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Abstract
Providing efficient and powerful approach for liquidity management of bank branches has always been one of the most
important and challenging issues for researchers and scholars in the banking field. In other words, estimating the amount
of required cash in different branches of the bank is one of the basic and important questions for managers of the
banking system. Because on the one hand, if the amount of cash is less than the required amount, the bank runs the
default risk, and on the other hand, if the amount of cash is more than the required amount, the bank incurs opportunity
costs. Therefore, the purpose of this study is to provide a practical approach to predict the optimal amount of required
cash in bank branches. For this purpose, the concepts of time series, neural network approach and vector autoregressive
model are used. The effectiveness of the proposed approach is also examined using real data.
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Banks act as the backbone of the financial system in money market-based economic systems. These
institutions actually act as intermediaries in the economy. In other words, they collect financial
resources from sectors of the economy that have surplus cash and allocate them to sectors of the
economy that need funds for investment. This process is reflected in the bank balance sheet. In fact,
the balance sheet shows the amount and combination of financial resources that have entered the
bank and the resources that have been absorbed, to perform what combination of financing activities
(such as providing facilities, investing in projects and companies, investing) in other securities
(financial and non-financial institutions) are used. A bank's balance sheet is in optimal condition if it
can meet the following three conditions simultaneously [1] and [2]:
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I. The bank must be able to absorb all possible losses without compromising the rights of creditors
(financiers including shareholders and depositors). In other words, the higher the amount of equity and
the lower the probability of a decrease in the market value of the bank's assets relative to the value of the
debts, leads to the creation of stable and acceptable conditions in the bank.
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II. The bank must be able to respond quickly to all requests for cash, both in normal and critical situations.
In other words, the bank must be able to meet the needs of depositors who want to withdraw their funds
from the bank at any time. In the short run, this depends on the liquidity reserves in the bank and, at the
same time, on the use of efficient monitoring systems that are able to predict the unexpected outflow of
cash in the bank.
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III. The bank must be able to maintain a stable balance in the time horizon between long-term and longterm cash inflows and outflows. Establishing this depends on the degree of compliance and coordination
in the weighted average maturity of the bank's assets and liabilities.
Accordingly, the capital regulations of banks, which are formulated and submitted by the Basel banking
supervision committee, seek to provide guidelines for the implementation of the above three principles in
the banking system. These requirements follow the measurement of the risk level of balance sheet and offbalance sheet activities of banks and determine the amount of capital required to limit the probability of
default of the bank at the desired confidence levels. According to the simple proposed approach in the
Basel I, the amount of capital required to finance loans is at least equal to 8% of the bank's risk-weighted
assets. At the same time, this approach considers the amount of credit risk of each asset in calculating riskweighted assets [3].
The Basel II provide a more sophisticated yet efficient approach to credit risk calculations. This framework
is based on the three pillars of capital regulation, regulatory oversight and information disclosure. The first
pillar examines the amount of capital required to cover credit losses at the 99.9% confidence level. At the
same time, the degree of diversification of credit risk in the second pillar is assessed by the regulator, which
has the ability to adjust capital adequacy requirements. Although Basel II Capital Regulations also cover
operational and market risks, its focus is on credit risk as a major cause of adverse events in the banking
industry [4].
During the financial crisis of 2007-2009, many banks faced problems due to lack of liquidity due to the
tendency of depositors to withdraw their cash from banks. Vulnerable banks financed their long-term
assets from short-term sources and as a result were unable to meet the needs of depositors. In response to
this crisis, the Basel committee, focusing on liquidity risk as one of the most important factors influencing
the banking system, introduced its new guidelines to increase the ability of banks to absorb shocks and,
consequently, greater flexibility in the face of possible future crises. The principles of the internal approach
to credit risk management presented by Basel II have remained unchanged in Basel III. In other words,
the risk-weighted weighting of assets, in order to create a more flexible banking system, is associated in
Basel III with higher capital ratios and greater emphasis on tier I capital [5].
Liquidity in financial markets has different definitions and applications. In general, liquidity management
indicates the ability to strike a stable balance between cash inflows and outflows over time. Undoubtedly,
liquidity management has a more rigorous structure for banks due to their functional nature (funds
intermediation). The limitations of liquidity risk management mentioned in Basel III are: the ratio of
liquidity coverage and the net ratio of sustainable resources. The liquidity coverage ratio ensures that there
is a portfolio of high-quality liquid assets in the bank that can meet the cash outflow needs in the next 30
days. In other words, this ratio examines the short-term access of the bank to cash resources. The net ratio
of fixed resources also examines the financing of banks' assets and long-term activities by considering the
minimum acceptable sustainable sources and considering the liquidity of bank assets over a longer period
of time.

Zaragoza and Mota [6] examined cash liquidity optimization methods in bank branches. Baghbani and
Eskandari [7] used Bayesian data mining approach to calculate the required cash in bank branches. Bilir
and Döşeyen [8] attepted to optimize Automated Teller Machines (ATM) and branch cash operations
by applying an integrated cash requirement forecasting and cash optimization model. Lázaro et al. [9]
improved cash logistics in bank branches by utilizing machine learning and Robust Optimization (RO)
approaches. Tavana et al. [10] applied Artificial Neural Network (ANN) and bayesian network model to
assess liquidity risk in banking. Desai et al. [11] examined operational ATM and optimization of cash
liquidity management by employing mobile application. Ranjbarfard and Ahmadi [12] surveyed on data
requirements for applications of data mining in banking industry.
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2 | Proposed Approach
Liquidity management is always one of the most important and challenging issues facing the banking
system [13]. In other words, estimating the adequacy of cash required in different branches of the bank
in order to respond to clients and owners of deposits, is always one of the basic questions for managers
of the banking system. On the one hand, if the amount of cash in the bank is less than the bank needs
to respond to clients, the requests of some customers will be delayed, which is unacceptable, and leads
to dissatisfaction of customers and depositors of the bank. On the other hand, if this amount is too
sufficient, the bank will incur significant opportunity costs. Because the excess amount of these funds
could be used in various investments, granting facilities, etc. In addition, keeping large amounts of cash
in the bank can increase the risk of damage resulting from the loss of all or part of the cash due to
natural disasters, fires, armed robbery, etc. from the bank. In short, each branch must be able to strike
a long-term, stable balance between the inflow and outflow of its cash. Creating such a balance requires
predicting the amount of cash inflows and outflows of the branch.
In order to predict the optimal amount of cash required in bank branches, basic methods or statistical
methods can be used. In the basic methods, the behavior and characteristics of the real and legal
personalities of the bank depositor are analyzed and the probability of their deposit being withdrawn
for the next period is calculated. But in statistical methods, past information is the basis for predicting
future events. The main structure of the proposed approach is based on topics related to time series,
neural network and vector autocorrelation model, the steps of which are summarized as follows:
Step 1. In the first step, the cash inflow and outflow data are extracted along with the ATM withdrawals
and placed in independent tables, with dates in rows and branches in columns. In other words, each
column in each table represents the desired time series for specific branches.
Step 2. The total cash inflows and outflows from the ATM are calculated for each date. In other words,
the result of this step is the creation of three independent time series that show how much cash inflows,
cash outflows and ATM withdrawals have been for each branch per day.
Step 3. The significance of all three time series of cash inputs, cash outputs and ATM withdrawals are
checked using two functions of autocorrelation and partial autocorrelation. It should be noted that if
the distribution of a random variable remains unchanged over time, the series in question remains
constant.
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According to the explanations, undoubtedly, the liquidity management of the branches is of great
importance among the managers of the banking system. In other words, how much cash resources each
branch should have in order to meet the needs of customers in the coming month, is one of the most
important concerns and questions in the field of banking. Therefore, the purpose of this study is to
present and implement an efficient approach to estimate the optimal amount of cash required in bank
branches. Notably, two different forecasting methods based on time series and neural network are used.

Step 4. The future values of these three time series are predicted using linear models. In other words, the
total amount of cash entering and leaving the bank and the total withdrawals from ATMs for the next 30
days are forecast.
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Step 5. The share of each branch is calculated from 3 variables: cash inflow, cash outflow and withdrawal
from ATM over time. The result of this step is 100 independent time series that show what proportion
each branch allocates to cash inflows, outflows and ATM withdrawals at each date.
Step 6. Then the time series of cash inflows, cash outflows and withdrawals from the ATM created in the
previous step, using the neural network approach and the vector autocorrelation model, are predicted for
the next 30 days.
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Step 7. Finally, using the output and results of steps 4 and 6, the amount of cash inflows, cash outflows
and withdrawals from the ATM in each branch for the next 30 days are calculated.

3 | Implementation and Experimental Results
In order to implement the proposed research approach, cash input and output data of 100 branches along
with information about withdrawals from ATMs of these branches, for a period of 3 consecutive years for
one of the banks operating in Iran has been used. The purpose of implementing the proposed research
approach is to predict the values of these three variables including cash inputs, cash outputs and
withdrawals from ATMs over the next 30 days for each of the 100 branches as a case study. It is necessary
to explain that in this research and in order to implement the proposed approach, MATLAB software has
been used. Based on this, the following explains how to implement the research approach using real data.
In the first step, as mentioned in the previous section, the required data is extracted and processed. Then,
the meaning of the mentioned time series should be examined. Based on this and as an example, the time
series diagram of the total cash inflow is drawn as Fig. 1:

Fig. 1. Time series diagram of the total inflow of the bank.

It should be noted that if a time series is constant, its autocorrelation value will diminish with increasing
time intervals, in other words, it will be close to zero. Therefore, the future behavior of such time series
can be modeled using its past values linearly. In order to investigate the significance of the mentioned time
series, the two functions of autocorrelation and partial autocorrelation of the total time series of cash
inflows are examined, the corresponding diagrams of which are shown in Fig. 2:

Fig. 2. Chart of self-correlation and partial self-correlation.

According to Fig. 2, the value of autocorrelation and partial autocorrelation will be damp after 11 breaks.
Hence the ARIMA (11,0,11) model explains this time series. Also, residuals values should be analyzed
to check the accuracy of the model. It should be noted that the residuals should have a normal
distribution and zero autocorrelation and partial autocorrelation. the results of which are presented
below:

Fig. 3. Analysis of residuals values.

As can be seen in the diagrams above, the residuals have a normal distribution and zero autocorrelation
and partial autocorrelation. Therefore, it is possible to use the mentioned model to predict future
periods. It should be noted that the above steps have been performed for the other two time series,
namely cash outputs and withdrawals from ATMs. Then, the total amount of cash inflows to the bank
and the outflow of cash from the bank along with the total amount of withdrawals from ATMs for the
next 30 days are forecasted. Next, the share of each branch in the inflow and outflow of cash and
withdrawals from bank ATMs using the neural network and its vector correlation model is predicted. It
should be noted that neural network is one of the most widely used and common techniques in the field
of data mining for estimation and prediction [14].
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In general, neural networks have different applications such as data classification, approximation of
functions, prediction of variables, clustering and optimization. To use the neural network approach to
predict in the present study, 100 time series for each of the three variables, including cash inputs, cash
outputs and ATM withdrawals, are considered as model inputs. Now, by applying the ntstool command,
the neural network time series window in MATLAB software is as follows:

Fig. 4. The initial window of neural network implementation in MATLAB software.

According to the purpose of the analysis, the Nonlinear Autoregressive option is selected and the variable
X is considered as input:

Fig. 5. The window of data selection to run the neural network in MATLAB software.

In the next step, 5 layers and 4 interrupts are considered for neural network training:

Fig. 6. The window of architecture design of the neural network in MATLAB software.

After setting layers and interrupts parameters, the neural network is trained using data and the Scald
Conjugate Gradient algorithm:

Fig. 7. The window of training of the neural network in MATLAB software.

The training results are saved and then predicted for the next 30 periods by employing the created neural
network:
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Fig. 8. The final window of neural network execution in MATLAB software.

It should be noted that all the above steps are implemented for all 3 variables of the research, including
cash inflows, cash outflows and withdrawals from ATMs, and finally the required amounts of cash in each
of the bank branches are calculated.

4 | Conclusions and Future Research Directions
Estimating and calculating the amount of cash required in different branches of the bank is always one of
the most important and challenging issues for the managers of the banking system. Therefore, in this study,
an attempt was made to provide an efficient method for estimating the optimal amount of cash in bank
branches by using the concepts of time series, neural network approach and autocorrelation model. Also,
how to implement the proposed research approach operationally, using real data extracted from 100 bank
branches, was implemented and reviewed. Finally, for future studies, it is suggested that the Data
Envelopment Analysis (DEA) approach is used to classify and rank bank branches based on their liquidity
management, and according to the results, efficient branches are considred as benchmark for inefficient
branches [15]-[18]. Also, using uncertainty programming approaches such as fuzzy optimization and robust
optimization, the effect of uncertainty in the data in the forecasting process can be considered [19]-[25].
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