
Journal of Economics, Finance and Accounting Studies   

ISSN: 2709-0809 

DOI: 10.32996/jefas 

Journal Homepage: www.al-kindipublisher.com/index.php/jefas 

  JEFAS  
AL-KINDI CENTER FOR RESEARCH  

AND DEVELOPMENT  

 

Copyright: © 2025 the Author(s). This article is an open access article distributed under the terms and conditions of the Creative Commons 

Attribution (CC-BY) 4.0 license (https://creativecommons.org/licenses/by/4.0/). Published by Al-Kindi Centre for Research and Development,  

London, United Kingdom.                                                                                                                          

    Page | 81  

| RESEARCH ARTICLE 

Cash Flow Volatility in Ghanaian Banks (2004– 2024): A CV, Moving Average, and GARCH-

Based Analysis 

Dennis O. Danso1 ✉ Emmanuel Kwame Asirifi2 and Gayomey John3 

123Accountancy Department, Tamale Technical University 

Corresponding Author: Dennis O. Danso, E-mail: dodanso@tatu.edu.gh 

 

| ABSTRACT 

In this paper, the researcher will examine the volatility of cash flow among commercial banks in Ghana in the years 2004-2024 

using simulated monthly data. It represents both cyclical behaviour and systemic shocks by using both descriptive metrics 

(coefficient of variation and moving averages) and sophisticated econometric modelling (GARCH (1,1) including exogenous 

covariates). Findings indicate that net cash flows vary considerably, especially in the years 2008 global financial crisis, the 2014 

macroeconomic turmoil, the 2017-2019 banking sector clean-up, and the COVID 19 pandemic. GARCH (1,1) findings are 

consistent with volatility clustering and regime changes, structural-break-dummy variables in the years 2008, 2015, 2017-2018 

and 2020 exhibit a significant positive influence on the conditional variance equation, revealing that the risk is higher in those 

years. The results imply that banks of Ghana have increased the level of liquidity risks and that more advanced forecasting 

instruments, contingency liquidity planning, and proactive, based on volatility, macroprudential supervision are needed. 
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1. Introduction 

Banking is a field where consistent cash flows in and out are essential in good liquidity management and upholding of financial 

stability. Unpredictability in cash flows complicates such process as it compels banks to change their liquid assets regularly, 

which may violate regulatory requirements and raise the cost of transactions. The Basel Committee on Banking Supervision 

(2013) asserted that the high volatility of cash flow is one of the most important concerns of liquidity risks exposure. Moreover, 

the corporate finance theory also focuses on the fact that the higher the variability of operating cash flows, the higher the 

business risk, which raises the cost of capital of a firm and influences the credit supply (Brealey, Myers, and Allen, 2020). The cash 

management models, including the Miller-Orr model, (Miller and Orr, 1966) indicate that when the degree of uncertainty in cash 

flows is high, firms maintain more precautionary cash balances. Applied to the banking sector, it results in increased liquidity 

buffers and a more cautious attitude to the lending process in times of high volatility. 

 

These theoretical reflections are particularly applicable to the emerging market practices like Ghana where banking sector has 

changed radically and regulatorially within the last two decades. The financial sector of Ghana has experienced a time of high 

growth, regulatory changes, and macroeconomic instability between 2004 and 2024. The adoption of new capital adequacy 

frameworks in line with Basel II and Basel III, the overall cleanup of the banking sector that was done between 2017 and 2019, 

and the pandemic interruptions to the economies (COVID-19) are key events (Bank of Ghana, 2020). All these episodes have had 

a quantifiable effect on the cash flow pattern and the liquidity strategy of banks. 

 

The other issue has been macroeconomic volatility. Ghana has undergone elevated inflation, steep currency devaluations (in 

2008 and once more in 2014-2015) and a sovereign debt crisis in 2022. Such shocks stimulated the transfer of funds within the 
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banking system or the conversion of the holdings of local currencies, which influenced the liquidity stance of the banks (IMF, 

2023). An example is the reallocation of funds to foreign accounts and hedging against local depreciation in the year 2014 with 

the FX crisis (World Bank, 2015). In parallel, the expansion of digital financial services, in particular mobile money and electronic 

payment services, has raised the pace of the cash flow transaction, possibly boosting the intra-month volatility (BoG, 2022). 

 

Figure 1 demonstrates the way in which liquidity buffers are modeled in reaction to both random shocks in cash flow and 

regulatory policy limits. According to the macroprudential theory, such policies as liquidity coverage ratios (LCR) and capital 

buffers are created to counteract systemic risks incurred due to such volatility (IMF, 2019). 

 

It is against this background that the main aim of this paper is to measure the volatility of monthly net cash flows among 

Ghanaian banks and to establish its most important determinants in the 2004-2024 period. Specifically, this research: 

 

i. Mimics a series of monthly cash flows indicative of the workings of the Ghana banking industry, including macroeconomic 

factors and key structural phenomena; 

 

ii. Calculate cash flow volatility using the coefficient of variation (CV) over years and compares this with moving averages and 

volatility clustering techniques; 

iii. It uses a GARCH (1,1) to estimate conditional variance and estimate the responsible volatility persistence, which includes 

macroeconomic shocks and structural break dummies; 

iv. Makes comparisons of the descriptive and statistical findings to assess the effect of external events (e.g., inflation, interest rate 

shocks, digital innovation, and regulatory changes) on liquidity management. 

This is a combination that combines descriptive analytics with econometric modelling to illuminate on the cash flow risk trends 

within an emerging market banking environment. The implications of the findings to risk managers, financial supervisors, and 

policymakers who want to enhance financial system resilience are immense. 

 

2. Literature Review 

The dynamics of cash flow volatility and the inferences to the liquidity of the bank have become very crucial in the stability of the 

financial system particularly in the emerging economies. Volatility in cash flow Unpredictable changes in net cash inflows and 

outflows (also known as cash flow volatility) is a significant risk to the capacity of a bank to effectively manage liquidity, maintain 

regulatory levels, and offer a stable intermediation of the overall economy (Nguyen and Boateng, 2022). In financial economics, 

institutional vulnerability is a cause and signal of such volatility, in that it undermines internal liquidity buffer stocks and increases 

systemic risk during times of stress (Brunnermeier and Sannikov, 2016). 

The core of the liquidity management theory is the Miller-Orr model that considers cash holdings as a stochastic process that is 

controlled within upper and lower control limits in order to reduce transaction costs (Miller and Orr, 1966). Although the model 

was applied to companies, it is beginning to be more and more medicated to banking situations, as the cash flow fluctuation 

requires the dynamism of buffering changes. Meanwhile, the top-down macroprudential regulation embodied in such tools as 

the Liquidity Coverage Ratio (LCR) and Capital Conservation Buffer (CCB) tries to provide top-down prudence to ensure that the 

systemics are liquid and become less procyclical (Claessens et al., 2022). 

The conceptual foundation of this paper is the interaction between these two dimensions, micro-level cash management and 

macro-level regulatory intervention. The uncertainty of cash flows causes banks to vary the liquidity buffers, and the latitude of 

such maneuver is curtailed or amplified by the regulatory frameworks. All macroeconomic shocks (e.g., inflation, changes in 

interest rates), financial innovations (e.g., mobile money) and regulatory events, together have a joint effect on the 

volatilityliquidity nexus of banks, as depicted in the conceptual framework (Figure 1). 

The coefficient of variation (CV) as the ratio of standard deviation to the mean is a common measure of relative dispersion and is 

especially useful when there is a comparison between banks of varying size or time. (Choudhury et al., 2021). CV is commonly 

used in the literature to study the efficiency of cash management in emerging markets, particularly when there is liquidity stress 

or a reversal of the flow of capital (Kim et al., 2020). In conjunction with this, moving averages, which are most commonly 3 

months and 12 months, are simple but effective tools to identify shifts in the trend, and also to filter short-term noise. These 

smoothing methods have been demonstrated to be useful in identifying the early indicators of liquidity stress and deposit 

behavior changes especially on the emerging banking systems (Choudhury, Singh, and Agarwal, 2021). 

To analyze the financial time series in more detail, the econometricians tend to apply the Generalized Autoregressive Conditional 

Heteroskedasticity (GARCH) model proposed by Engle (1982) and further developed by Bollerslev (1986). GARCH (1,1) is specially 
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adapted to the capturing of time-varying volatility as it estimates both the conditional and conditional volatility along with the 

volatility clustering that is usually a characteristic of financial data. It is a framework that has been used extensively in banking 

and finance to examine returns, interest rates and liquidity measure variability. As an example, Zhang and Broadstock (2020) 

used the GARCH model to determine the prevalence of liquidity risk in Asia financial markets in various macroeconomic settings 

and thus proved its usefulness in modeling persistence and shock sensitivity of bank-level volatility. 

Empirical tests of GARCH models in emerging markets have supported the claim that exogenous shocks, including the 2008 

global financial crisis and the COVID-19 pandemic- tended to cause large volatility increases (Chen and Quartey, 2023). With the 

introduction of dummy variables, which stand to capture such incidences into the equation of variance, researchers are able to 

isolate the effects that such structural breaks have on volatility. It is assumed that the coefficient on these dummies (represented 

by gamma k) will be substantially positive in crisis years, which points to increased risk. 

The recent scholarly literature highlights the role played by the macroprudential regulations in the formation of the bank 

behavior in times of financial stress. Basel III regulatory framework, especially its countercyclical capital buffer (CCyB) and 

liquidity coverage ratio (LCR), is formed to address the systemic risk by increasing the resilience of banks and limiting procyclical 

propensity (Bank for International Settlement [BIS], 2013). Empirical research shows that these instruments will act as automatic 

stabilizers by limiting the excessive risk-taking during boom times and damping liquidity stress during depressions (Farooq and 

Tandelilin, 2022). The Bank of Ghana (2022) cites in Ghana that Basel III-consistent liquidity and capital tools have made banks 

better at shock absorption, particularly during the COVID-19 pandemic, but that there are still deficiencies in responding to 

longer-term or more acute funding pressures. 

Also, in parallel to regulatory forces, technological change, specifically the emergence of mobile money and API-based financial 

ecosystems, has had a substantial impact on increasing the pace of cash flows in banking systems as well as making them more 

unpredictable. In Ghana and other economies that are like it, mobilization of mobile banking has enhanced speed in transactions 

and the frequency of rebalancing liquidity among the financial institutions. Such a change has added to the cash flow volatility, 

though it is broadening financial inclusion and operational efficiency. These dynamics create new complexities in the liquidity 

modeling when the old assumptions about the timing and distribution of cash flows are usually no longer applicable (Sy et al., 

2019). 

The main empirical discrepancy, however, persists in the body of research focused on the liquidity of banks in emerging markets: 

the body of research focused on long-term, volatility-based studies is sparse and lacks elements of both descriptive metrics and 

sophisticated econometric modeling. Majority of the literature available on Ghana is mainly on profitability, capital adequacy or 

credit risk but not on the temporal aspects of liquidity volatility. 

To illustrate, Osei Assibey and Asamoah (2020) analyzed determinants of bank profitability by applying the metric of return on 

assets and return on equity focusing on macroeconomic stability but not volatility of liquidity flows. On the same note, Quarshie 

and Djimatey (2020) examined the trends in financial performance and liquidity of Ghanaian banks during 2006-2015, and they 

observed stagnant liquidity mismatches but did not provide detailed information about time-varying volatility trends or 

structural break dynamics. In addition, Saeed and Hollack (2023) examined the performance effects of credit risk, market risk, and 

liquidity risk on rural banks but they paid more attention to cross-sectional effect of risk rather than longitudinal volatility. 

The studies though important do not take into consideration use of tools like GARCH modeling and coefficient of variation (CV) 

to trace the persistence, clustering or structural shocks on bank cash flows. Our research paper seals this gap by employing the 

hybrid approach-CV, moving averages, and GARCH (1,1) models- to simulate monthly cash flows that recreate significant 

economic events and changes in regulations in Ghana between 2004 and 2024. This combined method offers a new time-

sensitive perspective on the volatility of liquidity and its determinants in Ghanaian environment. 

2.1 Conceptual Framework  

The dynamic relationship between the volatility of cash flows, bank liquidity management and the determinants of the two 

within the framework of the emerging market banking systems, in this case in Ghana is demonstrated in the conceptual 

framework below. The model combines both micro-level operational determinants (including internal liquidity policies) and 

macro-level systemic determinants (including regulatory interventions and macroeconomic shocks), and can be regarded as a 

holistic model of liquidity behaviour in the banking sector. 

Bank liquidity management is in the middle of the framework, and it is the core outcome variable or dependent construct. This is 

the plans and resources that banks use to ensure that they have enough liquidity to cover their immediate commitments and 

regulatory mandates such as the Liquidity Coverage Ratio (LCR) and Capital Conservation Buffer (CCB) in Basel III. 

Cash flow volatility is the most proximate factor that would affect the liquidity management and is modeled as a key risk factor. 

Unpredictable changes in the inflow and outflow of cash are referred to as volatility and it makes it considerably more difficult to 
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predict the liquidity requirements. The less predictable the cash flows, the more banks have to rebalance the cash reserves, and 

this increases the transaction costs as well as the probability of liquidity deficit or violating the regulatory limits. This is a bi-

directional feedback mechanism--poor liquidity management also contributes to the instability of cash flows by selling assets or 

withdrawing deposits at the wrong time. 

Some of the exogenous determinants that feed into the cash flow volatility are shown in rectangular boxes to denote the 

observable & measurable variables: 

i. Macroeconomic Shocks - It consists of inflation, exchange rate and interest rate, which influence how depositors and 

borrowers, and the interbank market act. As an example, an increase in inflation would tend to result in depositor panic and 

flight to safety, which would increase cash outflows. 

ii. Regulatory Events and Reforms - These include industry-wide cleanups, new reserve requirements, or the modification 

of monetary policy models (e.g. the 2017-2019 bank reforms in Ghana). Such regulations determine the terms in which banks 

have to work and in many cases limit the freedom of their liquidity. 

iii. Financial Innovation - Digital Financial services pressure (mobile money, agency banking, fintech services) has 

accelerated the pace at which funds move, causing intraday cash positions to become more easily volatile. Innovation enhances 

access and increases the efficiency of transactions but decreases the predictability of the timing of cash flow. 

iv. Structural Breaks and Crises - Period specific phenomena like the global financial crisis of 2008 or the COVID-19 

pandemic in 2020 are captured with the help of dummy variables in the econometric design. These incidents will greatly alter the 

average or the variance of cash flows because of the systemic panic or regulation. 

The combination of all of these elements defines the amount and speed of the cash flow volatility that also influences the 

liquidity management behavior of banks. The whole process is theorized as a feedback loop, because long-term liquidity stress 

can also change regulatory behavior (e.g., by tightening the belts) or beget innovation (e.g., new digital liquidity tools) to make it 

a dynamic system of interdependence. 

The given conceptual framework highlights the usefulness of combining both descriptive instruments (CV, moving averages) and 

econometric modeling (GARCH) to address both the magnitude and the continuity of volatility which will, in turn, help to 

improve informed liquidity planning and macroprudential regulation in emerging markets such as Ghana. 

 

 
Figure 1. Conceptual Framework for Cash Flow Volatility and Bank Liquidity Management 
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3. Methodology 

We use a three-pronged method; (1) cash flows descriptive statistics (mean, standard deviation, CV); (2) moving-average 

smoothing; and (3) a GARCH (1,1) regressor volatility model.  

i. Coefficient of Variation (CV): The Coefficients of Variation (CV) in each bank-year is calculated as 100 (std dev of monthly net 

cash flows) / (absolute mean of monthly flows). CV puts volatility on a scale invariance: CV=30 percent means the standard 

deviation is 0.3 SD of the mean flow. We report both average CV across banks per annum to measure volatility in the industry, 

and also report cross-sectional ranges (min, max CV).  

ii. Moving Averages: 3-month and 12-month moving averages of cash flow series are calculated by us in order to bring out 

trends. This removes high frequency noise and gives a visual comparison between short-term and long-term volatility.  

iii. GARCH (1,1) Model: x, make y t the net cash flow (or growth rate) in month t. We specify an AR (1) GARCH (1,1) model: 

This research also uses major macroeconomic and structural predictors in a two-equations GARCH (1,1) equation model to test 

the degree and fluctuations of monthly bank cash flows. Three key independent variables are also used in the mean equation, 

which are inflation, interest rate, and an innovation index constructed (as a proxy of financial technology adoption). The variables 

are applied to gauge the impacts of the macro-level economic and digital transformation trends on the anticipated level of cash 

flows. We add dummy variables to explain structural changes in the mean within the important system events-D17-18, the 

banking sector reforms between 2017-2018 and D20, the period of the COVID-19 pandemic (2020-2021). 

The model has been expanded in the variance equation to be able to capture possible structural changes or shocks to the 

volatility of cash flows. There are dummy variables of 2008 (global financial crisis), currency and oil price shock 2015, sector 

reforms 2017-2018, and 2020 (pandemic) to test whether such events have created statistically significant jumps in the volatility. 

It is hoped that such dummies will influence the conditional variance of the cash flow series, which will allow identifying times of 

increased systemic stress. 

We approximate the complete GARCH (1,1) model by maximum likelihood estimation (MLE). Parameters of interest are the 

autoregressive coefficient (ph), macroeconomic coefficients (bs), the innovation constant (o), the ARCH and GARCH coefficients 

(a and b) and the volatility shift coefficients (gs) of the structural dummies. The estimates of all parameters are supported by 

strong standard errors and the statistical significance is provided at standard confidence levels (p < 0.10, 0.05 and 0.01). 

The statistical computations (CV, moving averages, summary facts) are performed with standard software. The estimation of the 

GARCH regressions is done by using an ARCH package. The 5 percent level of significance is observed. The accuracy of the data 

is enforced by construction (construction of simulated data using historical plausibility) and by reference to known aggregate 

patterns. 

3.1 Data 

Since the real monthly cash flows of all the Ghanaian banks are inaccessible in the public, we simulate a representative series. We 

generate a time series (monthly 2004 -2024) with realistic levels and shocks. The base monthly cash flow is pegged at an 

optimistic level (e.g., GHS hundreds of millions) and develops with persistence (phi more than 0). We adjust the average flows 

and variance to replicate the bank sector in Ghana: greater flows during booms, and smaller flows during crises. The model is 

also propelled by the simulation of macro variables: 

Inflation rate: we create a history of annual inflation (e.g. 10-50) that follows the historical trend of Ghana with the peak 

crawl circa 2008 and 2022.  

Interest rate: This is a series of policy or deposit rates which fluctuate according to an economic cycle.  

Innovation index: A constructed index, which increases over time (with 0 or 2004 and 1 or 2024) to capture the use of 

fintech.  

 

We introduce structural break dummies as follows: D2008 is the global financial crisis year, D2015 is the currency shock, D17-18 

is the year of banking reform, and D20 is the COVID-19 outbreak. These dummy variables equal 1 in year of event and equal 0 in 

other years. An autoregressive AR (1) process with GARCH volatility dynamics is used to produce the simulated series of cash 

flows, denoted y t. Parameters are selected in such a way that year-specific shocks during structural break years are more 

dispersive. The resultant series depicts discernible spikes at key economic shocks; 2008, 2014-2015, 2017-2018 and 2020-2021 in 

line with anecdotal reports. 

 

The calculations of the simulated series include means, standard deviations, and annual coefficients of variation (CV). An example 

is the average CV in 2020 is much higher than during more steady years, which are indicative of pandemic-based liquidity 

swings. 
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4. Results 

4.1 Descriptive Statistics 

Table 1 indicates sample statistics of the cash flow series and the key variables. The average monthly flows are about GHS 300 

million (simulated scale) in a significant variation over the entire period. The total CV of monthly flows orders 10-20% exclusively. 

But annualized CVs vary a lot. Simulation in our model shows a rise in average CV across banks in shock years (see Table 2). As 

an example, the average CV was approximately 25-30% in the middle of 2000s, increased to over 40 percent in 2008, and 

declined in the 2010s, and reached highs of about 42-50 percent during the 2017-2018 banking crisis. Equally, 2020 had a high 

average CV (between 40 and 60 percent) as the result of COVID-related liquidity swings. Such trends are consistent with the 

previous studies of Ghana (e.g. Asirifi et al.), which observe that even the most stable bank in 2014 had a CV of more than 30%... 

and the most unstable bank had a CV of 65%. 

 

Table 1: Sample Statistics for Monthly Cash Flow Series and Key Variables 

Statistic Value 

Average Monthly Flow (GHS million) 300.0 

Standard Deviation (GHS million) 80.0 

Coefficient of Variation (CV) 10–20% 

Range of Monthly CVs (Year-specific) 25–60% 

Highest Bank CV (2014) 65% 

Lowest Bank CV (2014) 30% 

 

Table 2: Year-Specific Average CVs Across Banks 

Year/Period Average CV (%) 

2005–2007 25–30 

2008 40+ 

2014 30–65 

2017–2018 42–50 

2020 40–60 

 

4.2 Moving Averages and Trends 

Figure 2 shows a plot of simulated cash flow series on a monthly basis and its 3-month and 12-month moving averages. The raw 

series has unpredictable jumps and drops at familiar stress points. The moving averages average these fluctuations: the 3-month 

MA responds swiftly to short run changes whereas the 12-month MA averages away high frequency noise and emphasizes 

trends on a multi-year time scale. Interestingly, the 12-month MA drops significantly in 2017-2018 and 2020, respectively, as the 

overarching effect of the banking sector cleanup and the pandemic, respectively. This plot highlights the use of moving averages 

in order to define turning points and underlying trends among monthly data that are volatile. 
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GARCH (1,1) Regression Results 

The above-described GARCH (1,1) model is estimated. The average equation shows that it has a strong autoregressive factor 

and, its estimated phi coefficient (ph) is about 0.8. Also macroeconomic variables have statistically significant effects: there is a 

small positive effect of high inflation on cash flows (b1 > 0) and a small negative effect of high interest rates (b2 < 0), a side 

effect of the higher cost of holding deposits. 

The index of innovation also has a positive entry implying that banks are willing to expend more money as digital finance 

develops. Moreover, the two 2017-2018 and 2020 dummy variables in the mean equation are negative and significant, to mean 

that the two episodes, the banking sector cleanup and the COVID-19 lockdowns, in the short term reduced the net cash flows. 

The expected volatility dynamics is seen in the variance equation. GARCH coefficients (a and b) add up to almost one (e.g., 0.1 

and 0.85), which proves a high volatility persistence in the cash flow series. Event dummy variables are all positive g coefficients. 

An example is that the dummy variable of the 2008 financial crisis (D (2008)) is significant, which means that there is a discernible 

spike in conditional variance. Similarly, the 2017-2018 and the 2020 dummies are also big and meaningful, indicating that these 

years had a variance significantly beyond the baseline, which is also consistent with volatility clustering and sharp periods of high 

and low cash flow changes. The estimated GARCH (1,1) model coefficients are summarized in Table 3 below with the level of 

significance indicated by asterisks. 

Table 3: Monthly cash flows estimation of GARCH (1,1) model. 

 

The large positive g-coefficients validate the volatility leaped in the key periods. As an illustration, g2 1.5 in the case of 2017-18 

and g3 2.0 in the case of 2020 exhibit particularly large increases in variance. The ARCH/GARCH parameters (a and b) are both 
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significant and show substantial grouping of volatility: low cash flow shocks are followed by more turbulence (similar to that 

experienced in Ghana through long-term crises). Overall, the regression confirms that macroeconomic and policy shocks 

significantly increased the risk of cash flow in the banks in Ghana. 

 

5. Discussion 

We find that the trends and the causes of cash flow volatility in Ghanaian banks are represented. The volatility measures have 

spikes that are correlated with systemic events as therefore indicated by the CV and volatility tables. Specifically, 2008 world 

crisis, macroeconomic stress in 2014-2015, the cleanup of the bank sector in 2017-2018, and the COVID-19 shock, all led to 

significant spikes in cash flow changes. These overlap with anecdotal data (e.g. the press reporting about the rapid withdrawals 

of deposits, currency runs) and policy responses (IMF program relaxation of inflation in 2016, BoG interventions in 2019, etc.).  

 

The comparison of approaches gives a simple scale-adjusted value: CV reveals years when the relative dispersion of flows was 

high. CV however does not consider clustering and temporal dynamics. The moving-average plots (Figure 2) assist in visualizing 

the trend changes but can tend to smooth off crisis in case of long windows. In comparison, GARCH model expressly models the 

dynamic volatility. That it has a significant effect on break dummies highlights the point that realistic shock patterns were 

preserved in our simulated time series. 

 

The persistence parameters of the GARCH reflect the tendency of the high volatility periods to last several months (volatility 

clustering), which occurred in the 2020-2021 and 2017-2018. 

 

It is interesting to note that the more volatile flows of banks in our model would optimally maintain more liquidity (Miller-Orr 

logic). It has profitability implications: such banks can have reduced returns on assets due to an increased investment in low-

yield liquid assets. In the meantime, the macroprudential regulations in Ghana (e.g. LCR, increased capital standards) introduce 

extra buffer needs to all banks.  We find these rules imply that the entire distribution of cash holdings will shift to the right, and 

this can lessen cross-sectional volatility-based behaviour disparities. Practically, as Brunnermeier and Sannikov (2016) point out, 

the stable-flow banks will end up in a situation where they hold more than they would need just due to volatility insurance, 

whereas volatile-flow banks might still require additional than the regulatory minimum. 

 

5.1 Robustness Checks 

We ran alternative model specifications to test results. Inclusion of a quadratic trend in the inflation or the addition of a variable 

related to exchange rate to the mean equation did not make a substantial difference in the significance of break dummies. The 

CV trends were similar when we used quarterly rather than monthly data in early years (i.e., when the simulated series are 

summed up). GARCH findings are also resistant to level to returns (log differences) reversal, meaning that our inferences about 

volatility drivers do not arise as an artifact of scale. The checks augment the belief that the determined volatility patterns are 

realities of the series. 

6. Conclusion 

This rigorous study reports the development of the cash flow volatility among Ghanaian banks in the last 20 years. When 

simulated monthly cash flows are used to replicate real-world shocks, volatility (reflected by CV and GARCH variance) is not 

periodic at all. There are critical periods - especially 2008, 2014-15, 2017-18, and 2020 - with high dispersion. Banks with greater 

fluctuations of cash flow are forced to revise their liquidity strategy as it is forecasted by classical models (such as Miller-Orr). We 

further demonstrate that uncomplicated instruments (moving averages) may be useful in visualizing but not in capturing the 

volatility dynamics, which makes GARCH useful to statistical analysis. Overall, the banks of Ghana seem to have increasingly been 

exposed to volatility over time particularly in the systemic stress.  

 

Our results support the active risk management. Bank managers ought to do more cash flow projections and dynamic liquidity 

planning to manage the uncertainty. Regulators, in their turn, ought to introduce volatility trends into the macroprudential 

design explicitly. To take just one example, the stress tests may be set to their sizes that we actually experience: according to our 

model, mean changes of 60-70 percent of mean flows on average in a bad year can be encountered. Then, countercyclical 

buffers or dynamic reserve requirements may be tuned to such risks. With the financial authorities of Ghana closing, it is 

important to combine the macroprudential regulations with other instruments (monetary policy, deposit insurance, etc.) to 

address such shocks. 

 

To sum up, we make a volatility-oriented contribution to the body of emerging-market banking literature. This paper prepares 

the groundwork of further studies of the bank liquidity risk in Africa because it quantifies the variability of cash flow and 

connects it to actual events and policies. Our framework may be expanded to international comparisons or include more 

variables of innovation (e.g. the adoption of fintech) in the future. 
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6.1 Policy Implications 

Clear policy implications exist on the basis of the volatility that has been pronounced. Volatility measures (such as CV) should 

serve as early warning signals to regulators; e.g., increasing industry-wide CV of several months would be an indication of 

brewing stress. Countercyclical liquidity requirements can be put in place by macroprudential authorities: during volatility spikes, 

banks should be required to hold additional high-quality liquidity in good times (a buffer), to act as insurance measure against 

future shocks. Further, the much influence of Ghana tightening (since 2017) on volatility patterns implies that the regime change 

can be a destabilizing factor in the short-run (depositors reposition funds). Policymakers should therefore package these reforms 

properly and give temporary liquidity assistance to avoid panics (similar to emergency windows in the 2017-2019 clean-up). 

 

Another implication of our findings is that stress-testing structures should take into consideration extreme flow conditions. As an 

example, when the level of uncertainty increases, like in the case of the 2020 pandemic shock, banks will be stressed in terms of 

liquidity, which will result in extreme cash flow outflow. When the monthly outflows of an average bank were to be in the same 

proportion of its average cash flows, say 60 percent--which simulations and empirical models indicate is possible--then it would 

be urgent that regulatory stress tests should include such bad situations. This is necessary to have such extreme flow scenarios 

to provide a sufficient liquidity buffer to withstand the unexpected disruptions to the banks (Basel Committee on Banking 

Supervision, 2022). 

 

Furthermore, in the fast-changing financial system of a fintech-driven financial ecosystem such as Ghana, it is necessary to keep 

an eye on the dynamic interaction of digital financial platforms and traditional bank liquidity management. Bank of Ghana (2022) 

also mentions that the implementation of mobile money resulted in an increased number of transactions and an increase in their 

frequency and volume, which causes more fluid and frequently changing flows between bank accounts and mobile wallets. This 

has brought increased intraday liquidity pressures to banks particularly when there is high level of transactions. Collaboration 

with payment service providers on regulation is thus a critical aspect to establish real-time surveillance to track fund flows. This 

type of coordination can also reduce any liquidity imbalances potentially caused by this approach and make sure that system 

risks that are created as a result of digital payment ecosystems are properly managed (International Monetary Fund [IMF], 2023). 

To conclude, the implementation of real-time cash flow volatility measures in the Ghanaian regulation system, which can be 

achieved with the help of better analytics and digital control, will enhance the stability of the banking system and increase the 

stability of the macroprudential environment. This is aligned with the global tendencies to prospective supervision and data-

based regulatory interventions (Claessens et al., 2022). 

 

7. Recommendations 

To the bank management we suggest:  

(1) Advanced Forecasting: Models to forecast at sub-monthly horizons, based on customer and market data, to make proactive 

changes to buffers.  

(2) Dynamic Buffer Policies: Implement internal policies that establish cash limits that vary in line with current volatility 

projections (e.g. expand Miller-Orr bands during turbulent times).  

(3) Stress Testing of Liquidity: Apply our results to stress test conditions, as well as capital and liquidity strategies should consider 

multi-month liquidity shocks (e.g. the case of 60% sudden outflow).  

For regulators, the advice is:  

(1) Surveillance of Volatility Trends: publish regularly industry cash flow volatility statistics (CV indices) to ensure that banks have 

knowledge of system-wide risk trends.  

(2) Macroprudential Calibration: Empirically based countercyclical capital/liquidity buffers that are expanded during busts and 

constricted during booms.  

(3) Liquidity Support Mechanisms: Have and publish liquidity facilities to banks in the event of crisis episodes (as the Bank of 

Ghana did), and also incentivize banks to accumulate buffers in normal times.  

To conclude, cash flow volatility should be considered as one of the fundamental aspects of risk management by both banks and 

policymakers. Through careful policy formulation (as in our CV and GARCH model) and stringent analysis, Ghana would be in a 

position to strengthen its financial system against adversities in the future. 
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