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Abstract — The School of Engineering at UAB has a didactic blog composed of multiple posts where
problems are solved by using Machine Learning techniques. The main objective of the project
is to expand this blog with different educational publications where, in addition to explaining the
development of the model, there are also explained previous steps such as data exploration, data
preparation, and data analysis. Finally, the project also consists of different improvements on the
blog and the participation in a competition where different teams compete to achieve the model with
the best results.

Keywords — Machine Learning, Data analysis, Artificial Intelligence.

Resumen — Desde hace afos, la universidad posee un blog didactico formado por diversos posts
donde se resuelven problematicas mediante el uso de técnicas de Aprendizaje Computacional. El
objetivo principal del proyecto es el de ampliar dicho blog con distintas publicaciones didacticas
donde, ademas de la explicacion del desarrollo del modelo, se expliquen las fases previas tales
como la exploracién, preparacion y analisis de los datos. Por Gltimo, el proyecto también cuenta
con una serie de mejoras en el blog y la participacion en una competicién abierta donde distintos
equipos compiten por conseguir el modelo con mejores resultados.
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of problems. Furthermore, they are even capable of seeing
how the authors work by taking a look at the code of their
posts.

The content of the post explains all phases of the prob-
lem solving. Starting by understanding and exploring the
data that is going to be used. Followed by an extensive

1 INTRODUCTION

ACHINE Learning and Deep Learning techniques
M have become a very important and useful way of
solving complex problems, even in some cases,

better than humans do.

Nowadays, engineers with high knowledge of these fields
are in high demand so the School of Engineering at UAB
has created the Data UAB Blog [1] in which students can
publish didactic posts to prove they understand and can
solve this type of problems as well as helping the commu-
nity.

The blog provides students with tutorials so they can eas-
ily understand the concepts and follow the different ma-
chine learning techniques applied. Also, the blog could be
very useful for companies looking for professionals in the
field since it proves that the authors understand and are ca-
pable of explaining the techniques used to solve this type
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data analysis including some graphical data visualization to
understanding and proving important facts or relationships.
And finally, after the model creation, exposing the results
and conclusions obtained.

On the other side, companies also look for new engi-
neers at the open machine learning competitions where a
lot of people and teams compete to achieve the best results.
This is the main reason for participating in a competition, to
learn, understand, and prove you are able to achieve com-
petitive results.

2 DATASETS SELECTION

All datasets have been chosen through a specific selection
process prioritizing the use of different Machine Learning
techniques to achieve a richer diversity the blog. During
this process, the datasets have been also analyzed in order
to find the more interesting ones that could be considered as
a real-life problem that requires to be solved.
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The chosen datasets are listed below:

e Medical Cost Personal Datasets [2]: The main ob-
jective of this dataset is regression, basically to predict
the charges of medical insurance. This dataset is com-
posed of a total of 1338 clients and 7 attributes each
corresponding to their personal information.

o The Movies Dataset [3] and TMDB Movie Dataset
[4]: Both datasets have been used to compare two dif-
ferent types of movie recommender systems. The first
one is composed of approximately 5000 movies and 20
attributes each indicating some information about the
movie. On the other hand, the second dataset contains
over 71,000 user ratings about movies.

e League of Legends Ranked Games Dataset [5]: The
main objective is a binary classification, which is to
predict which team is going to win the game. This
dataset is composed of over 51,000 games and 61 at-
tributes each representing important information about
events that happened and choices made by the players
during each of those events.

Two different recommender systems are implemented for
the second dataset while regression and classification mod-
els will be implemented for the other two datasets respec-
tively.

3 MACHINE LEARNING POSTS

During this project, three different didactic posts have been
created to expand the Data UAB blog [1]. These posts
consist of different problem resolutions by using Machine
Learning techniques. Moreover, their structure shows to the
readers which should be the following steps when working
in these type of problems.

3.1 Medical Insurance Charges Prediction

In this post, the Medical Cost Personal Dataset [2] has
been used to create a model that predicts the charges of
clients. First of all, the data has been analyzed to under-
stand and find important facts and correlations between data
attributes. Then, different models have been created and last
of all, results have been compared to find which is the best
one.

3.1.1 Data analysis

The first section of the post includes the exploration and
analysis of the data. The main objective of data exploration
is to introduce to the reader the information that is going to
be used during the post. However, the data analysis objec-
tive is to learn interesting facts of the data as, for example,
which attributes are highly correlated.

During the exploration, the shape of the dataset has been
check to make an idea of how much information is avail-
able. Also, attributes have been shown and explained as
well as some interesting metrics about numerical ones such
as mean, standard deviation, etc. In addition, the dataset
has been check to find and process missing values, but no
missing values have been found.
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The data analysis includes exploring attributes and rela-
tionships between them, representing these relations with
histograms, pie charts, and other graphical visualizations.

One of the first analysis of the data done has been check-
ing if the sex genre was balanced, which was true. The
attribute representing the region of the clients has been also
checked and discovered how the number of clients per re-
gion is practically balanced.

One important step when analyzing the data is to calcu-
late the correlation values between the target attribute and
the other ones. In order to this, the correlation matrix of
the dataset attributes has been calculated and also has been
discovered how there are two attributes strongly correlated
with the charges: the BMI and the smoker status (Figure|T)).
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Fig. 1: Correlation Matrix of the attributes.

Once known which attributes are strongly correlated, the
analysis has been based on the fact that medical insurance
charges are highly influenced by attributes and relationships
indicating the health risks.

Moreover, one important attribute analyzed is the BMI
(Body Mass Index) of the client. The value of this attribute
has been used to create four different groups representing
the weight status of the client which can be: Underweight,
Normal weight, Overweight, or Obese. After grouping all
the clients by this new attribute, it can be seen how most
of them have not a healthy weight (Figure [2). Furthermore,
after analyzing the relationship between this attribute and
the charges it can be appreciated how the more unhealthy
weight status, the more expensive the charges are.

Overweight
52.8%

Normal
16.8%

Underweight
1.49%

Fig. 2: Weight status proportions.

After analyzing the BMI of the clients, the next step has
been grouping the clients in three different categories by
their age. Then, it has been seen how the age of the client
also presents a relationship with the insurance charges. As
expected, the charges are more expensive for older clients
because more health problems and risks need to be consid-
ered (Figure 3).

Another health indicator attribute that presents a strong
relationship with the charges is the one that represents if
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Fig. 3: Relationship between age categories and charges.

a client is smoker or not. It can be observed how being
smoker results in insurance charges increase.

Finally, it has been analyzed the relationship between the
two attributes that most represents the health of the client
and the insurance charges. During this analysis, a scatter
plot has been used to visually appreciate these relationships
from which can be extracted that there is a clear difference
in the charges between the smokers and the non-smokers.
Furthermore, the charges difference between smokers and
non-smokers increases a lot when the BMI exceeds 30,
which means this person is considered to be obese so the
risk is higher (Figure [4).
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Fig. 4: Relationship between smoker, weight and charges.

3.1.2 Model Creation

The second section of the post, consists in the creation and
evaluation of a Machine Learning model that predicts the
insurance charges.

First of all, the data has been split into two different sub-
sets, one for training the model and the other one to test it.
Also, the test subset helps to check if there is overfitting,
which means that our model has learned the specific data
used for training and is no able to correctly predict on new
data.

For this dataset, three different types of regression mod-
els have been developed: Multiple Linear Regression [6]],
Decision Tree Regressor [7] and Random Forest Regres-
sor [8]].

3.1.3 Results

One of the most significant information obtained from the
data analysis is the fact that there is an important correla-
tion between the smoker status, the BMI, and the charges
(Figure ). Moreover, there is an important increase in the
charges of smoker people whenever their BMI value ex-
ceeds 30, which means they are considered to be Obese so
the risk is higher.

Since the predicted value is the medical insurance
charges, all models have been evaluated and compared by

using the R-Squared Score and MAE (Mean Absolute Er-
ror) metrics (Figure[3).
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Fig. 5: MAE results for each model.

The MAE metric represents the absolute mean error of
the model predictions, in other words, this value indicates
approximately by how many dollars (over or under) each
model is wrong when predicting. It can be seen how the
Decision Tree model and the Random Forest one are the
best models having similar MAE values of approximately
2000 dollars (Figure [5). These values are quite acceptable
due to the fact that usually medical insurance charges are
very expensive and $2000 is a margin error that could be
accepted. Regarding the Multiple Linear Regression model,
its predictions have approximately the double of error than
the other two ones. This is because there is no linear corre-
lation between the variables.

Furthermore, it can be observed how the Decision Tree
and the Random Forest models are very accurate, while the
MLR model is obviously the worst of them (Figure[6).
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Fig. 6: Representation of each model predictions.

In conclusion, the data analysis has been very useful for
understanding some insurance companies criteria when es-
tablishing the charges of the clients. Also, it has been possi-
ble to create even two models that given some personal in-
formation about a client, can predict the charges quite well.

In fact, the R-Squared score of our model is practically
the same as the one achieved in the best kernel [9]].

3.2 Movies Recommender System

Nowadays Recommender Systems are present in a lot of
services used practically every day such as Amazon, Net-
flix, etc. So, this post main objective is to help the reader
to understand how all these services successfully achieve to
recommend the perfect movie, series, or whatever the prod-
uct is.

There exist different types of Recommender Systems,
most common ones are based on finding the similarities be-
tween recommended items or system users. In this post,
two different types have been selected: Content-based and
Collaborative-filtering.

On the one hand, Content-based Recommender Sys-
tems [10] are based on the fact that similar objects will
have similar ratings. More concretely, this type of model



uses information that defines the items content to create a
similarity matrix. This way, knowing the items that a user
likes the most, this similarity matrix can be used to search
for the most similar items.

On the other hand, Collaborative-filtering Recom-
mender Systems [11] are based on the fact that similar
users will have similar item ratings. When using this type
of model, recommendations for a specific user are gener-
ated by choosing the better-rated items of the most similar
users.

3.2.1 Data analysis

Before starting with the model creation, the post exposes
how exploring and analyzing the data is essential and nec-
essary.

During the exploration, the number of instances and at-
tributes of each dataset have been exposed. Furthermore, all
attributes have been presented to the reader, as well as their
data type, their distribution and some interesting metrics for
the numerical attributes. A few examples of these metrics
are the mean, the maximum and minimum values, or even
the standard deviation.

One of the most important processes realized during data
exploration has been checking if there are missing values
in the data. The dataset containing the user ratings does
not contain any missing value while the other one contains
some missing values but, in this case, there has been no data
processing applied because none of them has been used to
fit the recommendation system.

Once all the data has been clearly exposed and the reader
has knowledge of the available data, next section of the post
is the data analysis. During this section attributes and rela-
tionships between them have been explored by representing
them with histograms, pie charts, and other graphical visu-
alizations.

To implement the Content-based model, all the attributes
need to be analyzed and select only the ones that better rep-
resent a movie. This step is normally one of the most dif-
ficult ones to implement because it requires to create a list
with words that represent all the important information of
the movie. But, in this case, it does not represent a big prob-
lem, since the dataset selected contains a specific attribute
with a list of keywords of the movie.

Although there is already one attribute representing the
main keywords for each movie, other attributes that are not
contained in this list have been analyzed to decide whether
they should be added to the existing keywords list.

One of the attributes that have been analyzed and added
to the keywords list has been the one specifying the genres
of the movies. During this attribute analysis a wordcloud
has been used to discover which are the most frequent gen-
res: Drama, Comedy, and Thriller (Figure M)

In addition, the movies spoken languages have been also
analyzed during the data analysis and it has been observed
how English is the most frequently spoken language in the
dataset. More specifically, in approximately the 70% of
movies.

However, before creating a Collaborative-filtering model,
one interesting fact to know is the number of ratings per
user. It has been seen how approximately 90% of the users
have 200 ratings or less, which is normal since having this
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number of ratings is already a lot for a single user (Figure
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Fig. 8: Accumulative histogram of ratings per user.

Finally, after comparing the dataset containing all the
movies with the other one containing the user ratings it has
been discovered that about 20% of the movies have no rat-
ings. From this information, it can be expected that a lot of
movies will not be possible to be recommended when us-
ing the Collaborative-filtering model since nobody has ever
rated them.

3.2.2 Model Creation

The creation of both types of Recommender Systems is ex-
plained and implemented in the next section of the post.
During this section, the processing of the data and the cre-
ation of the model are explain in detail.

In order to create the Content-based model, it has been
necessary to represent the content of movies by one attribute
containing the keywords, genres, and spoken languages.
After this attribute has been defined, it has been processed
by generating TF-IDF [12] vectors for each movie, which
have been used later to calculate the cosine similarity be-
tween movies and creating a similarity matrix of all the
movies.

Once created the similarity matrix, the Content-based
model is ready to recommend. All it needs to do is, given
a movie, search in the similarity matrix for the most similar
movies and then recommend them.

On the other hand, the dataset containing the ratings has
been used to create the Collaborative-filtering model. Af-
ter the information collected during the data analysis, it has
been decided to filter this dataset keeping only the users and
movies over a certain threshold. In other words, the movies
with less than 100 ratings and the users with less than 40
rated movies have not been used to create the model.

Once the ratings data have been filtered, an SVD model
[13] has been created and used to predict the ratings of the
movies that a certain user has not seen yet. This is how the
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model predicts the ratings of movies and recommends the
ones with higher rating scores that the user has not seen yet.

3.2.3 Results

The last section of the post contains the results of the mod-
els created and the general conclusions.

Regarding the Content-based model, the results obtained
are really good and it can be seen how this model uses the
content of the movies to recommend the most similar ones
(Table [I).

Movie Cosine similarity
Planet of the Apes 0.44
Gravity 0.43
Aliens 0.43
Alien 3 0.43
Star Trek Into Darkness 0.42

Table 1: Recommended movies given Avatar.

On the other hand, the Collaborative-filtering model has
obtained a mean MAE value of 0.64, which is a valid error
range value. This error can be seen in Table [2] where the
predicted ratings and the real ratings of some movies are
exposed.

Movie Ground-Truth | Predicted
Rating Rating
Hulk 3 3.29
End of Days 4 4.08
The Haunted Mansion 3 3.60
Ben-Hur 3 3.35
The Dilemma 3 3.58

Table 2: Comparison between real and predicted ratings.

From these results can be concluded that the Content-
based model works really well since the attributes used to
describe the movies define really well the content. Also, the
Collaborative-filtering works well, but it would be better to
have more ratings since this type of Recommender Systems
needs a lot of them.

Finally, after comparing our Recommender Systems cre-
ated with the best Kernel [14], it can be observed how the
recommendations of our models are also pretty good.

3.3 League of Legends Winning Team Pre-
diction

This post is dedicated to creating a model able to predict
which team is going to win in one of the most famous team-
based strategy games: League of Legends. In order to cre-
ate this model, a dataset containing information about more
than 51,000 games has been used.

Like all strategy games, there are several objectives that
give a huge advantage to the team who take them. So, the
information about these objectives for each team and other
important characteristics contained in the dataset will help
in the way to train a winner prediction model.

3.3.1 Data analysis

The first section of the post is the exploration and analysis
of the dataset to introduce all the data to the reader and ex-
pose the reasons for the decisions taken when filtering or
processing some attributes.

During the exploration of the data, it has been seen how
the dataset is composed of over 51,000 games and 61 at-
tributes which is really good because having a lot of infor-
mation would make it easier to achieve a model with good
accuracy.

Moreover, in this section of the post has been also ob-
served how there are different types of attributes. Some of
them are repeated twice because they represent information
associated with each team and include information about all
the player’s choices before starting the match (champions,
spells, etc.) and also about the number of objectives taken
for each team. In addition, there are also attributes repre-
senting information about the game settings and which team
has first taken certain objectives.

There has been also a process of checking whether the
dataset contains missing values, which has result in a neg-
ative response, meaning there are no missing values in the
data.

After calculating some metrics for the numeric attributes
it has been observed that all games of the dataset are from
the same season of the game. This means that main strategy
of games is the same for all of them since critical strategy
changes are implemented whenever a season ends. Also, it
has been discovered that being the winning team does not
depend on which team you belong to.

When analyzing the data needed to create the model one
important step was checking if all the attributes were really
useful when predicting which team is going to win. To do
this, the correlation matrix has been generated and the val-
ues of the winner attribute have been analyzed. After ob-
serving and analyzing these correlation values, it has been
possible to filter the attributes and keep only the ones that
contribute to predicting which team wins (Figure [J).
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Fig. 9: Winner attribute correlations.

The number of attributes after filtering by their correla-
tion values has been reduced from 61 to 11. This shows
how important it is to analyze the data and keeping only the
useful information.

Once the attributes have been chosen, the next step has
been to analyze and graphically visualize the relation be-
tween them and the winner attribute. It can be observed
how there is an obvious relation between the attributes rep-
resenting which team has been the first one on taking some
specific objective and the winning team (Figure[I0). Same
thing happens when analyzing the relation between the at-
tributes representing the number of objectives taken by each
team and the winning team.
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Fig. 10: Relations between first team taking a certain objec-
tive attributes and being the winner.

3.3.2 Model Creation

Once the data has been analyzed and introduced to the
reader, the next section of the post is about creating a clas-
sification model that predicts which team is going to win.
In fact, after analyzing different possible machine learning
models for resolving this problem, due to the attribute types
and the small range of their values, it has been decided that
the most appropriate model would be a Decision Tree.

The first thing to do before starting with the model cre-
ation is to filter the attributes and keep only the useful ones
seen during the previous data analysis section. Furthermore,
the dataset needs to be split into two different sets: one of
them to training the model and the other one to testing and
evaluating it.

While training of the model, the GridSearchCV function
from scikit-learn has been explained to the reader and used
to find which combination of some of the Decision Tree
parameters achieves the best results. More concretely, the
parameters modified have been the maximum depth, the cri-
terion, and the splitter.

3.3.3 Results

During the last section of the post the model created has
been evaluated and the results have achieved a 97% of ac-
curacy, which is a really good result for this problem.

Once we know the model created can correctly predict
which team is going to win with a high accuracy score, the
next step has been to represent the ROC curve of the model
to see how it works (Figure [TI). The ROC curve is a vi-
sual representation of the relation between the True Positive
Rate (TPR) and the False Positive Rate (FPR) with different
thresholds.

—— ROC curve
Reference

True Positive Rate (TPR)
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False Positive Rate (FPR)

Fig. 11: ROC curve of the Decision Tree model.

By taking a look at the ROC curve generated can be ap-
preciated the results are positive since the curve reaches
practically 100% of the TPR with low FPR.

The last step during the evaluation of the model has been
trying to represent the Decision Tree model in a graph way
to explain to the reader some interesting things about how
this model internally works. But, due to the huge size of the
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model, representing it has been impossible and the solution
chosen has been to represent and explain a more simpler
model (Figure[12).

t2_towerKills <= 6.5
gini = 0.5
samples = 41192
value = [20841, 20351]
class = Team 1 wins

t1_towerKills <= 3.5 tl_towerKills <= 7.5
gini = 0.23 gini = 0.151
samples = 22237 samples = 18955
value = [19286, 2951] value = [1555, 17400]
class = Team 1 wins class = Team 2 wins
gini = 0.404 gini = 0.041 gini = 0.037 gini = 0.481

samples = 3564
value = [1002, 2562]
class = Team 2 wins

samples = 18673
value = [18284, 389]
class = Team 1 wins

samples = 16887
value = [321, 16566]
class = Team 2 wins

samples = 2068
value = [1234, 834]
class = Team 1 wins

Fig. 12: Simpler Decision Tree representation.

From all the analysis and results obtained can be con-
cluded that the data has been enough to create a good model
able to predict with high accuracy which team is going to
win a game. In fact, it can also be concluded how not all in-
formation about each game is relevant. At first, the dataset
had more than 60 attributes and after analyzing them, only
11 have been used to train the model.

Furthermore, one interesting conclusion about the data
analysis is that attributes indicating the number of towers
taken by each team are the most important ones because
of the strong correlation with the winner attribute. In fact, it
can be seen how in the simpler Decision Tree representation
where depth is limited to 3, these are the only attributes used
in all decision nodes.

Finally, it is necessary to highlight the fact that the preci-
sion of the created model is even better than the achieved in
the best kernel [[15]].

4 KAGGLE COMPETITION

One interesting part of this project has been the opportu-
nity of participating in a machine learning competition as a
team. The team is composed of another student realizing a
similar project and myself. However, the main objective of
collaborating and participate as a team has been the chal-
lenge of solving the problem by ensembling the models of
both members of the team.

The competition is named Shelter Animal Outcomes
[16] and is about the life of the animals when they leave the
animal shelter. The dataset used is composed of multiple
attributes about animals and the objective is predicting the
outcome of them when they leave. More concretely, these
outcomes can be: being adopted, die, being sacrificed, be-
ing returned to the owner, or being transferred.

4.1 Data analysis

Before starting with the model creation, the first thing done
has been exploring the data and analyzing the relationships
between the attributes.

While exploring the data, it has been discovered that the
dataset has over 26,500 animal instances that would be used
to create the model. Also, each instance is composed of a
total of 10 attributes.

Another important fact seen while analyzing the dataset,
is that the attribute indicating the sex genre of the animal
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also indicates the reproduction status, which means this
attribute needs to be processed to split this information.
Moreover, there is also a problem with the age attribute be-
cause it has been defined in different age units as for exam-
ple: months, years, or even weeks.

After obtaining some information on attributes, it has
been seen how the attributes Breed and Color have a total
of 1380 and 366 unique values each. This will probably be
a problem when creating a model because of the large num-
ber of possible values causing these attributes to not provide
any relevant information.

The last step realized during the data exploration has
been checking if the data has missing values. Fortunately,
most of the missing values found wherein two attributes that
would not be present on the set that has to be predicted for
the competition. In other words, the attributes containing
most of the missing values will not be used. On the other
hand, due to the small number of missing values on the
Sex and Age attributes, it has been decided to delete the
instances containing them.

During the data analysis one of the first things discov-
ered has been that the dataset only contains dogs and cats
as animals. Moreover, the next step has been analyzing the
outcome to take a look on the proportions of each outcome

class (Figure[T3).

Euthanasia

35.2%

Adoption
17.9%

Died

0.738%
Transfer

5.81%

Fig. 13: Outcome proportions of the train dataset.

As can be observed, the Died and Transfer classes have
small proportions so they can be expected to not get accu-
rate predictions. In addition, the most probable scenario
will be the one where the three bigger classes absorb the
predictions, especially the Return_to_owner and Euthanasia
classes.

Another analysis realized has been checking the propor-
tions of the outcome classes grouping them by the sex gen-
res. What has been discovered is that the outcomes are
equally proportioned for both sex genres.

Finally, the last analysis realized consisted of grouping
the data by the age values. Due to the different age units
used for representing this attribute, the first step has been
normalizing it converting all values to years units. Then,
three different categories have been defined: Puppy, Adult,
and Senior. Once the data has been grouped, the relation-
ship between the age categories defined and the outcome
classes has been graphically represented (Figure[T4).

There are two interesting facts that can be extracted from
Figure [T4] as for example that Puppy is the most common
age category when talking about transfer or adoption. Also,
it can be observed how the ones returned to owners tend to
be adult animals.
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Fig. 14: Relationship between age categories and outcomes.

4.2 Model Creation

After exploring and analyzing the data, it has been decided
to create and train an ensembling of different classifier
models to predict the outcome of the test dataset.

Furthermore, the test dataset does not have the outcome
attribute since it is the one that has to be predicted and de-
livered on the competition platform. Once predictions are
delivered, they are evaluated and the team receives a score
based on how well the model works.

As a team, the work has been distributed. My team part-
ner has chosen to train two different machine learning mod-
els: Random Forest Classifier and XGBoost. On the other
hand, I have chosen to train two Neural Networks.

4.3 Ensembling of the models

Once all the models have been tested the ensembling model
has been created.

An ensemble is a set of machine learning models where
each one produces a different prediction and these are com-
bined to obtain a single prediction. The advantage of com-
bining different models is that errors tend to average out
resulting in a better generalization error.

In this case, all models are combined into a Voting Clas-
sifier ensemble model. The main characteristic is that each
model votes one class and the final prediction will be what
most models vote for (Figure[T3).

Voting Classifier Ensembling

Fig. 15: Voting Classifier ensembler model example.

4.4 Results

When evaluating the Neural Networks created separately,
they have obtained an accuracy of approximately 61% and
60% each. However, when we evaluate the ensembling
of all models created by the team, the accuracy increases



to 64% which means that the combination of the models
achieves better results than them separately.

After creating the ensembler model, all instances of the
test dataset have been predicted and uploaded to the Kag-
gle competition platform obtaining a multiclass loss of 0.88
which is approximately 30% worse than the better model of
the leaderboard.

Finally, we have studied the solution of best kernel avail-
able [[17] and compare it to ours. It has been observed how
they filter and apply more processes to the training dataset
to generate new attributes that represent new information.
Also, this particular team has only trained a Random Forest
Classifier model.

5 BLOG IMPROVEMENT

The most important improvement applied to the blog has
been the addition of the three new machine learning posts
commented previously (Figure[T6).

Engineering Data

time when we will b to obots what dogs are: rooting or the machines — C.Shannon

(P —
How tostart classifying with

TensorFlow 20 Which boolshapld

N
Recommending Movies Winning Team

Fig. 16: New three posts added.

The diversity of the posts is one important fact that needs
to be considered and also the main reason of having mul-
tiple categories for each post. Since the blog is principally
dedicated to students that want to learn, it would be interest-
ing to have a section of the blog specially built to group the
posts by their categories or tags (post-content keywords).

This section was already implemented but in a too much
simple and basic way (Figure[T7). So, given its importance,
it has been selected to be the blog improvement apart from
adding three new posts.

Tags in DataUAB

Fig. 17: Categories section before.

The section improvement has required to realize an ex-
tensive investigation of the page structure and how it is built.
Moreover, in order to apply a more modern design it has
been needed to modify some of the front-end files of the

page.
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Furthermore, the main idea of the new section is to allow
the viewer filter the post depending on the category wanted.
To do that, some back-end logic has been needed as well
as some Javascript functions that toggle the visibility of the
posts according to the category selected (Figure[T8).

DataUAB

Fig. 18: Categories section now.

Besides, the representation of the different posts is simi-
lar to the homepage of the blog but with some extra infor-
mation: the author and the post tags (Figure [T9).

Predicting Medical Insurance Charges

07 Nov 2019 EricLozano

6 CONCLUSIONS

The main goal of the project has been successfully achieved
by extending the Data UAB Blog [[1]] repository with three
new didactic Machine Learning posts where all is clearly
explained and detailed. Also, one important section of the
blog has been considerably improved providing a friendly
user interface where posts can be filtered according to their
classifications (Section [3).

Regarding the Medical Insurance Charges Prediction
(Section [3:T) it has been discovered that the attributes with
the highest impact on the charges are the ones that have
a relation with the health status of the client. This means
that people with an unhealthy situation will have expensive
charges on their medical insurance. Also, it has been pos-
sible to create a model able to predict the medical charges
within a small mean margin error of 2,000 dollars.

On the other hand, during the Movies Recommender Sys-
tem (Section [3:2) it has been seen how the number of rat-
ings is a very important fact when creating a Collaborative-
filtering model since this type of Recommender System
needs a lot of ratings from users to become a good recom-
mender. However, the Content-based model recommenda-
tions belong to a set of movies with a clearly similar con-
tent.

Moreover, in the League of Legends Winning Team Pre-
diction (Section [3.3) has been seen how being the first
team on taking certain objectives or the number of objec-
tives killed (towers, inhibitors, or even dragons) are factors
highly correlated with being the winning team. These at-
tributes have provided enough information to train a model
with a 97% accuracy.
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Finally, despite not having achieved excellent results due
to the difficulty of the data and the short time that has been
available to dedicate to the competition, it has been possible
to observe, understand and learn from what top leaderboard
teams have done to achieve the best results.
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