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Abstract

Nowadays, the time and resources needed to get an accurate estima-
tion of a client’s ability to pay back a loan has gone up. With the
amount of data complexity it involves to do the credit risk analysis,
the machine learning technique has been used to ease the process.

To help a bank institute get a better insight into their client’s eco-
nomic state. The thesis is to present a model that could help them
find interesting information using machine learning.

With many clients having nonlinear income and expenses, it made
the machine learning algorithm of choosing, in this case, Linear Re-
gression, very hard to predict an accurate output, the next month’s
salary. However, interesting relations between trends and the data
have been found.

Sammanfattning

Numera har tiden och resurserna som behövs för att f̊a en exakt upp-
skattning av en kunds förm̊aga att betala tillbaka ett l̊an ökat. Med
mängden datakomplexitet som det innebär att göra kredit riskanalys
har maskininlärnings tekniken använts för att underlätta processen.

För att hjälpa ett bank institutet att f̊a en bättre inblick i kundens
ekonomiska tillst̊and. Avhandlingen är att presentera en modell som
kan hjälpa dem att hitta intressant information med hjälp av maski-
ninlärning.

Med m̊anga kunder som har icke-linjära inkomster och kostnader gör
det maskininlärnings algoritmen att välja, i detta fall linjär regression,
mycket sv̊art att förutsäga en exakt produktion, nästa m̊anadslön. In-
tressanta relationer mellan trender och data har dock hittats.
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Glossary and Acronym

Glossary

Fixed Trend category for where the client have spent earned or spent in a
fixed rate with a ±20% difference. 11, 19, 20, 22, 24–26, 28, 30, 33

Irregular Trend category for where the client have neither earned or spent
anything that month.. 11, 19, 25, 26, 29

Normal Trend category for where the client have spent earned or spent in
a month, does not care about how much.. 11, 19, 23–26, 28, 29, 33

X train Input data that is be used to train the machine learning model. 12

X val Different input data set that’s used during validation testing. A data
set that have not seen.. 12, 13

Y train Output data that is be used to train the machine learning model.
12, 13

Y val An output data set that’s used to compare with what predicted model
output gives out.. 12, 13

Acronyms

FoI Fixed and Irregular. 28, 29

FoN Fixed and Normal. 26, 27, 29

IoN Irregular and Normal. 29–31

LR Linear Regression. i, 5–8, 10, 16, 17

MSE Mean Square Error. 13, 16

RMSE Root Mean Square Error. 7, 13, 17, 18, 20–22, 24, 26–30, 33
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1 Introduction

1.1 Banks and Machine learning

In order for a bank to operate, they need clients. These clients will deposit
money to the bank, which the bank will then reinvest in various activities.
One of these activities is loaning out money to other clients. For example,
the bank can use their money to invest in start-up companies that will grow
in the future. The start-up companies would ask the bank for a loan to get
their business to start running. In comparison, other clients may not have
the total amount to buy things like a house, car, or boat. In order to buy
these things, they turn to the bank and ask for a loan. For example, when
a client wants to buy a house, they may have enough for 20% of the house
payment, but they will need to take a loan from the bank for the rest of the
amount.

Nevertheless, why does the bank loan out money? What do they win with
that? When a bank invests in a company, they will profit depending on
the type of investment they do, most cases being a portion of the company’s
income. Furthermore, when they loan out money, their client would pay back
their loan amount and an interest fee. Nevertheless, how does the bank know
which company they should invest in and whom they should loan money to?
For a bank to decide whether to loan money to a client or invest in a company,
they do a risk assessment.

A risk assessment is made for the bank’s safety in order for the bank not
to loan out money to a client that will not manage to pay it back. As a
company, the bank’s success relies on evaluating the risk of non-payment
and adjusting their interest rate accordingly. Credit risk is one of the most
extensive risk assessments a bank encounters, and it occurs when a bank is
at risk of potential loss because a client is unable to pay back the loaned
money and interest fee that comes with it. During the lending process, the
bank must do an individual information gathering on the client’s financial
state. The given data will be handled and then decided whether the bank
should loan money to the client. This process is often very time-consuming
and expensive.
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Having data on a client is good in order to find information about them. More
data means more information, and more information means better and more
precise evaluation of the clients’ ability to pay back. However, it also leads to
more complications because it takes both time and effort to understand the
immense amount of data. However, using machine learning, one can analyze
an immense amount of data and extract useful information on the client and
predict their financial state based on that information. With banks collecting
a large number of data from both old and new clients, the machine learning
program will learn and improve, and it can use that information to evaluate
their client’s financial state. This program will help the bank do a quicker
risk assessment on their client and accurately determine a customer’s future
predicted economic state and whether they can repay a loan. The automation
of this process will result in faster decision times and less need for manual
work, thus reducing costs. As for typical cases, a person needs to handle the
data and find a relation between different months. Furthermore, because the
data is handled automatically, this decreases the number of human errors
that can occur.

1.2 Purpose

A Swedish consumer credit institute (from now on will be called the institute)
proposed a thesis project, and they are a company that loans money to
individual borrowers. The institute is already doing the risk analysis of their
clients, and with this project, they hope to get a better insight by using
machine learning. They hope to find exciting discoveries about the client’s
economic state. Using the institute’s information about how clients earn
and spend their money and find its correlations to things as trends, habits,
seasonal buy, and whether the client can pay back the loan. The task is
creating the tool using machine learning to predict a client’s next month’s
economic state with data gathered over a year. The outcome will help the
institute make a risk assessment of the client being able to repay the loan,
which will lead to the final decision before the client getting the loan.

1.3 Scope of the thesis

The project will not be focusing on other bank risk assessments than the
client’s credit risks since the project aims to discover exciting information
about a client’s economic state. It will be unbiased, non-discriminate, and
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the clients are anonymous. The data set provided by the institute does not
have any personal information such as ID, gender, or age. There will only be
earning and spending habits for a client each month for the span of a year.

1.4 Related works

Machine learning has garnered more attention in recent years due to how
many industries realized the value of having an extensive database of their
clients and personnel. Having an extensive database can help draw lots of
correlations between each client’s features and conclude how an average client
behaves. In doing so, there are a lot of variable and mathematical calculations
needed to be done. Due to it being a very complex calculation that is both
time-consuming and resources heavy, machine learning drastically reduces
the time and resources needed to do the task. Machine learning can be used
in almost everything, such as the medical field for diagnosing the patients
for cancer [1] and win against one of the world champions in Go[2]. Different
banking sectors use machine learning to either manage client data or detect
credit frauds[3]. The usage of machine learning in bank’s risk assessments is
not a new thing but has been a growing trend in the banking world[3][4]
Nowadays, many different professional fields have chosen to adopt the ma-
chine learning technique to help them distribute the resource correctly based
on predictions. Many of which also have done research and comparisons
between different types of machine learning models and whether it fits the
data they need, such as [5] where the researchers discuss the strengths and
weaknesses of the different models in the context of industries. While in [6],
they focused on how the different prediction models would perform and their
usage in identifying disease risk predictions.
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2 Background

2.1 Learning Types

The learning types commonly seen in machine learning are supervised and
unsupervised.

2.1.1 Supervised Learning

Supervised learning means the uses of the variables input X and output Y.
The learning algorithm uses the input variable X to model and getting an
outcome. The outcome is then used to compare to the output variable Y to
estimate how good the model is[7]. Linear Regression(see 2.2) is an excellent
example of a supervised learning model and is part of the regression learning
problem (see 2.1.1.1).

2.1.1.1 Classification and Regression

Classification and Regression are two different learning problems within su-
pervised learning, although both use input to predict the output and compare
it with the actual output. The difference between the two is that using the
inputs for classification problems will give out discrete output variables[8].
For example, a binary classification problem would try to classify whether a
drink is a wine or beer, using variables such as foam, alcohol content, sweet-
ness.
Regression deals with the number of values, thus with the continuous output
variables. So, for example, pricing of a house using input variables such as
size area, rooms, city. At the same time, the output would be the price of a
house[9].

2.1.2 Unsupervised Learning

Unsupervised learning means that the model only uses the input variable X
without comparing or having a target output variable Y. It has to learn by
itself to find patterns, make guesses alone, and be manually reviewed to judge
whether it is good enough or not. It can be further grouped into clustering
or association[9][10].
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2.1.2.1 Clustering and Association

Clustering is a problem-solving technique where it finds a pattern or structure
on the unlabeled data and group it with other of the same feature[8][9].
For example, using the same example from the classification for beer and
wine, the model here instead clusters different objects together based on their
values for the categories of foam, alcohol content, sweetness, see Figure 1.
Association algorithm associates the data inside an extensive database. It

Figure 1: Example of clustering

finds relationships between variables much like correlations. For example,
it uses the basis of clients buying a new home and the likelihood of them
buying new furniture[11].

2.2 Linear Regression

Linear Regression (LR) is a mathematical statistics equation that uses the
regression(see 2.1.1.1). It finds a linear pattern and correlation between input
variables and the output variable, for example, the correlation between a
client’s income and expenses to predict a new month’s income and expenses.
Then by including other input features such as where the person lives, salary,
and what kind of education a person has, the model will find a pattern
in the inputs in the form of a redundant line across the graph hence the
name Linear Regression. While being a simplistic model, it can use multiple
input variables to produce one output. Still, Linear Regression has some
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drawbacks, such as not being robust to the presence of outliers.

y = k ∗ x + m (1)

The Equation 1 shown above is a simple linear equation used as the base
for the Linear Regression. The y is the dependent variable and the output,
and the x are independent variables and the input. m is the constant term,
which determines where the line will intersect the y-axis, also known as the
bias coefficient, and k is the direction coefficient that determines the lines
descending or ascending characteristic and how much x variable will affect
the outcome variable y. Figure 2 shows a visual representation of how the
k and m coefficient works. These values will depend on the data given and
used mainly to find a correlation between the data points.

Figure 2: Visual representation of a linear equation

The reason for choosing the Linear Regression as the first model was that it
had a simple structure and would give an understating for machine learning.
Also, a usual person often has a trend during each month in how much they
spend and what they spend. Also, their salary does not change that much
if something has not happened. So it should be the same for the people in
the data set, which means that finding a linear correlation which the help of
Linear Regression should not be a challenging task. Estimating the skills of
the model is to use the RMSE equation, which will give us an understanding
of how the model performed[12].
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At Equation 2, the Multi-Linear Regression is the same as LR but where
the X input can be of different independent features. This assumes that the
independent variables are not related to each other[13].

y = k0 + k1 ∗ x1 + ... + kn ∗ xn + m (2)

Y is the dependent output and xn are the independent input variables. kn
and m are coefficients.
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3 Method

3.1 Programming Language

Python will be the programming language of choice because it is simple and
consistent with its code and has an extensive library and framework related
to machine learning, and it is free to use. In addition, there is a lot of docu-
mentation about machine learning in Python. All this enables the user not
to spend too much time focusing on the project’s coding aspect and more
on solving the machine learning problems that lie ahead[14]. On the other
hand, using Java or C++ has been considered but heavily advised not to use
due to the simple fact that Python has an immense library. Furthermore,
those two programming languages, Java and C++, are easily understood,
like Python, for people who are unfamiliar with programming or other pro-
gramming languages.

3.2 Software

The software for this thesis will be Jupyter notebook and Anaconda. Jupyter
notebook is open-source software, and it uses a document format to make an
ordered list of input and output cell which can code, write text, do math-
ematics and plots. Making it so that each cell runs one at a time, making
it easier to find flaws in the code since when an error occurs, there will be
an error message under the block. And then fix the problem and rerun the
cell. As different from other compilers where there needs to rerun the whole
code. Anaconda is an open-source package manager software that supports
Jupyter notebook, it can have multiple environments that contain different
packages, so they do not conflict with each other. All these software men-
tioned are designed with Python 3 as the core. Furthermore, most packages
used are from sci-kit learn, but basic packages for math and plots have also
been used.

3.3 Data Set

The data provided have information on how much each of the institution’s
clients has on income and expenses in different categories each month for a
year. The data will not include any information that could be traced back
to the clients. The data set given approximately has 4000 unique clients.
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Where each client has 120 different categories, and each category has data
collected for 12 months.

Some categories have a minimal effect on the total sum of income and ex-
penses. However, they can share common characteristics that can be used to
group them. For example, client one has taken the bus every day, and client
two takes the train. It may look that the clients have very different spending
habits due to train and bus being separate categories. However, they are
both using public transport, so instead of having bus and train alone, they
can be set as public transport. In contrast, client two has a smaller average
on their expenses, thus a minor impact. The less input of categories while
still retaining the critical information from each category would be ideal. So
instead of having clients with no bus expenses but train expenses and clients
with bus expenses but no train expenses, there are all the clients with public
transport expenses. The project has been narrowed down to focus specifi-
cally on the income and expense on different categories only, ignoring other
biases and fitting the time frame. The project is to build a small base for
the company to expand later and improve.

3.4 Grouping the categories

Grouping the categories will help the Linear Regression model. Say that the
total sum of each month has a pretty similar pattern. However, for some
categories, the values go up and down. Nevertheless, the categories have
the same pattern, which means that they can be grouped. One way was
to divide the categories manually, which is possible due to knowing the 120
categories. The grouping was so that the categories were fewer and more
grouped, instead of having a different payment type for pharmacy, dentist,
and healthcare. They all got categorized into health and social care.

Another way to find and redefine the categories is finding the categories with a
regular pattern on earning and spending. Finding this pattern would enable
us to root out the outliers and not include them in the Linear Regression
model to increase the accuracy. Again, this due to the Linear Regression
model being sensitive to outliers and does not handle them well.

The algorithm(Checkreg from now) shown in Algorithm 1 checks for a condi-
tion. The pseudo-code shows how the categories are automatically grouped
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based on their consistency for a set duration of ten months. For example,
by first checking whether the month, January, does not have any values,
Irregular gets incremented by 1. However, if there are values in it, it will
compare with the month after it, February, whether there are those two val-
ues. Suppose the two values show a sign of being equal or have less than a
20% difference. In that case, it will increment the Fixed by 1, else Normal
will be incremented by one instead. Thus, the percentage value can be in-
terchangeable depending on the results.

Algorithm 1 Checkreg pseudo code

Require: data = Dataframe
for nr in uniqueID do

variable fixed, normal, irregular value = 0
Fixed means the value each month are almost identical with only a 20%
difference
Normal means if there is value every month as long as it isn’t 0
Irregular value means if the value is 0
for i from 2 to data.columns.length do
{i starts from 2 to the length of data columns}
for j from 2 to data.rows.length− 1 do

if data[j, i] == 0 then
irregular value+ = 1

else if |data[j, i]× (0.8)| ≤ |data[j, i]| ≤ |data[j, i]× 1.2| then
fixed+ = 1

else
normal+ = 1

end if
if fixed ≥ normal & fixed ≥ irregular value then
List F ixed append feature from data.column[i]

else if normal > fixed & normal ≥ irregular value then
List Normal append feature from data.column[i]

else
List Irregular value append feature from data.column[i]

end if
end for

end for
end for
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3.5 Preparing the data for model

The project’s goal was to predict the next month’s results, not the ones are
given. In order to set up a model, there needs an X train and Y train that
the model trains on. Therefore, there needed to fix a few things with the
data. The data needed to be set up in , X val, Y train, and Y val. The
train sets would be the information, the model would train on, and val sets
would be the validation sets. However, before putting the data in the model,
there needed to do a shift. The shift meant that in order to predict Month
Y summed value with the help of Month X-1. There needed to fit the model
so that the X values for the model were Months 1-10 values, as X train.
Moreover, the Y output was the summed values for Months 2-11 as Y train.
Another thing that needs to be prepared was that the categories grouped in
the Checkreg algorithm were also grouped in one data frame to prepare them
for the model.

3.6 Goal value and Baseline

The goal is to predict the available value for each client at the end of the
month. In order to decide whether a model is good or not, to do this, the
model’s predicted values need to be compared with the Goal value. The Goal
value will be set as the summed values of the 12th months’ data. Another
way to see if the model is good or not is to compare it to a baseline. Our
original intuition tells us that the expenses and income for most people do
not vary much over time. If this is true, even the simpler models will have a
very high performance. To not do things wrong, a simple baseline based on
our intuition needs to be established. Any model trained should be better
than this baseline to be deemed as a good model.

Settling on the baseline is dependent on what kind of project it is, and during
this project, the settlement is to create a baseline that uses the 2-11 months
Y values and finds the average for each client. This will then be compared
to the summed value of the 12th month, also known as Y val.
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3.7 Testing

The testing was set up in different versions of the model and baseline, with
the help of setting up the different grouping of categories to get different
results and find which version would give the best results. First, the values
were set in their , X val, Y train, and Y val. The is the 1-10 month values,
and the X val will be the 11 months data that the model will predict with.
The Y train will be the output for and have the summed value of the 2-11
months values. Lastly, the Y val the summed value for the 12th months’
data and the value that the model and baseline will be compared with.

To know whether the baseline and model results were good, there were dif-
ferent ways of comparing. The first being get the Mean Square Error (MSE)
see Equation 3, then taking root square gives the Root Mean Square Er-
ror (RMSE), see Equation 4. The difference between MSE and RMSE is
that RMSE is in the same unit, the same quantity of the value that’s being
compared to, and that makes it easier to compare and interpret.

MSE =
n∑

i=0

(Yi − Ŷi)
2

n
(3)

RMSE =

√√√√ n∑
i=0

(Yi − Ŷi)2

n
(4)

n being the number of clients, the Yi being the predicted value for the model,
and the average value for the baseline. Furthermore, Ŷi being the sum of the
12th month as the actual value.

Another way to know whether the baseline and model were good. To save the
information for every individual value as the difference between the goal and
the predicted value and save it in a new column and then use the describe
function in Python to know the mean, minimum and maximum point of the
differences.

Lastly was to look at the difference in percentage in order to understand
how big it was entirely. For example, if the model has a mean error of 1000
Swedish Crowns, Kr, for a client with a value of 100 000 Kr, the 1000 Kr
would mean 1% error. In comparison, another client’s value would be 1000
Kr meaning that the 1000 Kr difference was an error of 100%.
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4 Results

4.1 Halftime results

The results in the halftime seminar were temporary also set up in the wrong
way. Later were scratched and redone for the final results, but they show the
start for the project and final results. Also, information gathered from the
halftime helped the process for the continuation of the project. For example,
information about deciding what the baseline would be and choosing the
baseline to be the average of 11 first months and comparing it with the 12
was a good decision the average was taken out by the sum of all the expenses
and income(From now on, flex value).

The train set’s first 11 months average values for the flex value can be seen
in Figure 3. The result shows that the average values end up being around
the zero mark, which means that most clients end up squaring their income
and expenses. Because the values end up squaring up, a client sometimes
turns to the institution and asks for a loan to pay off things like a car, house,
or wedding.

Figure 3: cumulative value for the first 11 months
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The goal value was set to be our flex value for the 12th month. This due to
it being the most recent data, and the idea is to find next coming month.
In Figure 4 also shows that the values end up squaring up to zero, which
means that the 12th month has the same characteristic as the average values.
However, it can also be seen that the values are a bit from the zero mark.
This is normal because, over long periods, people tend to keep their balance
close to 0. If they have extra money, they invest it or spend it. If they have
losses, they will spend less. Nevertheless, for shorter periods, there is more
variation. Significant expenses can happen that force to use saving, take a
loan, change a job, or go on holiday.

Figure 4: Visual representation of the flex value for the 12th month

The visualization of the difference between the average goal value during 11
months and the goal value in the 12th month for each client can be seen in
Figure 5. What we can see is that the values are scattered, implying that
there is a difference between the goal and average values When getting the
Mean Square Error by comparing the average values to our goal values, we
take the rot square off it, resulting in approximately 25 000 KR. Meaning
that the mean difference is about 25 000 KR this is not shown in the plot.
The mean difference was high due to there being outliers which the Linear
Regression is sensitive to.
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Figure 5: The difference between goal value and average value

Later, each client’s average value and goal value help created a Linear Re-
gression model to predict the flex values. First, the same by subtracting the
predicted flex values from the goal values. Which except for our RMSE was
the way we evaluated the model. There is a difference with the values in
Figure 6, which implies that our Linear Regression model was not perfect.
To get the average difference between our predicted and goal values, we
use the RMSE and get about 28 000 Kr, which is more significant than
our difference between our baseline and goal values. This shows that the
predicted values were more off than our average, which means we need to
make a better prediction model. This is due to it being outliers as the same
for the Baseline. Because the Baseline is just straight mathematical, the
outliers do not impact the Baseline results as the Linear Regression results.
Due to the Linear Regression being more sensitive to outliers, a problem
hoped to be solved by grouping the categories to decrease the outliers.

The project aims to have a model that predicts the goal value of a client’s
flex value and knows how much money a client has to work with at the end
of the month. This value has been asked to come in a confidence interval.
This interval could either depend on an amount or a percentage. By dividing
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Figure 6: The difference between goal value and predicted value from the LR
model

our goal value by our average, we got the difference in a percentage. The
result showed some alarming numbers due to some values being too close
to zero. However, thinking about it, it is much wiser to have a confidence
interval dependent on percentage. This due to if there is a confidence interval
with a 1000 KR error marginal. That one thousand can be, for some cases,
1%. While for other cases, it would be a 50% error. With that, the most
reasonable model would have a confidence interval with the smallest possible
percentage marginal.

4.1.1 Conclusion

These versions of the Baseline and Model had some flaws in them. Foremost
the RMSE value was better for the Baseline than the Model. In this version,
we focused a lot on the RMSE value and did not look for things that the
Model was better than the Baseline. However, it was still a good baseline
because it had the same characteristics as the Model. We learned from
these results that we needed to work with the data a bit before putting it
in the Model. We also learned that we created the Model incorrectly and
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predicted with the wrong values, which was redone for the 120 categories vs.
32 categories version.

4.2 120 categories vs 32 categories

The result is shown below for the data sets 120 categories and 32 categories.
There were five different versions of the tests. Version 1 was the same as
the halftime results, where the goal was to predict the dataset’s categories
summed value. Version 2 is when the categories were grouped after the
Checkreg algorithm and added in individual models. Whereas versions 3-5
were the different combinations between the Fixed, Normal and Irregular,
to see if it would improve the results. This idea came after a tip to set the
Fixed and Normal categories together because they shared the same trend
having money that either goes out or in each month.

The difference between the two categories versions is that the 120 categories
were manually reduced to 32 categories, and those two versions will be com-
pared to each other. We assumed that 32 categories version that is the
smaller and more compact amount of categories would reduce deviance. At
the same time, still include the smaller values by blending them into another
category.

4.2.1 Checkregs Results

The results we got from the Checkreg function let the division of the different
categories in the subcategories of Fixed see 3.4. Where the categories with
the stable income of outcome. It has the values if their in a 20% marginal of
each other. One of those categories is Salary, and this makes sense if a person
works the same job during a year, their Salary will not change that much.
Then there are the Normal categories for the values for a category where
a monthly income or an outcome. One of these is that a person’s shopping
habits can vary, but they still shop every month. Lastly, the categories are
set as Irregular, where the category’s months’ values result in zero during
the majority of the month. For example, taking a loan is not something that
is done very often.

We can see that when we take the 120 into Checkreg, we have only two
categories as Fixed, one being Salary and Phone bill, which makes sense.
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However, when we use the Checkreg on the 32 version, we see three categories
are in Fixed, once again being the Salary and two new ones. Showing that
grouping the data manually helped some categories become more fixed thanks
to summing up small costs.

4.2.1.1 Baseline

In the Baseline, the categories were summed values from 2-11 months to-
gether and divided over the ten In the Baseline, and the categories were
summed values from 2-11 months together and divided over the ten months
to get an average for each client, then compared with the goal value, the
summed value for the 12th month. Both versions will not show any differ-
ence since they use all the values in the dataset, including all deviances since
it does not use the Checkreg algorithm because those values would be sifted
out otherwise from this Baseline version.

The results that we get in the Baseline can be seen described in the Table 1.
Where we see that the Baseline got a root mean squared of 23 937. As seen
in the table description, the mean difference between the average value and
the goal value is 505 Kr meaning that the enormous value of RMSE is due to
outliers. Even if there are a few, give a significant error marginal. This can
be seen in that the minimum point is a -468 980 Kr, and the maximum point
is 314 342 Kr. Compared to the mean that is 505 Kr, they are significant
outliers.

When looking at the percentage difference instead, for a clearer view of how
big the difference is, it comes to a problem. Due to some cases for clients,
their average is close to zero, which makes the percentage difference infinite,
which is our minimum point and our mean. In order to try to understand
what the majority of the percentage difference values are. The description
shows where the point for our 25%, 50%, and 75%. Showing that the 25%
at -125% error, 50% at 97.3% error and the 75% at 393% error.

4.2.1.2 Model

The categories and their values for the 1-10 month were set as X values for
the model. At the same time, the Y values were the summed values for the
months 2-11. So that month a pointed to the summed values of the month
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Table 1: 120 categories version 1 Baseline

Baseline Difference Percent
mean 505 -inf
std 23 935 NaN
min -468 980 -inf
25% -3 999 -125%
50% -11 97.3%
75% 4 592 393%
max 314 342 250e+16%

a + 1 when fitting the model.

The results for the model are shown in Table 2 and Table 3. The 120 Model
version has a mean difference of 123.6 Kr while the RMSE score is 32 722,
suggesting some outliers that heavily affect the data. To get the RMSE value,
it is by using Equation 4. The minimum point is at -416 709 KR, and the
maximum point is at 1 333 140 KR, which is also a big difference from our
mean.

Using the same steps as 120 categories, we get an RSME value of 32 504 for
Table 3 it is a reduction of 217 or 1% indifference to Table 2, which is nothing
by the usual standard. It does, however, tells us that reducing the number
of categories does have some impact. Although looking at the mean values
of the model, there is a significant difference were compared to the Table 2.
The mean value difference between the two tables is 40%, which shows some
promises of changes.

4.2.1.3 Conclusion

This version shows that the baseline may have a better RMSE value, and
the error marginal in both the difference between the average and goal is not
bad. However, looking at it in percentage, the average has a better chance in
the model even tho there may be a high percentage error, but it is not going
to infinitely, and we have a mean for the whole data set. Thus, the results
of this version may not be the best, having we did not do anything with the
data before putting it in the model and baseline. However, this is good since
we can compare it with later versions.
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Table 2: 120 categories version 1
Model

Model Difference Percent
mean 123.6 -269%
std 32 726 13 569%
min -416 709 -721 577%
25% -3 832 -232%
50% 1 306 97.7%
75% 5 510 62%
max 1 333 140 160 191%

Table 3: 32 categories version 1
Model

Model Difference Percent
mean 505 -230%
std 23 935 17 870%
min -468 980 -709 382%
25% -3 999 -270%
50% -11 -6%
75% 4 592 231%
max 314 342 510 742%

4.2.2 Version 2

In this version, the categories are grouped after the Checkreg function. Group-
ing the categories with the same trends. Here each model will have the
grouped categories in individual models. Furthermore, instead of the model
trying to predict the total summed value of the following month, it will pre-
dict the summed value of the following month for specific categories.

4.2.2.1 Baseline

For the baseline, the same process was done in version one. The differ-
ence from the first version is that the process was done for each individually
grouped category alone. So the categories for the 2-11 months summed to-
gether for each client and divided over 10 to get the average. Furthermore,
comparing the result to our 12th-month value.

For the 120 version, the summed RMSE value for the three groupings is 67
077, while the 32 version has a value of 66 197, compared to each other, the
RMSE difference is about 5%. These RMSE values compared to the first
versions, RMSE values are more significant. For this version, the comparison
will be slightly different from the categories grouped, which we grouped into
three parts.

For Fixed categories in the result can be shown in the 120 version Table 4
and the 32 version Table 5. The mean difference value is -1 985 and -1 901,
respectively, compared to version one, both high with a difference of 400%.
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There is also a problem that the denominator is too close to zero for both the
120 and the 32 versions. That when obtaining the percentage difference gives
a mean value of Nan and in the minimum and maximum points infinitely.
The difference we see between the 120 and 32 versions could be the cause of
the different categories they have from the Checkreg.

Table 4: 120 categories version 2
Baseline Fixed

Fixed Difference Percent
mean -1985 NaN
std 9633 NaN
min -207 470 -inf
25% -5 297 -42.5%
50% -577 -4%
75% 1 065 10%
max 22 4798 inf

Table 5: 32 categories version 2
Baseline Fixed

Fixed Difference Percent
mean -1901 NaN
std 11 984 NaN
min -397 397 -inf
25% -5 549 -49.5%
50% -909 -6%
75% 1 532 15%
max 217 406 inf

The Table 7 shows that the standard deviation have a difference of 3% to
Table 6. The Normal categories’ difference at the 25% mark is quite close to
the Table 4 and respective Table 5 although the percentage difference shows
that it is almost double the amount. The most significant difference would
be the min value. The grouping of the 120 categories could explain this into
32 categories. Since the categories are summed together, many of which have
lots of expenses, those larger values would be increased negatively.

Table 6: 120 categories version 2
Baseline Normal

Normal Difference Percent
mean 1 005 NaN
std 49 019 NaN
min -1 174 781 -inf
25% -6 488 -82%
50% 664 13%
75% 8 500 88%
max 1 595 784 inf

Table 7: 32 categories version 2
Baseline Normal

Normal Difference Percent
mean 1 207 NaN
std 48 018 NaN
min -7 609 -inf
25% -5 549 -63%
50% 350 -0.3%
75% 9 592 41%
max 1 596 941 inf

Table 9 compared Table 8 shows that 32 categories have higher mean differ-
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ence value with a mean difference of about 9 800 and the 120 categories only
having about 1 500. We can also see that at the 50% mark, the difference
is the same for the 120 categories, but for the 32 categories, the difference is
less. However, there is a great difference in the percentage difference.

Table 8: 120 categories version 2
Baseline Irregular

Irregular Difference Percent
mean 1 485 NaN
std 44 696 NaN
min -1 542 109 -inf
25% -4 867 -82%
50% 1 468 7%
75% 8 557 96%
max 738 538 inf

Table 9: 32 categories version 2
Baseline Irregular

Irregular Difference Percent
mean 9 839 NaN
std 23 052 NaN
min -78 066 -inf
25% 0 -64%
50% 4 107 52%
75% 11 544 100%
max 428 160 inf

4.2.2.2 Model

The models grouped categories wherein individual models where their values
for the 1-10 month were set as the models’ X values. At the same time,
the Y-values were the summed values for the months 2-11. So that month a
pointed to month a+1 when the model was fitted. In order to get the RMSE
values for the three models, their RSME values were summed, and the result
was 97 510 for the 32 categories compared to the 120 categories, 100 050,
which gives it a 3% difference.

For the Fixed categories in the results can be seen the 120 version Table 10
and the 32 version in Table 11. What can be seen is a decrease in the mean
difference for both the models compared to their baseline counterparts, the
32 group having only 724 and the 120 group has 271. We can also see that
the percentage difference has also decreased comparing it to version one. We
must keep in mind that these results only stand for a third of the results.

The Normal category of Table 12 have a mean error difference of 24 Kr, and
while that is a good number, our minimum point is at -1 593 614 Kr and the
maximum point at 1 280 061 Kr. Considering that this is over just a month,
a client has a higher high min or max value, making the difference totally
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Table 10: 120 categories version 2
Model Fixed

Fixed Difference Percent
mean 271 -5%
std 8 110 100%
min -108 122 -600%
25% -3 416 -32%
50% 85 0.5%
75% 2 950 14%
max 204 923 2 868%

Table 11: 32 categories version 2
Model Fixed

Fixed Difference Percent
mean 724 33%
std 9 022 3 500%
min -105 192 -36 925%
25% -2 889 -34%
50% 664 5%
75% 4 471 31%
max 208 569 205 859%

out of place. The same goes for the Table 13. It has a higher mean value
put its minimum, and maximum points are also pretty high. However, the
percentage difference is smaller than version ones with a mean of 9% the 120
and 17% for 32.

Table 12: 120 categories version 2
Model Normal

Normal Difference Percent
mean 24 9%
std 49 190 500%
min -1 593 614 -9 200%
25% -6 080 -82%
50% 1 977 -18%
75% 8 638 57%
max 1 280 615 1 780%

Table 13: 32 categories version 2
Model Normal

Normal Difference Percent
mean 1 175 -17%
std 47 499 781%
min -1 593 838 -44 772%
25% -4 907 -56%
50% 5 910 -24%
75% 13 762 19%
max 908 543 76 382%

The results shown in Table 14 for the 120 group and in Table 15 for the 32
group. Show that the Irregular categories are still better than version one
in both the difference aspect as the percentage one. However, compared to
the Fixed and the Normal, the Irregular could become more efficient. This
can be due to it having more outliers than its counterpart. Clients have an
unpredictable buy once a year, like a house or making a big loan. Which we
already know the model having a problem handling.
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Table 14: 120 categories version 2
Model Irregular

Irregular Difference Percent
mean -94 128%
std 42 760 5 818%
min -422 489 -31 308%
25% -8 515 -90%
50% -720 5%
75% 5 431 110 %
max 1 541 045 327 621%

Table 15: 32 categories version 2
Model Irregular

Irregular Difference Percent
mean -1 986 -73%
std 40 911 2 363%
min -4 081 024 -132 802%
25% -10 358 -110%
50% -7 897 -83%
75% -461 -3%
max 1 538 498 18 630%

4.2.2.3 Conclusion

Concluding this version, we see that even though the Baseline has a lower
RMSE value than its model counterpart. The models give better results in
the aspect of the difference and the percentage difference. The individual
results could get better, the biggest being the Irregular parts.

4.2.3 Version 3

In this version, the categories defined as Fixed and Normal (FoN) categories
are set in the same model. The idea is that both Fixed and Normal have a
monthly income or expenses compared to the Irregular categories.

4.2.3.1 Baseline

The summed RMSE value for this model got a value of 44 715 for 120 and
43 912 for 32. For both, it is still double the first version, but it is an
improvement from the second version.

For the Irregular categories, the result is the same as for version 2 because
that nothing has changed with them. For the FoN results shown in Table 16
for the 120 categories and Table 17 for the 32 categories, we can see that
the mean difference for both cases is lower than when they were alone. We
see that in the case of minimum and maximum points, their values have
increased. This can also be said about the percentage value at the 50%
mark.
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Table 16: 120 categories version 3
Baseline FoN

FoN Difference Percent
mean -980 -inf
std 50 090 NaN
min -1 207 519 -inf
25% -8 966 -83%
50% -1 106 12%
75% 6 412 100 %
max 1 593 139 146 834%

Table 17: 32 categories version 3
Baseline FoN

FoN Difference Percent
mean -693 -inf
std 48 846 NaN
min -82 2581 -inf
25% -9 038 -92%
50% -1 038 -44%
75% 6 747 120%
max 1 599 030 523 848%

4.2.3.2 Model

This version’s RMSE value became 92 557 for the 120 categories and 88511
for 32 categories. Compared to the baseline, it is double, and that is a bad
sign.

Comparing the FoN tables, Table 18 and Table 19, with respective baseline
shows that the model has significantly better-looking values in the aspect
of mean difference and maximums points value. However, compared to the
previous models, the mean difference and percentage of the values for the
version 2s model are better.

Table 18: 120 categories version 3
Model FoN

FoN Difference Percent
mean 200 65%
std 49 809 4 573%
min -1 585 710 -99 169%
25% -6 560 -111%
50% 1 627 27%
75% 9 511 163 %
max 1 307 211 109 228%

Table 19: 32 categories version 3
Model FoN

FoN Difference Percent
mean 1 524 -43%
std 47 540 996%
min -82 2581 -454 844
25% -3 332 -115%
50% 6 036 -65%
75% 13 059 26%
max 933 059 17 896%
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4.2.3.3 Conclusion

In grouping, the Fixed and Normal categories helped the baseline not to have
as many averages being close to zero making so that we have a maximum per-
centage difference. Nevertheless, in doing so, our Models value for percentage
got worse. So it better resulted when the Fixed and Normal categories were
individual.

4.2.4 Version 4

For this version, a different combination of categories was set up. Instead,
then grouping the Fixed and Normal categories. The group categories were
done for Fixed and Irregular (FoI) categories to see how much difference
output would be without the Normal category.

4.2.4.1 Baseline

The summed RMSE value for the baseline got 49 022 for 120 categories and
32 categories it is 48 026. This is still a higher value than the first version’s
baseline, but it is improved from the third version. As in this version, the
Normal categories have the same results as the second version.

Compared to the table Table 16, the Table 20 have lower mean value, mini-
mum and maximum point. The same can not be said when seeing Table 17
to Table 21 as the version 4 has higher values in mean and minimum.

Table 20: 120 categories version 4
Baseline FoI

FoI Difference Percent
mean -500 NaN
std 43 955 NaN
min -154 475 -inf
25% -7 654 -76%
50% -180 16%
75% 6 869 94 %
max 705 800 inf

Table 21: 32 categories version 4
Baseline FoI

FoI Difference Percent
mean -700 NaN
std 43 346 NaN
min -154 591 -inf
25% -7 672 -55%
50% -27 0.7%
75% 7 050 38%
max 401 288 inf
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4.2.4.2 Model

For the models RMSE, the result is 91 444 for the 120 categories and 88 406
for 32 categories. Compared to the baseline, it is double to value, although
it is expected since the Irregular category has many outliers. The result for
the Normal categories is the same as version two.

Comparing these two models with FoN version, Table 22 and Table 23, both
have positive and negative aspects. The 32 version has a good percentage
difference in all the aspects compared to the other versions. The 120 version
may have a low mean difference, but it lacks in all the other aspects.

Table 22: 120 categories version 4
Model FoI

FoI Difference Percent
mean 70 470%
std 42 267 22 558%
min -377 289 -187 144%
25% -8 321 -92%
50% -1 331 -18%
75% 5 822 70 %
max 1 549 657 1 030 983%

Table 23: 32 categories version 4
Model FoI

FoI Difference Percent
mean -1 141 6%
std 40 889 178%
min -385 716 -2 685%
25% -11 128 -51%
50% -5 542 -24%
75% 2 076 10%
max 1 543 540 617 %

4.2.4.3 Conclusion

So this version gave us exciting results in the 32 categories for the model with
good numbers in the percentage difference even if it lacked the advantage in
the difference. Nevertheless, we also got better results for Baselines 120
categories if compared in percentage. The model still has an advantage.

4.2.5 Version 5

The last combination of categories is to group Irregular and Normal (IoN).
This is interesting as the Irregular can have spikes in its values that can be
toned down with the help of some Normal category.

29



4.2.5.1 Baseline

The baseline RMSE value is 9 834 for 120 categories and 12 132 for 32
categories. Of all the versions, this one has the best RMSE values on both
categories of models.

Comparing the Table 24 with previous baseline versions 120 categories, it has
the best maximum point for difference and percentage except for version two,
where the Fixed categories had a lower maximum point for the difference.
Almost the same thing can be said about Table 25, except that version 4
has a better maximum point for the difference. The mean difference is that
both tables have the highest value for the mean except that version 2 for 32
categories.

Table 24: 120 categories version 5
Baseline IoN

IoN Difference Percent
mean 2 490 NaN
std 25 000 NaN
min -436 243 -inf
25% -3 951 -69%
50% - 1386 -6%
75% 8 827 36%
max 289 102 inf

Table 25: 32 categories version 5
Baseline IoN

IoN Difference Percent
mean 2407 NaN
std 26 167 NaN
min -461 037 -inf
25% -4 194 -76%
50% 1 504 -6%
75% 8 714 42%
max 454 668 inf

4.2.5.2 Model

The Models RMSE value is 40 263 for 120 categories and 32 categories it is
38 229. It is the best result of the version except for version one. The Fixed
categories have the same results as version 2.

Comparing Table 26 and previous versions 120 categories percentage result
this version does better. Same can not be said for Table 26 as version 4 has
better results.
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Table 26: 120 categories version 5
Model IoN

IoN Difference Percent
mean 151 23%
std 32 154 1 032%
min -415 804 -7 657%
25% -6 971 -69%
50% 768 -6%
75% 9 519 36%
max 1 127 695 46 406%

Table 27: 32 categories version 5
Model IoN

IoN Difference Percent
mean -524 8%
std 29 179 224%
min -423 300 -1 450%
25% -7 353 -54%
50% 438 -3%
75% 8 129 50%
max 911 155 7 452%

4.2.5.3 Conclusion

This version gave us the best percentage difference for the model’s 120 cat-
egories. It also gave us the best maximum point difference for baseline with
120 categories.
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5 Conclusion

All these tables point towards that version 5 have the best performance in
RMSE because the lower RMSE, the better it is. However, having the best
RMSE does not mean that that model is the best, it is only optimal, but one
has to consider the actual difference and the percentage difference. We see
that the model will outperform the baseline due to minimum and maximum
infinity points with the information gathered. However, looking at the 25%,
50%, and 70% mark, we also see that the model will outperform the baseline.
The models with the most promising results would be version 4 for the 32
categories and version 5 for the 120 categories considering which part will
be stable, more unstable. If we choose version 4, then the Normal results
would come from version 2, and that one is not as promising. However, if
we choose version 5, we would use the Fixed results from version 2, which
are more promising with having better results for the difference and the
percentage, even though version 5 is worse than version 4.
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6 Discussion

The goal for the halftime seminar was to make the first version of our linear
regression model and the decision for the baseline. Realizing that the halftime
results were set up incorrectly, there needed to be changed to get better
results and the correct ones. This was fixed, and different versions were set
up, which resulted in better results. However, due to the characteristics of
the data set, the results were not the best. The plan for the whole project
was to try to implement other models and see which would perform the best,
but due to lack of time, there was no time to try out another model. Looking
at it from the institutes’ point of view, there are improvements for the future,
one being improving the Checkreg. That is the algorithm that is used to find
trends of spending habits amongst the clients. Making it more efficient would
help the institute’ understand their clients’ spending habits.

In earlier results, the error was only seen in the RMSE value. Other param-
eters were not considered, which made the understanding of the error on a
personal level harder. This was also solved by looking at the error for each
client in both amount and percentage difference in the final results.

Due to time constraints, other models could not be implemented, such as
Multiple linear regression that used multiple inputs instead of just one in-
dependent input, and Multi-layer Perceptron which is an artificial neural
network and each layer has neurons that have its individual weight, also
known as a coefficient that’s similar to linear regression’s coefficients. Both
models were discussed to be implemented during the project.

If the project would restart, one of the more significant focusing points would
be the research. Furthermore, fully understand the data set and find its
pattern before choosing a model, which would mean a model that fits the
data set in a better way.

What we found with this project is that the result was not aligned with
the theory. The theory was that the clients would have similar patterns on
their expenses and incomes during a year, with some categories being out
of character for some months, like Christmas. However, that was wrong
because the clients in the data set have an unstable economy, which means
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that the model we choose would work better for a data set with clients that
have the majority of their values as a Fixed category. This due to the Fixed
categories having a pretty linear pattern. Moreover, the model chosen was a
Linear Regression model and is affected when there are outliers.

Also, the version for the Checkreg gave results for the majority of the data
set. So instead of finding the categories with similar patterns for each client,
it found the categories with similar patterns for the majority of the data set.
This ends up giving us the values where Fixed categories are for the majority
of the dataset, which means that one client’s category has a Fixed pattern
for some cases. Another case a client’s Irregular/Normal category. However,
because the categories are Fixed for the majority, it is better calculated for
them. This means that it would give good results for the majority, but the
error would be significantly high for some cases.

Having irregular behavior is not bad soo to say. For example, buying a car,
a house, or going out for vacations can be irregular but may not be bad
irregulars since they are enormous amounts. However, the problem occurs
when most categories in the dataset were irregular in this data set, making
them harder to predict.

So how this thesis can help the institution is that foremost found the cate-
gories trends for the data set. We have created a model, although not perfect,
that shows them how machine learning would work for their daily work. If
they want to continue with this in the future, they would have this as a base.
Knowing a bit about what to avoid and not making the same mistakes as
we did. The Checkreg is also an algorithm with some changes that work
for single clients that the institution can use to see whether most clients’
categories are Fixed, Irregular, or Normal.

One part that we needed to work more with to get better results was the
preprocessing with trying to find the patterns in the first version of our linear
regression model, which would have given ideas on how to continue with the
project. Also, a bit more reading for the linear regression model would have
helped us predict, as in some cases, we had put up the model in the wrong
way.
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Another idea we got later in the project was that when fitting the model, we
should not have the sum of the values for the same month but the month
after. Otherwise, the model would only choose to determine the result of
the month’s categories, which was not the project’s goal. So that resulted
in that when we fitted the model after months categories, which resulted in
Month+1 results, which we misunderstood in the preliminary results.

We also made a few errors when we set the first model versions. Things as
dividing the dataset to a train and validate set. As we thought the idea was
to use the already made method, we were wrong, which we did not know.
Is that we created divination so that we had 70 percent of the clients in the
dataset. Later we took out a test set from that. These are the cases for some
of the results. When we later realized this, some of the tests got remade.

The right way we should have done was not to split with any premade
method. Instead, the way was first to fix all the data and then take out
the 11 months’ data and use that month to predict our values and see if the
result ended the same.

One project used a similar idea where Least Squares Regression was a base-
line, another supervised regression model. It is a model used to minimize
the error between actual and predicted outputs. They used a data set that
contained 81 projects, and those projects had labeled features of 10, one
being dependent and nine being independent. This data set would split, so
67 projects were training set, and 10 was validation test, the remaining four
were discarded due to missing values[15]. Although their data variables do
not have the same inputs where the data is time-dependent, in our case, it
is 12 months. They have a similar problem where their validation sets have
outliers making it harder to predict.

While another research, in one of their case studies, they go focuses on the
macroeconomic prediction over the years. Their data set in this case had
six features revolving around banks and their macroeconomic over time from
1990 to 2015[16]. Even though this research used a time-series data set, they
had a long time, and generally, a company does not change much if there
is no global pandemic or global economic crash. In this case, the biggest
irregular was the financial crisis of 2008.
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7 Ethic

The different ethical constraint for machine learning is that the model can
get a false positive because the model has been trained on one-sided data.
An example is where the model was supposed to define whether a person
would commit any illicit acts in the future. However, the training set has a
significant sample where the people who were criminals had a black ethnicity.
Therefore, the model mainly gave people with black backgrounds would-be
criminals. Simultaneously, other models could violate people’s privacy and
spread false information with bots’ help. For example, Microsoft created Tay,
an AI chatterbot, but after 16 hours, it needed to be put down. Because of
different ”trolls” having a racist conversation with the bot, the bot started
to post racist and inflammatory tweets. With these scenarios, the ethical
problems were, of course, not intended from the creation. However, it was
also not thought about during the process[17].

Many machine learning models are not created with ethical constraints in
mind. For example, our model, without our knowledge, could create a bias
towards specific clients by seeing a false connection between them and saying
that these people can not take a loan. However, the model does not see the
whole picture, but only one category that the client spends money on. That
is the case because other clients with the same category cannot take a loan,
which means this person can not take a loan. Therefore, even the best
model should not singlehandedly decide whether a client should loan or not.
However, it should be used to help predict the clients’ economic state, and
later a worker looks over it and then makes the decision.
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