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1. Introduction
2. Data analysis

2.1 Dataset

The dataset we decided to study is a labeled income prediction
dataset. This dataset includes 14 features with information
about the people in the srudy and a label with the income as
either more than 50 000$ per year or less than or equal to 50
000 $ per year. This means that we are looking at a binary
classification problem. A lot of the features are discrete where
only a set number of options available. This includes features
such as marital status, education and working class. The
dataset features around 32500 data points.

2.2 Data cleaning and feature engineering

There were a couple of things with our dataset that had to be
modified in order for it to be usable in our ML application. We
find that some of the features are redundant or not interesting
in our project. We romove the redundant feature education
since there is another already numerically encoded feature
containing the same data. We also chose to remove the feature
fnlwgt’ since it is a already calculated number that is used by

the Census Bureau to estimate population statistics. Since we
want to estimate the population statistics based on the other
features and not the already calculated weight we remove
this feature. We have a mix of numerical and non-numerical
features in our dataset. Since the machine learning models
cannot use non-numerical data we have to encode the non-
numercial data into corresponding numbers. This is with
the label encoder built into sci-kit learn and used on all non-
numerical data.

2.3 Handling missing values

With our numerical version of the dataset we found with the
info function in pandas that around 2500 values were NaN
values. We reasoned that filling these values with something
as the mean of the category does not make very much sense
for our application. Since there are many discrete categories a
mean value means nothing. Especially since we gave many
categories arbitrary numbers the mean means nothing. We
therefore decided to only use complete data points. This
resulted in removing about 6% of the total amount of data
points or about 2500 data points.

2.4 Training, validation and test sets

Before doing any sort of training or analysis on the data, se
split it into training, test and validation data. We did this by
first splitting a random 20% of the data into test data. This
data is reserved for the final testing of the model and will
not be touched until the model is finished. Then we did a
further split of the rest of the data were 25% was designated
as validation data. This data will be used for calibration of the
model and hyperparameter tuning. The rest of the data which
is 60% of the total data or around 18000 data points will be
used to train the model.

3. Model selection

When selecting the model to use for this project we have
to limit us to using models that are appropriate to the type
of problem that we are trying to solve. The problem is a
classification task so all models that are used for regression



are immediately invalid. There are plenty of different types
of classification models left to choose from. Many of them
however, are good for data that has non-discrete features.
This includes models such as logistic regression, KNN and
other similar types of classification models. Also since we
have so many features that are non-numerical and converted
into arbitrary numbers these types of models would not be
optimal. What is left is the Gaussian Naive Baye’s and the
different tree based models. Since our data again is made up
of arbitrary numbers it is not possible to assume thata we have
normally distributed data. Therefore we are left with the tree
based models such as the decision tree and random forests.
We decided to implement two different types of models. We
first do a decision tree and see how good we can get that
model to work. We then do a random forest which may not be
the absolute best model but since it is a continuation on the
decision tree it might be interesting to see if it performs better.
We then do analysis on both methods and see if these models
are good enough and if there is any meaningful difference
between the two.

4. Model Training and Hyperparameter
Tuning

During the model training there are some important changes
we can make to improve the accuracy of our model. One thing
we implement is cross validation. Since there is a great spread
in our data we choose to use randomized search. Another very
important part of the model training is finding the optimal
hyperparameters. This is an important step in minimizing the
risk of overfitting. Some important hyperparameters in our
decision trees are the maximum depth and minimum sample
split. The maximum depth hyperparameter decides how deep
the tree is allowed to go. If a tree is allowed to go very deep
there is a high risk of overfitting. We therefore test multiple
different depths and see which values give the best training
and validation accuracy. This will ensure that we use the
most optimal depth for our tree. The minimum sample split
states how many data points there has to be for a new split
to be created. This is also a good measure against overfitting
since if it is very low we risk training the noise of the data
instead of the general trend and end up overfitting the data.
It is also important that it is not to small since we then loose
information and underfit instead. For the random forest there
is also the hyperparameter of how many estimators to use.
This decides how many trees to choose from.

5. Model Evaluations
6.
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