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ABSTRACT 

 

 

 

The need for cash is an endless need even if cashless payment methods become popular. 

The number of ATMs is increasing day by day in Turkey. The most important process to 

keep an ATM in use is cash replenishment process. The proper ATM replenishment 

policy is related to forecast the demand of money precisely. Just as lack of money is a 

problem which decrease customer satisfaction, surplus of money is an extra cost to the 

bank.  

 

In this study, ATM cash demand forecasting is done by using machine learning 

algorithms with ATM cash withdrawal data. Python programming language is used to 

create the model. Machine learning is a subset of artificial intelligence that is developing 

day by day. There are lots of machine learning algorithm. Each algorithm performs well 

in a certain data structure. In the study, Support Vector Regressor, K’th Nearest Neighbor 

Regressor, Random Forest Regressor and Gradient Boosting Regressor algorithms are 

used to predict cash demand of ATM, which is a time series data, and their results are 

compared. To increase the performance of the prediction model, Exploratory Data 

Analysis and Feature Selection is applied to the dataset. Because of multivariate structure 

of the dataset and dynamic nature of demand makes the prediction process complicated, 

these data processing methods help prediction algorithm to understand the data well. 

 

Firstly, demand prediction concept and its role in banking sector is explained and machine 

learning methods and working principles are introduced. Then, methodology of the study 

is presented, and applications and results are shared. 



 

 
 

ÖZET 

 

 

 

Günümüzde her ne kadar nakitsiz ödeme yöntemleri popüler olmaya başlasa da nakit 

ihtiyacı bitmeyecektir. Türkiye’de ATM’lerin günden güne artıyor olması bunun 

göstergesidir. ATM’lerdeki en önemli süreç nakit ihmal sürecidir. Bu süreç ise nakit 

talebinin doğru tahminlenmesiyle en iyi şekilde işler. ATM’de ihtiyaçtan eksik para 

bulunması müşteri memnuniyetsizliğine yol açacağı gibi fazlalık ise bankaya maliyet 

olarak yansıyacaktır. 

 

Bu çalışmada, makine öğrenmesi algoritmaları kullanılarak ATM nakit talep 

tahminlemesi yapılmıştır. Çalışmada Python programlama dilinden yararlanılmıştır. 

Makine öğrenmesi, günden güne gelişmekte olan yapay zekanın bir alt koludur. Birçok 

makine öğrenmesi algoritmasından her biri belirli bir yapıdaki veri ile iyi sonuç verir. 

Çalışmada, zaman serileri çeşidindeki nakit talep datasının tahminlenmesi için Destek 

Vektör Regresörü, En Yakın Komşu Regresörü, Rastgele Orman Regresörü ve Gradyan 

Arttırıcı Regresör algoritmaları kullanılmış ve bu algoritmaların sonuçları 

karşılaştırılmıştır. Modelin performansını arttırmak için veri seti üzerinde Keşifsel Veri 

Analizi ve Öznitelik Seçimi çalışmaları yapılarak sonuçlar tekrar karşılaştırılmıştır. Çok 

değişkenli yapısı ve nakit talebinin kendi dinamik doğası gereği verinin komplike olması 

nedeniyle bu çalışmalar modelin veri setini daha iyi anlamasına yardımcı olmuştur. 

 

Öncelikle talep tahminleme konsepti ve bankacılıktaki rolü anlatılmış, makine öğrenmesi 

yöntemleri detaylı şekilde sunulmuştur. Sonra çalışmanın metodolojisi, uygulaması ve 

sonuçlar paylaşılmıştır. 
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1. INTRODUCTION 

 

 

 

Turkey is one of the leading countries that use the Alternative Distribution Channels in 

banking sector (Sayar et al., 2007). Internet banking, POS (Point of safe), ATM banking, 

mobile and digital banking are Alternative Distribution Channels. ATM banking is one 

of the pioneers among them in terms of start of use. 

 

In Turkey, first ATM was used in 1987. After starting of ATM banking, usage and 

number of ATMs increase with an accelerating speed. Over the past 10 years, in Turkey, 

while total number of banking offices has grown only 6% percent (from 9465 to 10118), 

The number of automated teller machines (ATMs) has grown 98% percent (from 26.692 

to 52.685) according to The Banks Association of Turkey. This increase brings the 

accessibility and convenience of banking services with it. ATMs are open 24 hours a day, 

providing more convenience to users than traditional banking offices. With the 

developing technology, as ATM operations vary, the need for banking offices is 

decreasing and it is obvious that; in the last decade, demand of banking services switched 

to ATM’s. Figure 1.1 and Figure 1.2 give total numbers of ATMs and banking offices in 

Turkey between 2010 and 2020.  
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Figure 1.1: Number of ATM's in Turkey 

 

 

Especially in the last 5 years, number of banking offices have followed an increasing 

trend. It can be deduced from these graphs that need for banking offices decreased while 

usage of ATMs increased. 

 

 

 

Figure 1.2: Number of Banking Offices in Turkey 

 

 

Ever since ATMs were first introduced in 1971, they have been a cost reduction method 

in banking services (Santos et al., 1995). Self-operating system of ATMs eliminates the 

need of human resource and human-driven mistakes. However, the money stock and the 

cost of holding money which was not a critical problem with a small number of branches, 

became a more important issue for banks. Therefore, along with the number and the 

location of the ATMs, also the amount of money stock in ATMs became an important 
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decision variable. Optimization and demand prediction of these variables have come to 

the forefront among popular topics in academic research. 

 

Before ATM cash management optimization studies, banks generally used their own 

business policies and rules came from experiences. However, today, this technique may 

not be useful in different location or different situations. Nowadays banks that use high 

technology in operations, prefer scientific methods for cash management by using 

inhouse or outsource tools.  

 

The main concern in ATM cash management process is to increase customer satisfaction 

while minimizing cost. According to Dilijonas ve Sakalauskas (2011), ATM service level 

can be evaluated with some main criteria. These are: 

• Customer friendliness, 

• Functionality of ATM, 

• Proper placement and distribution of ATMs, 

• Environmental safety. 

 

Cash management refers to a wide range of finance, including cash collection, handling 

and usage (Boeschoten, 1998). After collect money from customers with loan repayments 

and investment accounts, to increase the efficiency, it is important where to use it and 

how to distribute it.  

 

Demand prediction problem, stock problem and routing problem are parts of cash 

management problem. Even if these are individual problems in themselves, at the same 

time these problems are interrelated. As the first step of ATM cash management, cash 

demand should be determined. Cash transactions of an ATM have trends in certain cycles. 

These cycles can be weekly, monthly or yearly. Effects of important days like holidays 

and feasts, pay days, day of week, location of ATM and seasonal fluctuations should be 

considered in this process. According to calculated cash demand of the ATMs and main 

costs like delivery cost, holding cost and opportunity cost, optimum amount and 

replenishment frequency is determined. 
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Forecasting studies in service industries are ignored areas rather than manufacturing 

industries (Baltacioglu, 2007). Although the main objectives of these two kinds of 

industries are similar, like revenue maximization or resource minimization, their 

environment and the methods widely vary between them. 

 

While inventory cost is one of the main concerns of product-based companies, service-

based companies does not have this concern. Essential affairs of a service-based company 

are quality and availability of the service. 

 

There are fundamental differences between product based and service-based 

organizations which cause the forecasting methods used for these kinds of organizations 

differ from each other (Frohlich et al., 2002). Intangibility of service-based products is 

one of these differences. While this feature gives an advantage to service-based 

companies by eliminating constraints of logistics processes, decreases measurability of 

amount of demand of the service. Another difference is need for simultaneity. Demand 

of a product may be deferrable a fair amount of time, but demand of a service is lost in a 

case of inability to meet demand.  Heterogeneity is one another difference between 

service based and product-based companies. Services cannot be easily standardized. 

Every customer experiences a different service each time and quality of a service cannot 

be measured easily. 

 

Eventually, because of characteristic fluctuations in the demand for services and the fact 

that services are produced and consumed simultaneously, service-based businesses face 

the problem of matching capacity and demand continuously (Duk et al., 2002). 

 

Nevertheless, ATM cash management process is a kind of service industry supply chain 

management problem, it differs in some features of product like tangibility and finiteness 

of money. Like inventory cost of production industry, holding cost of money is an 

important parameter addition to opportunity cost of holding money in ATM.   
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2. DEMAND PREDICTION IN BANKING SECTOR 

 

 

 

In this section related literature is reviewed in three steps. Firstly, cash management 

concept which is the motivation behind the demand prediction is explained in banking 

perspective. Then demand prediction in manufacturing and service industries are 

compared and as a combination of them, demand prediction in banking sector is 

examined. 

 

2.1 Cash Management Concept in Banking Sector 

 

Cash Management is the financial discipline devoted to the management of planned 

expenditures; therefore, it focuses on operational efficiency and process optimization 

(Wuttke et al., 2013). However, in banking sector, this term usually refers to a particular 

business line which is named as transaction services, that sells products and services to 

assist the bank's cash management activities. Cash management activities can be 

considered for different operation fields of banking, such as branches, internet banking 

and ATMs. 

 

Whichever type of operation field it is, cost-effectiveness, risk reduction and efficiency 

are most important objectives in cash management (Mols et al., 1997). To consider cost 

effectiveness; holding costs, transportation costs and out of stock costs should be handled 

together (Castro, 2009). Although these problems are interdependent, because each of 

these problems is too complex in itself, stocking problem, delivery and routing problem 

and demand prediction problem are examined individually. 
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2.2 Demand Prediction in Manufacturing Industries and Service Industries 

 

Demand prediction is an important concept for both manufacturing and service industries. 

As in the continuation of the business, result of demand prediction is useful for investing 

a new business. 

 

The term of demand prediction is often used interchangeably with demand planning 

specially in manufacturing industry. However, demand planning is a wider concept and 

involves demand planning but not limited with it. In manufacturing, demand planning 

serves as a starting point for many other processes such as production, inventory holding 

and delivery. So, the key to increasing efficiency in the entire supply chain is to approach 

reality as much as possible. The right method to use depends on business type, available 

resources and main objectives.  

 

According to Armstrong (2001), not all the techniques are applicable for each product 

type. The correct application of the right technique with the right parts is crucial for 

accurate demand prediction. For example, in food industry, because of the seasonality 

and perishability factors are limitations to storage process, choosing an accurate forecast 

method is vital. Barbosa et al. (2015) claim that time series analysis is meaningful for 

food and beverage producers because one of the biggest challenges is to coordinate 

production and stock to minimize product loss that is caused by of short durability. 

Production strategy is another criterion to decide the demand prediction method. In a 

make-to-order environment, manufacturers often use model option logic in production 

planning which consists of producing specific numbers of each model and option of the 

product according to orders, while those in make-to-stock environment should rely 

heavily on forecasts. 

 

No matter which business type is it, there are key points to make right prediction. 

According to Whitfield et al. (2013), these key points are identifying the various types of 

statistical data available, deciding on the specific degree of the accuracy required and 

considering horizon of the forecast. Helms (2000) emphasize that whichever technique is 
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selected to forecast, time horizon, technological change, barriers to entry, dissemination 

of information and elasticity of demand are key principles that need to be considered for 

accuracy of forecast. Generally, for mid/long-term planning, established products and 

stable demand traditional methods can be best fit while machine learning methods can 

give better results for short/mid-term planning, new products and volatile demand 

scenarios.  

 

Contrary to the fact that there is a lot of study about demand prediction in manufacturing 

industries for decades, there is not much in the service industries. Although the objective 

of market research for service-based and product-based companies is similar, which is 

maximizing return with limited resources; there are also significant differences. The main 

difference is cost of inventory. Product based companies should estimate the demand to 

minimize inventory costs while ensuring their customers access to their products. On the 

other hand, inventory is not as important in service-based companies as trained workers. 

Service-based companies must focus more on workforce qualification (Lay et al., 2009). 

They must invest strongly on the training and certification of their employees. Employing 

and training qualified staff is both expensive and time consuming; this requires service-

based companies to plan further than product-based companies. 

 

Service-based companies generally have a wider range of variables on which demand is 

based. While a product-based company target its research on a particular type of product, 

service-based companies must consider whole industry and use wider range of data (Lee 

et al., 2014). So, while for product-based companies traditional prediction methods can 

be more useful, they may not be sufficient for service-based companies. When it comes 

to the service industries, there are multiple variables to be considered such as workforce 

efficiency, training requirements and keeping the long-term goals in mind. These 

evidences reveal the fact that service-based companies should choose more advanced 

methods than traditional prediction methods. 

 

Another human factor in service industry except than employee is, customer. Unlike the 

product customer, behavior of the service customer is more ambiguous and varying by 
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time. Koshiba et al, (2013) conduct a user-centered study which claims that required 

service is extremely reliant on factors such as customer interest and environment in 

service organizations like restaurants and retailers. For example, if customers in a retail 

shop have time and need advisory, employees should take care of the customers closely. 

Contrarily, if customers do not need help, caring of staff can make a negative impression. 

So, right decision can be change according to situation and while making a service-based 

market research customer behavior should be studied. 

 

2.3 Demand Prediction in Banking Sector 

 

For cash management problem in banking sector, first, Baumol (1952) developed a model 

called as “an Inventory Theoretic Approach” and defined the problem as an inventory 

problem. In his model, unused cash money is compared to idle raw materials in stocks 

and Economic Order Quantity model is used to determine cash management strategy.  

 

Johnson and Montgomery (1976) associated cash management problem to single period 

stochastic inventory problem.  

 

Constantinides and Richard (1978) modeled the problem with Wiener Process which is a 

continuous time stochastic process.  

 

Boeschoten (1992) studied on parameters which affects cash demand and classify cash 

demand for ATMs according to time, environment and customer features. 

 

Simutis (2008) proposed an approach which focuses on customer behavior and aimed to 

predict customer behavior by using Artificial Neural Networks. Simutis used Flexible 

Artificial Neural Networks Method and Support Vector Regression Algorithms to predict 

daily demand of ATMs. 

 

In ATM cash replenishment, banks want to use less resources, like cash kept in ATMs, 

trucks for transport money, while meeting customer demand. According to Simutis, 
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generally banks keep %40 more money than they need while %15 is efficient as safety 

stock (2008). As well as surplus is an undesirable and costly situation (Rajwani et al., 

2017), stock-out also an unwelcomed case and generally its cost is an inestimable cost 

(Paul, 2010). 

 

In recent studies in ATM cash demand prediction main methods to forecast the demand 

can be grouped in three: statistical methods, simulation techniques and artificial 

intelligence techniques. In Figure 2.1, an overview of forecasting methods is presented. 

 

 

 

Figure 2.1: Forecasting Methods Overview 

 

 

 

Statistical methods are widely used and traditional forecasting methods in ATM cash 

demand prediction. (Laitinen et al., 1998), (Petrovic et al., 2006), (Abraham et al., 2009), 

(Gubar et al., 2011), (Huynh et al., 2014). Exponential smoothing and weighted moving 
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average methods are applied to daily cash withdraws for individual ATMs (Cui et al., 

2014). These methods use only cash withdrawal data and try to catch a trend or 

seasonality in the historic data (Brentnall et al., 2008). Another statistical model of 

predicting ATM cash demand is ARIMA (Simutis et al., 2007). ARIMA models are the 

most generic and basic time series forecasting models. The fact that these models are easy 

to implement and can be solved with shorter run times, increases their preferability. One 

disadvantage of ARIMA models is that these models predict future demand by using only 

demand data and does not use features to correlate sudden changes and fluctuations with 

them (Liu et al., 2013).  

 

Simulation is another method used in cash demand prediction. Even if they are effective 

to model a problem, simulation methods are rarely used techniques because of long run 

times and modelling difficulty in complex systems. (Sepúlveda et al., 2004), (Scholtz et 

al., 2012), (Stahl, 2019). 

 

Although the methods described so far are useful methods, they are insufficient at some 

point. They only use historical data of subject that is forecasted. For example, if weather 

condition is forecasted, the only input is daily weather condition data for a certain time. 

With this way, the other factors which affect weather are neglected like atmospheric 

pressure, emission level of harmful gases. 

 

Artificial intelligence is more advanced technique to make time series forecasting by 

ability to use many variables related to variable that is forecasted. As a part of artificial 

intelligence, machine learning methods are commonly used in recent times with their 

easiness in implementation and precision in results. (Atsalaki et al., 2011), (Cardona et 

al., 2012), (Venkatesh et al., 2014), (Arabani et al., 2019), (Leonov et al., 2020). This 

ability increases the precision of the models (Kotsiantis et al., 2006). To use exploratory 

data analysis is another distinctive feature of machine learning. It is a critical process of 

investigating data with help of statistics and visualization tools (Hartwig et al., 2002).  
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Another part of the artificial intelligence is neural networks. Concept of neural networks 

is an ever-growing concept for years. As examples of recurrent neural networks, long 

short term memory networks (Wei et al., 2017), (Hua et al., 2019) and time delay neural 

networks (Jha et al., 2014), (Sitte et al., 2000) are good performance algorithms for time 

series data. These algorithms do not need data handling processes unlike machine learning 

algorithms. However neural networks need big datasets to give a good performance.  

 

So far in the study, it is seen that machine learning methods are very effective and accurate 

methods in ATM cash demand prediction. So, the rest of the study focuses on the machine 

learning algorithms. 

 

In the next section, machine learning algorithms are explained in detail and use cases are 

given. Then, methodology of the study is introduced, and flow chart of the method is 

provided. After that, application of the method and results are presented. Finally, in the 

conclusion section, an overall brief of the study is given, and further works are discussed. 
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3.  MACHINE LEARNING ALGORITHMS 

 

 

 

Machine learning is a subset of artificial intelligence, whose goal is to make machines 

learn from past data without programming explicitly and obtain the accurate results 

(Michalski et al., 1983). Artificial intelligence and machine learning are two concepts that 

are often confused. Artificial intelligence is the theory of simulating human intelligence 

processes by machines, especially by computer systems. Although the name “artificial 

intelligence” was first used in 1950s, simple decision trees can be shown as an early 

examples of human-like decision system studies (Nilsson, 2010). On the other hand, 

machine learning is a specific subset of an artificial intelligence systems, which is more 

related with statistics. Despite their similarity, there are some differences that distinguish 

machine learning from statistics. 

 

The most important feature that distinguishes machine learning from statistics is the 

purpose of their usage. While machine learning methods are trained to obtain predictions 

as accurate as possible, statistical methods are used for revealing the relationships 

between the variables (Paluszek et al., 2016). So, while a machine learning model is 

trained with much more data than the statistics model and used to predict future data by 

using historical data, a statistical model is used to detect relationship between variables 

and expecting a future prediction remains just an assumption. 

 

Besides, relevance between increase in the frequency of usage of machine learning 

algorithms and the development computer processor technology is a proof of this situation 

(Arel et. Al., 2010). The huge amount of data obtained from the digital systems of today 

and the increasing complexity of the problems made impossible to establish explicitly 
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programmed statistical models for each problem and lead professionals to use machine 

learning algorithms. 

 

Another advantage of machine learning is effectiveness in time series prediction due to 

easiness in introducing time effect to model (Längkvist et al., 2014). Time series data 

have complicating agents like seasonality and machine learning algorithms are strong 

tools to detect and measure them.  

 

Machine Learning concept was born in 1940s based on a model of brain cell interaction. 

As the first case, neurophysiologist Warren McCulloch and mathematician Walter Pitts 

wrote a paper about neurons and their working principles (1947). They decided to create 

a model of this. At the same years, Hebb presented his theories on neuron excitement and 

communication between neurons in a book titled “The Organization of Behavior: A 

Neuropsychological Theory” (1949).  

 

In 1950, Alan Turing introduced Turing Test which is a method to test a computer 

whether it is able to convince a human that it is a human, not a computer. 

 

Arthur Samuel developed a computer program for playing checkers (1952). This program 

could learn and decide its next move by using the positions of the pieces on the board. 

 

Frank Rosenblatt designed the first artificial neural network, called “Perceptron” for 

pattern and shape recognition (1958). Perceptron can be called as ancestor of machine 

learning algorithms.  

 

3.1 Data Requirements and Data Handling 

 

Machine learning algorithms consume and process large amounts of data to learn complex 

patterns. However more data is not always better data. High accuracy for prediction is not 

possible without the right data that is captured and processed the right way in machine 

learning (Domingos, 2012). Exploratory Data Analysis and Feature Selection are 
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powerful data handling methods which are widely used in machine learning applications 

(Friedman, 1974). 

 

Exploratory Data Analysis (EDA) is an approach for summarizing, visualizing, and 

becoming intimately familiar with the important characteristics of a dataset (Behrens, 

1997). It helps model to discover patterns, to spot anomalies, to test hypothesis and to 

check assumptions. Even though it is a time-consuming process, skipping EDA can cause 

generating inaccurate models, generating accurate models on the wrong data or choosing 

the wrong variables for the model (Martinez et al., 2010). In order to understand data 

better and make it easier to apply the model, the first steps are to detect missing data 

points and outliers. After that, balance of data is investigated by using graphical tools and 

wrong and misleading parts of data is eliminated. Most used graphical tools used in EDA 

are correlation matrix, histogram, pareto chart and scatter plot (Behrens, 2012). Detailed 

application of EDA is presented in Methodology section. 

 

Feature engineering involves the careful selection and manipulation of dataset features. 

The target is to use most necessary part of input to make accurate predictions and does 

not have to deal with any extra noise that comes from the rest of the data (Xue et al., 

2015). By applying principal component analysis (PCA), features have extremely low 

correlation with the output can be found and extracted from the dataset (Abdi et al. 2010). 

Some features can be redundant, such as the ID or recording date and do not contribute 

to the prediction at all. 

 

3.2 Machine Learning Forecasting Use Cases 

 

3.2.1 New Product Introduction 

 

New product introduction is an area where machine learning is extraordinarily strong. 

Traditional forecasting needs two to five years of sales data to guarantee an acceptable 

level of accuracy (Ramanathan, 2012). With new items, although there is no sales history, 

predicting demand cannot be neglected as it drives multiple important processes, from 
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procurement to logistics management. Apart from market research and collecting expert 

opinions, the most common approach to forecasting launches is to identify clusters of 

predecessors with similar properties and product life cycle curves (Christensen et al., 

2017). Machine learning algorithms can be employed to extract specific patterns from 

huge volumes of unstructured data, find similarities and develop predictions.  

 

3.2.2 Marketing Campaigns 

 

Forecasting is often used to adjust ads and marketing campaigns and can affect the 

number of sales. Advanced machine learning prediction models can also take into account 

marketing data. Companies run thousands of consumer promotions that are supposed to 

drive sales. According to a report of Gartner Research Company, 59% of trade promotions 

don’t break even, or, in other words, result in additional expense not profit and these 

companies that still use spreadsheets to plan promotions and forecast their impact (2017). 

Obviously, without improved technologies, companies can hardly generate reliable 

predictions for costly marketing campaigns. Outcomes of promotions depend on 

numerous factors with complex relationships, hidden in large batches of raw data. 

Machine learning can cope with this challenging task. 

 

3.2.3 Predictive Sales Analytics 

 

One of the most common applications of machine learning is demand forecasting solution 

which is being able to model the future. Predictive analytics allows the organization to 

estimate the demand for their products or services, and also understand what will drive 

the sales and how consumer behavior is likely to change under certain conditions like 

trend alerts or seasonal changes (Koch, 2017). A demand forecasting solution using 

machine learning aggregates historical and new data from different sources. This includes 

data from ERP (enterprise resource planning system), CRM (customer relationship 
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management system), POSs (point of sales), customer demand studies, marketing 

surveys, social media engagement and more. 

 

3.2.4 Demand Sensing 

 

Demand sensing is another machine learning application that focuses on capturing real-

time fluctuations in market demand and consumer purchasing behavior (Folinas et al., 

2012). With these demand planning solutions, organizations can better optimize their 

forecasts to match anticipated needs on the go. This is a critical demand forecasting 

method in industries that have a fast-changing market. In demand sensing, the data is 

aggregated from point-of-sale systems and warehouses and is backed by marketing data 

that highlights customer engagement, trending content and more. Basically, a demand 

sensing solution captures demand trends on a short-term basis and the factors that cause 

fluctuations in it, enabling the organization to build a data-driven supply chain. 

 

 

3.3 Types of Machine Learning Algorithms 

 

Types of machine learning algorithms are basically divided into three main branches 

according to the task or problem as supervised, unsupervised and reinforcement 

algorithms. 

 

3.3.1 Supervised Learning 

 

As the name suggests, the learning method that is designed for dataset with target values 

are called as supervised learning (Caruana et al., 2006). In this type of machine learning 

models, the training is made on the basis of labels of the target values. Supervised learning 

problems can be grouped in two sections as “classification” and “regression”. When the 

target variable is a category, like “Ok” or “Not Ok”, “Positive” or “Negative”, the 

supervised learning problem is a classification problem. If the target variable is a dynamic 
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value like the currency or amount of item sold, the problem is a regression problem. In 

Figure 3.1, graphical representation of classification is given. A and B classes split 

according to distances between samples.  

 

 

Figure 3.1: Supervised Learning 

 

 

 

3.3.2 Unsupervised Learning  

 

Unsupervised learning problems are the problems those data do not include target values 

(Ghahramani, 2003). In this kind of problems, dataset only includes feature variables and 

the unsupervised learning problem needs a model that will expose the structure or 

distribution in the data.  

The most common unsupervised learning problems are “clustering” problems. Clustering 

problem is kind of a problem that, its solutions should include groupings in the data such 

as purchasing behavior of customers. Figure 3.2 represents clustering in graph. 
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Figure 3.2: Unsupervised Learning - Clustering 

 

 

Dimensionality reduction and anomaly detection are other unsupervised learning 

problems.  

 

Dimensionality reduction is the process of reducing the number of random variables 

under consideration by obtaining a set of principal variables (Kumar et al., 2017).  

Dimensionality reduction techniques are used for feature elimination process.  

 

Anomaly detection techniques detect outliers in the unlabeled data under an assumption 

that most of the data examples are normal by observing the instances that fit the remainder 

of the dataset (Eskinet al., 2002).  

 

3.3.3 Reinforcement Learning 

 

Before the explanation of reinforcement learning, it will be useful to explain what 

software agent is. Software agent is the section of an algorithm that does the given task 

within defined rules and borders. Reinforcement learning arises from the idea that a 

software agent can be conditioned to a particular movement or sequence of motion by 

giving a penalty or reward at the end of each movement (Kaelbling et al., 1996). Initially 

a random utility value is assigned to every move that can be made in any situation. 
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Starting from a random starting state, the software agent starts moving. In a situation, 

when a move is made, if the award or penalty is received, the utility value of that move 

is increased or decreased according to a formula. Figure 3.3 gives a representation of 

reinforcement learning principles. 

 

 

 

Figure 3.3: Reinforcement learning principles 

 

 

3.4 Machine Learning Models 

 

In this section, most commonly used machine learning models will be explained. Because 

of their easiness to use, suitability of different datasets and speed in run times they are the 

most frequent models in literature (Matsunaga et al., 2010). 

 

3.4.1 Linear Regression 

 

Linear regression is a linear model that assumes a linear relationship, which can be called 

y = A + B*x, between the input variable (x) and the target variable (y) (Seber et al., 2012). 

In this method, initial A and B values are assigned to model and the feedback is examined 
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in terms of R, RMSE (Root Mean Squared Error), R2 etc. According to the error of the 

model, A and B values are being updated and the best accuracy is being tried to get in 

optimum iterations. Figure 3.2 represents linear regression in graph. 

 

 

 

 

Figure 3.4: Linear Regression 

 

 

 

3.4.2 Logistic Regression 

 

Logistic regression is the method which is suitable for making predictions when the target 

variable is divided in two categories (Mohammed et al., 2016). Instead of fitting a line, 

logistic regression fits an “S” shaped logistic function to the data which goes from 0 to 1. 

The data points are evaluated depending on which side they are closer, and the predictions 

are made within this perspective. In Figure 3.5, graphical representation of logistic 

regression is given. 

 

 

http://www.statisticssolutions.com/academic-solutions/membership-resources/member-profile/data-analysis-plan-templates/data-analysis-plan-logistic-regression/
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Figure 3.5:  Logistic Regression 

 

 

3.4.3 Decision Tree 

 

A decision tree uses a tree-like graph in order to represent all possible solutions 

graphically (Freund et al., 1999). Decision trees are frequently used not only in machine 

learning applications, but also operations research and decision analysis. In this method, 

the initial rules form the leaves of the tree and by following rules respectively the decision 

is made. After getting feedback from the current error of decisions, iterations are done 

and the updates on the rules are made. In Figure 3.6, representation of a sample decision 

tree is given. 

 

Figure 3.6: Decision Tree 
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3.4.4 K Nearest Neighbors Algorithm 

 

K Nearest Neighbors algorithm, as known as KNN, is a type of supervised machine 

learning algorithms which can be used in both regression and classification problems 

(Kuang et al., 2009). In KNN method, at first, the value k is assigned as an integer. This 

k-value is used to determine the class of the unknown datapoint with checking the k 

nearest neighbors’ values. The unknown data point is predicted as the most commonly 

seen target value class among k neighbors. Since the value of k can change the prediction, 

it must be fine-tuned on the test data. Figure 3.7 represents k nearest neighbors algorithm 

graphically with different k-values. 

 

 

Figure 3.7: K Nearest Neighbors Algorithm 

 

 

3.4.5 Support Vector Machine Algorithm 

 

The aim of Support Vector Machine algorithm, as known as SVM, is to find a plane in 

N-dimensional space to classify the data point (Kotsiantis, 2007). Support Vector 

Machine method has applications for both supervised and unsupervised learning type 
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problems. To make it clearer, Figure 3.8 can be examined as an application for 2-

dimensional unsupervised learning problem. 

 

As it can be seen in Figure 3.8.a, in the first step of this problem, a random plane, in this 

situation a line, is assigned on the dataset. This plane divides data points in two categories. 

This data groups’ center of gravity is marked with x for both of them and a new plane is 

assigned to be equidistant from these two gravity centers, which can be seen in Figure 

3.8.b. A new plane will divide the datapoints into two new groups and the process is 

repeated for this new situation and this leads the datapoints and the plane to the 

circumstance in Figure 3.8.c. These iterations can be continued until the displacement 

amount of gravity centers become less than a determined value. 

 

 

 

Figure 3.8: Support Vector Machine 

 

 

In the next section, methodology of this study and dataset which is used in the application 

are introduced. Among all the mentioned machine learning models and types, suitable 

ones for   dataset are compared and results are shared.   
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4. METHODOLOGY 

 

 

 

Demand for money is the main concern of banking sector. Because of the fact that there 

is no production process; cost in banking sector comes from holding and transferring 

money. Both excess and insufficiency in supply of money in ATM’s cause the company 

making loss. While excess of money supply eliminates the other opportunities like 

investment or giving loan, insufficient money supply leads up to customer satisfaction 

and distrust.  

With the excessive importance of money demand, the value of accurate prediction 

increases. The problem is money demand includes lots of factors and these factors and 

their weights can be change with time and location dramatically. So, demand quantity and 

trend are not same for two different cities or neighborhood even if they have similar 

population densities. Fundamental factors that quantity and trend of demand for money 

to an ATM is affected from population density, demographic structure of location, 

location of ATM and its  proximity to other ATMs, special days, holidays, feasts, pay 

days of government and company employees, surrounding malls and shopping facilities  

so on. Being affected by that many of factors necessitates using a developed prediction 

model to investigate different variables and their significance on data. As stated before, 

rather than statistical methods or other traditional techniques, machine learning works 

better in complicated and multivariate data. 

In this study, machine learning algorithms are used in order to predict cash demand of an 

ATM. First of all, machine learning algorithms are run with raw dataset. Then, 

exploratory data analysis and feature selection are applied to the dataset and the algorithm 

given the best result with raw data run with this processed dataset. By comparing these 

two results it is aimed to emphasize the importance of exploratory data analysis and data 

processing in prediction with machine learning algorithms. Flow chart of the 

methodology can be seen in Figure 4.1. 
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Figure 4.1: Flow Chart of Methodology 

 

4.1 Algorithms and Error Metric 

 

In the previous sections, it is mentioned that all type of machine learning models gives 

better accuracies in different data structures and problems. In time series prediction the 

most accurate and widely used machine learning algorithms are Support Vector 

Regressor, K’th Nearest Neighbor Regressor, Random Forest Regressor and Gradient 

Boosting Regressor (Sapankevych et al., 2009), (Ak et al., 2015), (Weigend, 2018). 

 

To measure the accuracy, choosing the right error metric is extremely important 

(Davydenko, 2013). In time series prediction, Mean Absolute Error (MAE) and Mean 

Absolute Percentage Error (MAPE) are the most common encountered error metrics 

(Saigal et al., 2012), (Franses, 2016), (Khair et al. ,2017). R-squared is also a widely used 

error metric in machine learning. 
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In MAE metric shown below, large errors only have a proportional effect on the overall 

metric: 

 

𝑀𝐴𝐸 =  
1

𝑁
∗ ∑ |𝑥𝑖

𝑁
𝑖=1 −  𝑥𝑖̃ |                                                                                            (1) 

 

MAPE measures the size of the error in percentage. It is calculated as the average of the 

unsigned percentage error, as shown below:  
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Where, xi is the actual observation and x̃i is the estimated value, with a N sample. 

 

R-squared, which is also called as coefficient of determination is the proportion of the 

variance in the dependent variable that is predictable from the independent variable(s). 

 

The most general definition of the coefficient of determination is given below: 

 

 

𝑅2 = 1 −  
𝑈𝑛𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑 𝑉𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛

𝑇𝑜𝑡𝑎𝑙 𝑉𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛
                                                                              (3)  

 

 

R-squared is always between 0 and 1. 0 indicates that the model explains none of the 

variability of the response data around its mean.1 indicates that the model explains all the 

variability of the response data around its mean. 
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In this study, MAPE metric is used in order to avoid misguidance of magnitudes of the 

results. MAE and R-squared metrics are also considered in order to control accuracy of 

the model. 

 

4.2 Introduction of Dataset 

 

The data used in this study is taken from the online platform www.kaggle.com. Kaggle is 

a data science platform which data scientists and data analysts can share datasets. By 

using these datasets, users can open notebooks, analyze data, create prediction models, 

share them and compare with another’s work. This dataset is a simulated data with name 

“data of ATM transaction of xyz bank”, consisted of 11590 rows. Dataset is uploaded to 

platform in January 2019. Because of there is no notebook for this dataset, a comparison 

with another work cannot be done. A sample of application data is given in the Table 4.1. 

 

 

Table 4.1: The Sample Dataset 

 

ATM name 
# of 

withdrawals 

Total 

Amount 
Weekday 

Festival  

Religion 

Working 

Day   

1 Big Street 50 123800 Saturday H H 

2 Mount Road 253 767900 Saturday C H 

… … … … … … … 

… … … … … … … 

… … … … … … … 

11589 KK Nagar 76 76 Friday H H 

11590 Christ College 143 143 Friday H H 

 

 

The dataset consists of cash withdrawal data of 6 ATMs. In this study, cash withdrawal 

data of the ATM named Airport is used. The prediction algorithm is trained with 2 years 

of data and 1 year of data is predicted.  
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4.3 Exploratory Data Analysis and Feature Selection 

 

After choosing the right algorithm and error metric, exploratory data analysis is applied 

to dataset to investigate data and prepare it to prediction.  

 

First of all, data types of dataset’s columns are checked. Prediction models does not work 

with string and categorical data types directly. They should be mapped to integer values 

(Myatt, 2007). In order not to misleading the model, these integer values should not be 

large numbers. Table 4.2 gives the columns and their data types of the dataset. Weekday, 

Festival Religion and Working Day columns should be converted to numeric values. 

 

 

 

 

 

 

Table 4.2: Columns of Dataset 

Column Name Type 

Transaction Date datetime 

No Of Withdrawals integer 

No Of XYZ Card Withdrawals integer 

No Of Other Card Withdrawals integer 

Total amount Withdrawn integer 

Amount withdrawn XYZ Card integer 

Amount withdrawn Other Card integer 

Weekday category 

Festival Religion category 

Working Day category 

 

 

In the other step of exploratory data analysis, statistical descriptions and distributions of 

dataset’s columns should be analyzed. Statistical analysis is used to detect the extreme 

points and examine consistency of data (Van den Broeck et al., 2005). Thus, categorical 

data types do not require this process. Consistency of a data can be deduced by examining 

whether the normal distribution can be fit to data (Chatfieldet al., 2019). If data has a 
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normal distribution, prediction methods are more powerful, and results are well 

understood. Statistical description consists of mean, standard deviation, minimum value, 

maximum value, lower, middle and upper quartiles of data. In a consistent data, which 

fits to the normal distribution, mean and middle quartile values should be close to each 

other. Also, the difference between mean and maximum / minimum values should not be 

extremely higher than three times standard deviation. This is called as three-sigma 

method. According to three sigma method, an event is considered to be practically 

impossible if it lies outside of three standard deviations from the mean (Pukelsheim, 

1994). With the three-sigma method, outliers should be extracted from the data for the 

accuracy of model results.  

 

Feature scaling is an important process to prepare data to model. In multivariate data, 

features can have varying degrees of magnitudes. Machine learning algorithms, especially 

distance-based ones like KNN, K-means and SVM, are affected by the range of features 

excessively (Li et al., 2015). Because they use distances between instances to determine 

their similarity. If feature scaling is not applied higher weightage is given to features with 

higher magnitudes. Performance of the algorithm is biased towards features with higher 

magnitude. 

 

For feature scaling, normalization and standardization techniques can be used. 

Normalization is rescaling values of data in a range between 0 and 1. It gives better results 

when distribution of the data does not follow a normal distribution. In standardization 

values are centered around the mean with a unit standard deviation. Standardization can 

be helpful when the data follows a normal distribution.  

 

Feature selection is a performance enhancing process for machine learning algorithms. 

Machine learning models are advanced algorithms which can work with multivariate data 

(Tsai, 2009). However, there can be correlation between some features. This fact can 

decrease accuracy of the model. Generally, a correlation degree greater than 0.7 is 

considered a strong correlation and less than 0.4 is considered a weak or no correlation 

(Jin, 2006). In the dataset, features which have high correlation between each other should 

be detected and they should not be used together in the model.  
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4.4 Design of Experiments 

 

After choosing the best algorithm and applying data processing tools to analyze the data 

and improve prediction results, specific adjustments should be made to optimize the 

performance of the model. The design of experiments called DOE is a systematic 

approach to understanding how process parameters affect response variables (Antony, 

2014). DOE is a mathematical tool used to define the importance of specific processing 

and/or product variables, and how to control them to optimize the system performance 

while maximizing features. DOE uses statistical methodology to analyze data and predict 

product feature performance under all possible conditions within the limits chosen for 

experimental design. In addition to understanding how a variable affects product 

performance, interactions between different process and product variables are also 

defined. 

For each machine learning algorithm there are different parameters to apply DOE. For 

KNN algorithm, the main parameter is k value. This parameter is explained in Application 

and Results section in detail and DOE is applied.  

 

In the next section, machine learning algorithms are run with the raw data and results are 

compared. The best algorithm is run with the processed data and results are compared. 

With the application of the methodology, the effect of exploratory data analysis in 

prediction is proven.  
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5. APPLICATION AND RESULTS 

 

 

 

Accuracy of the prediction model is based on to select the right algorithm and to 

investigate the data and understand it. These two processes are interdependent. There are 

specific algorithms that work well with specific kind of data structures. Also, each 

machine learning algorithm needs particular data structures and data preparation 

processes.  

 

5.1 Application of Algorithm Selection (Step1 & Step2) 

 

As the first step of application, in order to choose the right model, alternative models 

which is introduced in Methodology section are tried with the raw data. According to 

results which are given in Table 5.1 and Figure 5.1, the most accurate model for this 

dataset is KNN with 27% MAPE. MAE value of KNN is 92311 which is the lower than 

the other models. R2 metric shows that all models except SVR can establish strong 

relationship between independent and dependent variables. 

 

Table 5.1: Prediction Results with Raw Data 

KNN Random Forest GBR SVR 

MAPE: 27 % MAPE: 29 % MAPE: 32 % MAPE: 28 % 

 

MAE: 92311 MAE: 116572 MAE: 127757 MAE: 107589 

R2: 0.549 R2: 0.951 R2: 0.965 R2: -0.22 
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Figure 5.1: Line Charts of Real (Raw Data) vs Predicted Values 
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KNN firstly was proposed to solve pattern recognition problem as a classification 

problem (Gweon et al., 2017). Recently, due to its successful and practical 

implementation, KNN becomes a widely used method in time series prediction (Martínez 

et al., 2019). As a supervised learning, KNN creates a function from input values of 

training data according to output values. After learning from training data, desired output 

values are predicted by using input values of test data. 

 

Classification model of KNN is mentioned in Machine Learning section. The model 

basically groups data points according to their distance of each other and a determined K 

value. KNN Regression model works in a similar way. The difference is while in 

classification variables are categorical, in regression they are continuous (Yin et al., 

2016). 

 

K value is number of neighbor data points which is considered together in the function. 

Because of based of K value the results of model tend to change, to find the optimum 

value of K is important. As a design of experiments (DOE) application, finding the k 

value with best results is important in terms of performance of the algorithm. The well-

known and widely used technique is “elbow curve” technique (Mehrotra et al., 2006). In 

this heuristic approach model is run with an extremely low value of k and overfits with a 

high error rate. As increases as the k value, error rate decreases until a point. In this point 

error curve reaches a minima. The right value of the k is this value. Figure 5.2 gives the 

elbow curve of used model and dataset in this application. In Figure 5.3 the differences 

in results of same model with same data but different K values. In Figure 5.3.a K value is 

set to 1 and model overfits. When K value is set to 10, prediction is smoothened (Figure 

5.3.b).  
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Figure 5.2: KNN Regression errors with different K values in used model 

 

 

 

Figure 5.3: Representation of KNN Regression results with different K values 
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5.2 Application of Exploratory Data Analysis and Feature Selection (StepA & 

StepB) 

 

After finding the right algorithm as KNN, statistical descriptions and distributions of 

dataset’s columns are examined as the first step of exploratory data analysis as it is 

mentioned in Methodology section. Table 5.2 gives the statistical descriptions of integer 

columns of dataset. In the table, means, standard deviations, minimum values, maximum 

values, lower, middle and upper quartiles of data is given. According to statistics in the 

table, it can be said that the dataset is close to consistency. However, ‘Amount withdrawn 

other card’ column can have a remarkable amount of extreme points. In Figure 5.4, 

distribution plots of the data support this inference. Although not as much as in this 

column, it is seen that the other columns have extreme points too. With the three-sigma 

method, these outliers will be extracted from the data for the accuracy of model results.  

 

 

Table 5.2: Statistical Descriptions of Columns of Dataset 

 

 

 

 

 

No Of Withdrawals No Of XYZCard Withdrawals

No Of Other Card 

Withdrawals

count 731.000.000                731.000.000                               731.000.000                       

mean 102.917.921                76.551.300                                 26.370.725                         

std 23.449.248                   17.435.785                                 11.672.737                         

min 26.000.000                   17.000.000                                 0

25% 89.000.000                   66.000.000                                 19.000.000                         

50% 102.000.000                76.000.000                                 24.000.000                         

75% 118.000.000                88.000.000                                 32.000.000                         

max 183.000.000                134.000.000                               88.000.000                         

 Total Amount 

Withdrawn 

 Amount Withdrawn XYZ 

Card 

 Amount Withdrawn 

Other Card 

count 731.000.000                731.000.000                               731.000.000                       

mean 466.283.153.215        383.293.384.405                       82.989.768.810                 

std 142.142.671.132        118.196.409.202                       47.835.953.111                 

min 123.800.000.000        100.200.000.000                       0

25% 363.900.000.000        300.250.000.000                       47.850.000.000                 

50% 457.100.000.000        371.400.000.000                       75.300.000.000                 

75% 556.550.000.000        460.600.000.000                       109.300.000.000              

max 968.700.000.000        719.600.000.000                       301.500.000.000              
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Figure 5.4: Distribution Plots of Data 

 

As it is mentioned in the previous section, to use the right columns of the dataset in the 

model, it is important to measure correlation between features and not to use correlated 

features together. In order to detect correlated features, correlation matrix of the dataset 

is examined. Correlation matrix of columns of the dataset is given in Figure 5.5. Columns 

Number of Withdrawals 

Number of XYZ Card 

Withdrawals 

Amount withdrawn Other Card 

Amount withdrawn XYZ Card 

Total amount Withdrawn 

No Of Other Card 

 

Figure 5.4: Distribution Plots of Data 
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‘No of Withdrawals’, ‘'No of XYZ Card Withdrawals’, ‘No of Other Card Withdrawals’, 

‘Total amount Withdrawn’ and ‘Amount withdrawn Other Card’ have strong correlation 

(higher than 0.7) with each other. Thus, these columns should not be used together in the 

model. The other columns, “Working Day categorical”, “Festival Religion categorical”, 

“Weekday categorical”, “year”, “month” and “day”, are suitable to use together with 

weak correlation values lower than 0.4. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.5: Correlation Matrix of Column to Predict 
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Using the right features is a key factor to make accurate predictions. To predict ‘Amount 

withdrawn XYZ Card’ column in the dataset, it is important to catch the trend of the data, 

seasonality and time dependent rises and falls. Thus, together with features of the dataset, 

year, month and day columns should be added to model to improve prediction model. 

These features are extracted from ‘Transaction Date’ column. 

  

Data handling processes are mentioned previous parts of this section. After data handling, 

columns of the dataset turned from Table 5.3 to Table 5.4. As the next step of the model, 

in the feature selection process correlated features are determined. Normally, one of the 

correlated five columns should be chosen and used in the model. However, because of 

the fact that these features are unknown information for the future prediction time period, 

in this study, all of them have been excluded from the model. Finalize version of columns 

of the dataset is given in the Table 5.5. The dataset is used in the prediction model as 

such. 

 

 

Table 5.3: Columns of the Raw Data 

Column Name 

Transaction Date 

No Of Withdrawals 

No Of XYZ Card Withdrawals 

No Of Other Card Withdrawals 

Total amount Withdrawn 

Amount withdrawn XYZ Card 

Amount withdrawn Other Card 

Weekday 

Festival Religion 

Working Day 
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Table 5.4: Columns of Processed Data 

Column Name 

Transaction Date 

No Of Withdrawals 

No Of XYZ Card Withdrawals 

No Of Other Card Withdrawals 

Total amount Withdrawn 

Amount withdrawn XYZ Card 

Amount withdrawn Other Card 

Weekday - converted 

Festival Religion - converted 

Working Day - converted 

year 

month 

day 

 

 

Table 5.5: Columns Used in Prediction 

Column Name 

Transaction Date 

Amount withdrawn XYZ Card 

Weekday - converted 

Festival Religion - converted 

Working Day - converted 

year 

month 

day 
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5.3 Results of the Models with Processed Data (Step 3 C) 

 

After running the prediction model with processed data, it is seen that exploratory data 

analysis and data handling are as important processes as model selection. With processed 

data, the error metric of KNN algorithm decreases from 27% MAPE to 9,4% MAPE. 

Figure 5.6 shows the comparison of KNN model results with the raw data and the 

processed data. After processing, model can follow trend and peak points of the data 

better. 

 

 

Figure 5.6: Comparison of Prediction Results Before and After EDA 

 

 

In the methodology section, four machine learning algorithms are run with the dataset 

and results are presented. The algorithm with second best result is SVR with %28 MAPE 

by using the raw data. After processing the data, the error of the results decreases to 15%. 

Even though error of the model seems quite low, when examining the results, it is seen 

that the results create a horizontal line and does not follow the descents and ascents of the 

real data. As the Figure 5.7 shows, SVR is not a proper method to model a peaky demand 

data. However, it can be suitable for a make to stock production system (Smola et al., 

2004). 
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Figure 5.7: Comparison of SVR and KNN Prediction Results 

 

 

In the next section, conclusion of the study is presented, a summary is given, and the 

possible further works are introduced. 
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6. CONCLUSION 

 

 

 

In this thesis, ATM cash demand prediction problem is taken into consideration in 

banking sector. To determine the right amount of money to have in stock for an ATM is 

extremely important for avoiding excessive costs which are delivery cost, holding cost 

and opportunity cost. Therefore, to predict cash demand is a critical issue. Cash demand 

data has a multivariate and fluctuant structure and to construct a model for this kind of 

data is very difficult. An advanced forecasting method is necessary for accurate results. 

Machine learning algorithms are strong tools to understand data and predict future 

demand. 

 

To provide real cash demand data is very difficult for information security reasons of 

banks. Thus, in the study, a cash withdrawal dataset is used which is provided from online 

data science platform Kaggle.com. The dataset has features like transaction date, 

weekday, working day and number of transactions. These features help algorithms to be 

trained better. Python programming language is used to create prediction model. Python 

codes are given in Appendices section.  

 

Four machine learning algorithms; Support Vector Regressor, K’th Nearest Neighbor 

Regressor, Random Forest Regressor and Gradient Boosting Regressor, are chosen by 

considering their suitability to structure of the dataset that is a kind of time series data. 

Their performance on the dataset shows the effect of the working principle of algorithm 

on performance of prediction. While KNN algorithm can understand the structure of the 

data well and can predict the fluctuations and peak points of it, SVR algorithm creates a 

straight line even if its error is low in average. Mean Absolute Percentage Error (MAPE) 

is chosen as the error metric to measure performances of algorithms. Because of the large 

magnitudes of data elements, a percentage type error is more suitable to compare results. 



43 
 

  
 

In order to ensure accuracy of the results, MAE and R-squared error metrics are taken 

into consideration too. With the raw data, KNN algorithm gives best result with 27% 

MAPE and 92311 MAE. According to R-squared metric, the model can understand the 

variables of the data with 0.549 coefficient of determination value. A value which is near 

or below to 0 means that model cannot understand the data well. The second best 

algorithm is SVR according to MAPE (28%) and MAE (107589) values. However, SVR 

algorithm gives a negative R-squared value and shows that the algorithm cannot explain 

the data very well. 

 

After selecting right algorithm for the model, exploratory data analysis and feature 

selection is applied to the dataset. Cleaning the data from noise and selecting proper 

features helps algorithm is trained well. Especially, statistical analysis is a useful tool as 

a part of EDA to examine the dataset in detail. Although multivariate data is beneficial to 

train machine learning algorithm better, selecting right variables for model is a complex 

decision. Correlation degree is a practical indicator to select features to use together. 

Correlation matrix is a useful tool to visualize correlation degrees of features to each 

other. On the other hand, algorithm-specific design of experiment application is also an 

important process to increase performance of the algorithm. For KNN algorithm to 

determine the optimum value of k-value is an application of DOE.  

 

Comparison of models with raw data and processing data shows the importance of EDA 

and feature selection. MAPE of the model decreases from 27% to 9.4% with the same 

algorithm.  

 

In the end of the study, 1 year of cash demand of an ATM is forecasted with a 9.4% error 

which is a quite low value for a demand prediction problem. 

 

 

6.1 Limitations and Future Work 

 

In this study, a dataset from the online platform kaggle.com is used because of to provide 

transaction data from banks is a difficult issue. The number of features of the dataset is 
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limited and they tried to be used effectively. However, a dataset which has more features 

can be beneficial to increase the accuracy of the model. Features like location of the ATM, 

information of nearby shopping centers and corporate buildings and information of pay 

days of public and private sector employees can help the model to be trained and predict 

the demand better. In the future of this study, comprehensive dataset can be used to 

understand the behavior of the transaction data well. 

 

As another further work of this problem, neural networks can be used with a bigger real-

world dataset. As it is mentioned in Demand Prediction in Banking Sector section, time 

delay neural networks and long-short term memory networks as examples of recurrent 

neural networks are good performing algorithms for time series data like cash demand 

data. Comparison of these neural network algorithms with machine learning algorithms 

which are used in this study can be beneficial to develop the study. 
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