectiveness of the ARIMA model in measuring intervention outcomes and its broad applicability in clinical studies, presenting it as a valuable analytical tool for researchers and healthcare managers. The methodology employed focuses on the utilization of ARIMA for data pattern recognition and intervention effect measurement without delving into complex mathematical details, thus enhancing its accessibility and practicality in healthcare settings. The findings underscore the importance of combining statistical tools with clinical expertise to optimize disease management strategies, suggesting that while time series analysis is a powerful tool for healthcare evaluation, it should complement rather than replace traditional clinical judgment and experience.


2.5	Appraisal of Literature Review
The literature reviewed in this study offers a comprehensive understanding of time series analysis, its theoretical foundations, and practical applications across various domains, particularly in finance and economics. It effectively highlights the evolution of time series models, with a special focus on the development and significance of the ARIMA model introduced by Box and Jenkins, and its relevance in forecasting and modeling dynamic financial data. The theoretical and empirical discussions surrounding the ARIMA model underscore their robustness in capturing patterns such as volatility clustering and autocorrelationfeatures that are critical to understanding financial market behavior.
The literature illustrates the broad applicability of these models, with examples spanning economics, environmental science, healthcare, and finance. This diversity demonstrates the adaptability of time series techniques to a wide range of real-world problems. The inclusion of Granger causality and its utility in identifying predictive relationships between time series variables adds further depth to the analytical approach of the current study.
However, while the literature provides strong theoretical grounding and references numerous applications of time series models, it reveals a gap in the specific empirical exploration of the relationship between trading volume and gold price volatility. Most studies tend to focus on stock markets or macroeconomic indicators, leaving a noticeable gap in research focused on gold as a unique financial asset. Additionally, there is limited literature examining how this relationship behaves under different market conditions or across various economic cycles.
This study seeks to fill that gap by providing a focused empirical analysis of gold price volatility in relation to trading volume using modern time series techniques. By doing so, it contributes to the ongoing discourse in financial econometrics and offers fresh insights that may inform investment strategies, risk management, and market regulation within commodity markets, particularly gold.










CHAPTER THREE
RESEARCH METHODOLOGY
3.1	Introduction
This chapter outlines the methodology that will be used. It contains the research design, method and source of data, technique data analysis, variable measurement and model specification.
3.2 	Research Design.
A research design is the overall strategy that is chosen to integrate the different components of the study in a coherent and logical way, thereby ensuring the research problem is addressed effectively (Sacredheart, 2020). In essence, a research design outlines the structure and approach through which a study is conducted.
For this study, a time series analysis will be employed. This approach is particularly suitable for analyzing historical financial data where both variablestrading volume and gold price volatilityare measured over consistent time intervals. The time series analysis enables the researcher to explore and quantify the dynamic and potentially lagged relationships between variables across time.
The analysis used do not involve manipulation of variables rather, they focus on observing naturally occurring patterns. This study will utilize statistical techniques such as autocorrelation analysis, Granger causality tests, and time series modeling to examine how changes in trading volume relate to fluctuations in gold price volatility. This design ensures a comprehensive understanding of how the two variables interact temporally without attempting to control for external influences.
3.3	Population of the Study
Population is the totality of all the elements under consideration in a given research domain (Vincent, Olaegbe, and Sobona, 2006). In the context of this study, the population comprises all historical monthly records of gold price and trading volume in the global financial markets.
Specifically, this research focuses on time series data covering the period from January 2019 to December 2023, with each observation representing a monthly record of gold prices (including open, close, high, low, and average prices) and the corresponding trading volume in U.S. dollars. This timeframe captures a range of market conditions, including periods of volatility, economic recovery, and relative market stability, thereby offering a robust basis for time series analysis.
3.4	Source of Data
According to Ogunboye (2012), there are two different methods of Data collection which are the primary and secondary method of data collection.The data used in this study are secondary in nature and were obtained from publicly available financial databases. Specifically, the dataset was sourced from Kaggle.com, a reputable online platform that hosts a wide range of datasets for research and data analysis purposes.
The choice of secondary data was motivated by its accessibility, reliability, and the historical nature of the research topic, which seeks to analyze past trends and relationships. Using secondary data also allows for efficient use of resources and time while ensuring the study is grounded in real-world market observations.
3.5 	Methods of Data Analysis
The method of data analysis describes the techniques and statistical tools used to examine the relationship between variables and to test the stated objectives of the study. Given the nature of this researchwhich investigates the impact of trading volume on gold price volatility over timea time series analytical approach will be employed.
The analysis will begin with descriptive statistics to summarize the key features of the data, including trends in trading volume and gold prices over the study period (January 2019 to December 2023). This will be followed by correlation analysis to determine the strength and direction of the relationship between trading volume and gold price volatility.
To capture the dynamic nature of the relationship and assess predictive power, the study will utilize time series models. Specifically;
1. Autoregressive Integrated Moving Average (ARIMA) models will be used to model the time-dependent structure of gold prices and detect patterns over time.
2. Granger Causality Test will be conducted to examine whether past values of trading volume have a statistically significant effect on future values of gold price volatility.
All analyses will be conducted using the statistical software Python, ensuring precision in model estimation and interpretation. The findings from these analyses will be used to draw conclusions and provide insights into how trading activity influences price movements in the gold market.
3.5.1	Time Series Analysis
Time series is a sequence of observations taken sequentially in time. Many sets of data appear as time series: a monthly sequence of the quantity of goods shipped from a factory, a weekly series of the number of road accidents, daily rainfall amounts, hourly observations made on the yield of a chemical process, and so on. One of the major characteristics of the data in most time series is the inherent dependency present in a data set those results from repeated measurements over time on a single subject or unit.  All longitudinal designs must take the potential relationship between observations over time into account.  For time series analysis, the dependency precluded the use of traditional statistical tests.  An important assumption for statistical testing, the independence of the error in the data, was usually not met. Examples of time series abound in such fields as economics, business, engineering, the natural sciences (especially geophysics and meteorology), and the social sciences (George E. P. Box., et al. 2016). 
Jonath Jose Christ, 2022 explains that time series analysis is a statistical technique that deals with trend analysis and time series data. Time series analysis made its way into medicine when the ﬁrst practical electro cardio-grams (ECGs), which can diagnose cardiac conditions by recording the electrical signals passing through the heart, were invented in 1901. John Graunt’s actuarial tables were one of the ﬁrst results of time-series-style thinking applied to medical questions. In his book, Grant presented the ﬁrst life tables, which you may know as actuarial tables. These tables show the probability that a person of a given age will die before their next birthday Data from time series are periodic time periods that have been measured at regular intervals or gathered at certain times. To put it another way, a time series is just a collection of data points arranged chronologically, and time series analysis is the act of interpreting this data. The Gross Domestic Product (GDP), the Consumer Price Index, the SP 500 Index, and unemployment rates are examples of time series data in economics. Time series data in the social sciences could include information on population growth, migration patterns, birth rates, and political variables. The basic objectives of time series analysis is to description, explain, predict, and control data pattern. The assumptions of time series analysis include that; Time series must be stationary, Current data points of the time series should depend on the past data points, Random error terms are normally distributed and that Time Series does not contain any missing value. According to Mooris Hamburg, 2010 time series is a set of statistical observations arranged in chronological order. Time series analysis involves the study of data points ordered in time to understand underlying patterns, forecast future trends, and make informed decisions. The key components of a time series include the trend, which represents the long-term progression of the data (increasing, decreasing, or stable); seasonality, which reflects regular, predictable changes that recur over specific periods such as daily, monthly, or quarterly fluctuations; cyclic patterns, which are variations that occur at irregular intervals, longer than seasonal effects and often influenced by economic conditions; and irregular or random components, also known as "noise", which are unpredictable fluctuations that do not follow a discernible pattern or regular cycle. Analysing these components helps in decomposing the time series to model and predict future values accurately. Time series analysis is one of the more recent data analysis techniques that necessitates the use of fast, contemporary computers.  Time series analysis belongs to the class of new methods of data analysis that require the use of modern high-speed computers.  The estimation of the basic parameters cannot be performed by pre-computer methods.
3.5.2	Applications of Time series Analysis
· To monitor trends in data over a known period of time.
· To forecast future values based on historical patterns.
· To detect seasonal patterns and cyclic behavior in data.
· To analyze and identify correlations between different time-dependent variables.
· To evaluate and predict the impact of events on data trends.
3.5.3	Assumption
There is only one assumption in TSA, which is “stationary,” which means that the origin of time does not affect the properties of the process under the statistical factor.
3.5.4	Trends in a Time Series Objectives:
In time series, the main focus is on understanding and modelling the relationship between observations. A typical time series model looks like , where  is the underlying mean and  are the residuals (errors) which the mean cannot explain. Formally, we say .A time series analysist usually has a few jobs to do when given such a data set. Either estimate  or transform  in such a way that  disappears. What method is used depends on what the aims are of the analysis. 
Models for time series data can have many forms and represent different stochastic processes. When modeling variations in the level of a process, three broad classes of practical importance are the autoregressive (AR) models, the integrated (I) models, and the moving-average (MA) models. These three classes depend linearly on previous data points.Combinations of these ideas produce autoregressive moving-average (ARMA) and autoregressive integrated moving-average (ARIMA) models. The autoregressive fractionally integrated moving-average (ARFIMA) model generalizes the former three. Extensions of these classes to deal with vector-valued data are available under the heading of multivariate time-series models and sometimes the preceding acronyms are extended by including an initial "V" for "vector", as in VAR for vector autoregression. An additional set of extensions of these models is available for use where the observed time-series is driven by some "forcing" time-series (which may not have a causal effect on the observed series): the distinction from the multivariate case is that the forcing series may be deterministic or under the experimenter's control. For these models, the acronyms are extended with a final "X" for "exogenous".
3.5.5	Model specification
		A time series  is typically modeled as:

Where:
·  is the observed value at time ,
· ​ is the deterministic component (e.g., trend or seasonality),
·  is the stochastic (random) error term assumed to be white noise.
In time series analysis, the goal is to model the dynamic structure of a variable over time. One widely used model is the Autoregressive Integrated Moving Average (ARIMA) model, denoted by ARIMA (). It captures three key behaviors: autoregression (AR), differencing to ensure stationarity (I), and moving average (MA) of past errors.
Mathematically, an ARIMA () model is expressed as:

Where:
· is the backshift operator: ,
·  applies differencing times to achieve stationarity,
·  is the AR operator,
·  is the MA operator,
·  is white noise with mean zero and constant variance.
To justify the use of this model, consider the following:
1. Differencing for Stationarity:A non-stationary time series becomes stationary after differencing  times:

Stationarity is a core assumption in time series modeling, ensuring that model parameters do not change over time.
2. Autoregressive Structure:The AR component assumes that the current value depends linearly on its previous values:

3. Moving Average Structure:The MA component accounts for the autocorrelation in the error terms:


The combination of these parts allows ARIMA to model a wide range of time-dependent behavior. The model parameters are selected based on analysis of autocorrelation (ACF) and partial autocorrelation (PACF) plots, and the stationarity of the series is verified using unit root tests such as the Augmented Dickey-Fuller (ADF) test.








CHAPTER FOUR
DATA PRESENTATION AND ANALYSIS
4.0 INTRODUCTION
This chapter presents and analyzes the data collected for the purpose of examining the impact of trading volume on gold price volatility in financial markets. The analysis is based on monthly time series data from January 2019 to December 2023, sourced from Kaggle.com. The data includes variables such as gold trading volume, closing prices, opening prices, highest and lowest prices, and average prices. The chapter begins with descriptive statistics to summarize the key characteristics of the data. This is followed by time series modeling using ARIMA technique, as well as the application of the Granger causality test to explore the directional relationship between trading volume and gold price volatility. The results are interpreted in line with the research objectives to provide empirical insights into the dynamics of gold price behavior in response to market activity.
4.1	DESCRIPTIVE STATISTIC
This section presents the summary statistics of the key variables used in the study. The data spans from January 2019 to December 2023 and includes monthly observations for gold trading volume, opening price, closing price, high, low, and average prices. These descriptive statistics provide insight into the central tendency, variability, and range of the data, forming the basis for further analysis.

Table 1: Descriptive Statistics of Gold Trading Data (2019–2023)
	
	Mean
	Standard Deviation
	Minimum
	Median
	Maximum

	Volume traded
	181212
	102935
	114.00
	186112
	424759

	Close
	1749.85
	208.10
	1282.80
	1790.15
	2071.8

	Open
	1751.59
	207.13
	1281.70
	1796.00
	2076.1

	High
	1761.77
	207.92
	1283.30
	1802.15
	2084.1

	Low
	1738.84
	206.51
	1280.80
	1779.10
	2067.6

	Average
	1750.51
	207.26
	1282.15
	1792.07
	2074.9


	Interpretation:From the table above, it is observed that the average trading volume over the study period was approximately 181,212, with a substantial standard deviation of 102,935, indicating high variability in monthly trading activity. The gold prices also showed considerable fluctuation, with closing prices ranging from $1,282.80 to $2,071.80. The close alignment between mean and median values for the price variables suggests a relatively symmetric distribution, though the high standard deviations indicate significant month-to-month volatility.
4.3	TREND ANALYSIS
This section explores the temporal movement and structural patterns in the trading volume and gold price variables over the period under study. Trend analysis is important for identifying whether the data exhibit long-term growth, decline, stability, or cyclical/seasonal behavior. It also sets the stage for time series modeling by offering a visual understanding of the data's behavior over time.
Figure 1: Monthly Trend of Gold Trading Volume (2019–2023)
[image: ]
Interpretation:
Figure 1 reveals significant fluctuations in gold trading volume throughout the five-year period. Notably, trading volume spiked in mid to late 2019 and again during the COVID-19 pandemic in 2020, indicating increased investor activity during periods of uncertainty. After 2021, the trading volume shows alternating peaks and dips, reflecting shifts in market sentiment and economic conditions.




Figure 2: Monthly Trend of Gold Closing Prices (2019–2023)
[image: ]
Interpretation:
This line chart shows the monthly gold price volatility from 2019 to 2023. The trend reveals a highly fluctuating pattern, with repeated sharp spikes and drops, indicating periods of heightened uncertainty in the gold market. Volatility was particularly elevated in early 2019 and mid-2020, likely influenced by global economic disruptions such as the COVID-19 pandemic. Although volatility briefly declined in late 2020 and early 2021, it resurged with more frequent and sharper swings from 2022 onward, possibly driven by inflation fears, monetary policy changes, and geopolitical instability. The lack of a consistent trend suggests that gold price volatility is reactive and influenced by external shocks rather than following a stable or seasonal pattern.
4.3	ECONOMETRIC ANALYSIS
This section presents econometric tests and model forecasts used to evaluate the relationship between trading volume and gold price volatility, as well as future volatility behavior under observed market dynamics.
Table 2: Granger Causality Test
	
	Granger Causality Test Results
	Reverse Granger Causality Test Results

	Lag 1
	F = 0.1169
	p-value = 0.7338
	F = 3.1295
	p-value = 0.0825

	Lag 2
	F = 0.0710
	p-value = 0.9316
	F = 1.5059
	p-value = 0.2315


To determine the directional predictive relationship between trading volume and gold price volatility, the Granger causality test was conducted at lag lengths of 1 and 2. The results indicate that trading volume does not Granger-cause gold price volatility at both lag levels, with F-statistics of 0.1169 (p = 0.7338) and 0.0710 (p = 0.9316), respectively. These high p-values suggest that past values of trading volume do not significantly improve the prediction of gold price volatility.
Conversely, the reverse Granger causality test—testing whether gold price volatility Granger-causes trading volumeyields a marginal result at lag 1, with an F-statistic of 3.1295 and a p-value of 0.0825. While not statistically significant at the conventional 5% level, this result suggests a weak indication that volatility may influence trading activity in the short run. At lag 2, however, the F-statistic drops to 1.5059 (p = 0.2315), indicating no significant predictive relationship in the longer lag.
These findings imply that while trading volume does not appear to drive gold price volatility, fluctuations in gold price may have a mild short-term effect on trading behavior.
Figure3:Forecast of Gold Price Volatility
[image: ]
Table 3: Forecast of Gold Price Volatility
	Forecast Step
	Predicted Volatility

	1
	211.297398

	2
	210.380831

	3
	209.606263

	4
	208.951694

	5
	208.398534



Interpretation:
The predicted values indicate a gradual decline in gold price volatility over the forecast period. This downward trend suggests that, if current market conditions persist, the gold market may experience increasing stability. The forecasted movement is smooth, without abrupt shifts, which may reflect cooling economic uncertainty or reduced speculative trading activity in the near term.
Table 4:Market Condition Analysis
	Component
	Result

	ARIMA Forecast (Next 5 Months)
	211.30, 210.38, 209.61, 208.95, 208.40

	Mean Volatility (High Volume)
	196.26

	Mean Volatility (Low Volume)
	197.10

	Minimum Volatility (High Volume)
	7.70

	Minimum Volatility (Low Volume)
	17.92

	Maximum Volatility (High Volume)
	394.62

	Maximum Volatility (Low Volume)
	411.81

	Std. Dev. of Volatility (High Volume)
	119.57

	Std. Dev. of Volatility (Low Volume)
	97.00



Figure 4: Box plot Analyzing Volatility under different market conditions
[image: ]
Interpretation:
Table 4 shows the summary of the ARIMA forecast which predicts a gradual decline in volatility over the next five months, suggesting increasing market stability and further analysis based on market conditions showing that both high-volume and low-volume periods have similar mean volatility (196.26 vs. 197.10), though volatility tends to be slightly more dispersed during high-volume periods, as reflected in the higher standard deviation. This is further supported by the boxplot in Figure 6, which shows wider spread and more extreme volatility values under high-volume trading conditions.














CHAPTER FIVE
SUMMARY CONCLUSION AND RECOMMENDATION
5.0	INTRODUCTION
	This chapter presents the summary of the major findings of the study, draws conclusions based on the results, and offers recommendations derived from the research. It reflects on the objectives of the study and discusses how the outcomes contribute to understanding the relationship between trading volume and gold price volatility. The chapter also suggests practical steps for stakeholders and areas for future research.
5.1	SUMMARY OF FINDINGS
	This study investigated the impact of trading volume on gold price volatility in financial markets using monthly data from January 2019 to December 2023. The research aimed to understand whether fluctuations in trading volume significantly influence the volatility of gold prices and to forecast future volatility patterns.
The analysis began with descriptive statistics and graphical analysis, which revealed notable variability in both trading volume and gold prices over the study period. A time series model (ARIMA) was employed to forecast future volatility, while Granger causality tests were used to examine the directional relationship between trading volume and gold price volatility. Additionally, market conditions were analyzed by categorizing data into high and low trading volume periods to assess whether trading activity levels influenced volatility patterns.
The study provided empirical evidence on the behavior of gold price volatility, especially during major market events such as the COVID-19 pandemic and post-pandemic economic shifts. The combination of statistical and time series tools allowed for a nuanced understanding of the relationship between market activity and price behavior in the gold market.
5.2	CONCLUSION
	Based on the results of the analysis, the following conclusions are drawn:
1. There is a weak negative correlation between trading volume and gold price volatility, indicating that higher trading volume does not necessarily lead to higher or lower volatility.
2. Granger causality test results showed that trading volume does not Granger-cause gold price volatility, while a mild, non-significant reverse effect was observed where volatility slightly influenced trading activity at lag 1.
3. The ARIMA forecast suggested a gradual and consistent decline in gold price volatility over the next five months, pointing to a potentially stabilizing market.
4. From the market condition analysis, volatility levels were found to be quite similar across high and low volume periods, although the standard deviation of volatility was slightly higher during high-volume months, indicating more variability during active trading conditions.
5.3	RECOMMENDATION 
	Based on the findings of this study, the following recommendations are proposed:
1. Investors should avoid relying solely on trading volume to predict gold price volatility.
2. Financial analysts should use broader market indicators alongside volume when assessing price risk.
3. Risk managers should monitor external events in addition to historical volatility trends.
4. Market activity should be interpreted within the context of economic conditions, not just volume levels.
5. Future researchers should incorporate macroeconomic variables for a more comprehensive analysis of gold price volatility.
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APPENDIX
Data on gold stock price per ounce in US dollar($) from January, 2019 to December 2023
	Date
	Volume traded
	Close
	Open
	High
	Low
	Average

	31/01/2019
	215552
	1325.2
	1325.4
	1331.1
	1322.2
	1325.975

	28/02/2019
	238804
	1316.1
	1321.7
	1328.9
	1314
	1320.175

	29/03/2019
	260381
	1298.5
	1295
	1304.6
	1291.3
	1297.35

	30/04/2019
	114
	1282.8
	1281.7
	1283.3
	1280.8
	1282.15

	31/05/2019
	322176
	1311.1
	1293.2
	1311.9
	1292.5
	1302.175

	28/06/2019
	297964
	1409.7
	1413.3
	1427.8
	1408.6
	1414.85

	31/07/2019
	406886
	1437.8
	1443.7
	1447.8
	1422.3
	1437.9

	30/08/2019
	320657
	1529.2
	1536.9
	1541.9
	1525.6
	1533.4

	30/09/2019
	424759
	1472.9
	1501.7
	1507.2
	1470.5
	1488.075

	31/10/2019
	375394
	1514.8
	1498.8
	1516.7
	1496
	1506.575

	29/11/2019
	259290
	1472.7
	1461.7
	1472.9
	1459.1
	1466.6

	31/12/2019
	301
	1519.5
	1513.8
	1523.4
	1513.8
	1517.625

	31/01/2020
	1095
	1582.9
	1573.4
	1589
	1570
	1578.825

	28/02/2020
	289
	1564.1
	1640.3
	1642.5
	1564.8
	1602.925

	31/03/2020
	2694
	1583.4
	1618.7
	1621
	1576
	1599.775

	30/04/2020
	228730
	1694.2
	1729.6
	1737
	1687.5
	1712.075

	29/05/2020
	1406
	1736.9
	1718.8
	1738.3
	1715.1
	1727.275

	30/06/2020
	190351
	1800.5
	1799.2
	1801.4
	1795.5
	1799.15

	31/07/2020
	275460
	1985.9
	1973.6
	2005.4
	1971.4
	1984.075

	31/08/2020
	242577
	1978.6
	1973.9
	1985.8
	1962.3
	1975.15

	30/09/2020
	256446
	1895.5
	1903.2
	1908.2
	1885.8
	1898.175

	30/10/2020
	207865
	1879.9
	1867.9
	1885.9
	1875
	1877.175

	30/11/2020
	235285
	1780.9
	1790.8
	1793.3
	1767.2
	1783.05

	31/12/2020
	127578
	1895.1
	1899
	1904.9
	1889.1
	1897.025

	29/01/2021
	269474
	1850.3
	1845.6
	1851.7
	1843.8
	1847.85

	26/02/2021
	351549
	1728.8
	1770.9
	1734.4
	1725.5
	1739.9

	31/03/2021
	205346
	1715.6
	1685.9
	1716.3
	1677.3
	1698.775

	30/04/2021
	160763
	1767.7
	1772.4
	1770
	1764.9
	1768.75

	28/05/2021
	194069
	1905.3
	1899.8
	1908.8
	1884.3
	1899.55

	30/06/2021
	169111
	1771.6
	1761.9
	1774.7
	1753.2
	1765.35

	30/07/2021
	152236
	1817.2
	1832.5
	1835.5
	1813.1
	1824.575

	31/08/2021
	162209
	1818.1
	1812.2
	1821.9
	1803.4
	1813.9

	30/09/2021
	237967
	1757
	1726
	1765
	1721.8
	1742.45

	29/10/2021
	248553
	1783.9
	1801.5
	1802.9
	1772.4
	1790.175

	30/11/2021
	234588
	1776.5
	1786.9
	1811.4
	1771.2
	1786.5

	31/12/2021
	101324
	1828.6
	1817
	1831.4
	1815.4
	1823.1

	31/01/2022
	134623
	1796.4
	1792.8
	1800.9
	1785.8
	1793.975

	28/02/2022
	239416
	1900.7
	1921
	1935.2
	1892.2
	1912.275

	31/03/2022
	143756
	1954
	1937.3
	1955
	1923
	1942.325

	29/04/2022
	169590
	1911.7
	1895.8
	1921.3
	1893.5
	1905.575

	31/05/2022
	191376
	1848.4
	1856.5
	1867.9
	1837.6
	1852.6

	30/06/2022
	196788
	1807.3
	1819.2
	1826.8
	1802.5
	1813.95

	29/07/2022
	136893
	1781.8
	1773.1
	1784.6
	1768.4
	1776.975

	31/08/2022
	169549
	1726.2
	1735.5
	1738
	1720.6
	1730.075

	30/09/2022
	173144
	1672
	1669.5
	1684.4
	1667.5
	1673.35

	31/10/2022
	124445
	1648.3
	1647.2
	1648.5
	1634.5
	1644.625

	30/11/2022
	183177
	1759.9
	1763.4
	1784.2
	1758.2
	1766.425

	30/12/2022
	103926
	1826.2
	1821.8
	1832.4
	1819.8
	1825.05

	31/01/2023
	189046
	1945.3
	1938.6
	1946.9
	1915.5
	1936.575

	28/02/2023
	175222
	1836.7
	1823.9
	1838.6
	1810.8
	1827.5

	31/03/2023
	957
	1969
	1981.3
	1986.8
	1968
	1976.275

	28/04/2023
	166935
	1999.1
	1997.2
	2004.1
	1984.4
	1996.2

	31/05/2023
	5710
	1963.9
	1958.2
	1973
	1953
	1962.025

	30/06/2023
	174877
	1929.4
	1916.4
	1930.8
	1908.1
	1921.175

	31/07/2023
	1025
	1970.5
	1959.2
	1971.6
	1950
	1962.825

	31/08/2023
	125945
	1965.9
	1970.2
	1974.9
	1965.5
	1969.125

	29/09/2023
	234756
	1866.1
	1882.3
	1896.7
	1862.3
	1876.85

	31/10/2023
	205951
	1994.3
	2005.6
	2017.7
	1987.4
	2001.25

	30/11/2023
	143605
	2057.2
	2065.4
	2067.4
	2051.2
	2060.3

	29/12/2023
	102741
	2071.8
	2076.1
	2084.1
	2067.6
	2074.9
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