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Introduction




1. Introduction

This document summarizes the results obtained from task T1.4 along the period M8-M18. During
that period, the partner leader of T1.4 and D1.4, UPCT, has designed and developed the platform
engine based on Artificial Intelligence (Al) and Machine Learning (ML) algorithms. This technology
has offered a front-end with a personal Learning and Development (L&D) portal to the ALLVIEW
platform thanks to use of Recommender Systems (RS), a branch of Al/ML. The developed Al/ML
algorithms have taken user data as inputs of the system to report some user recommendations as
outputs of the platform.

As it was defined in the Deliverable D1.3, this RS uses some user data like the user preferences, the
user skills and competences, and similar user profiles to make recommendations to users about
suitable learning paths, training courses or job positions. The platform also shows the reputation of
training courses performed by registered users on the platform and companies that offer job
positions based on people opinions. This information may be valuable information for potential
recruiters. Other features of the ALLVIEW platform are the automatic (mostly ML powered) collect
of the learning interests of the people and build a database where from macroscopic statistics could
be analyzed, like people who know for X typically isinterested in Y, or Z skill is getting a lot of interest
in society or within a group. In the same way an enterprise (user Company) may know if there are
enough people recruitable in a particular skill, or if it will have difficulties to find people.

Al and ML are two concepts related between them, but different (see Figure 1). Al is a technology
which enables a machine to simulate human behavior with the goal of making a smart computer
system like humans to solve problems, and ML is a kind of Al technique which allows the system to
obtain knowledge with no explicit programming. In other words, ML is a subset of Al which allows
a machine to automatically learn from past data without programming explicitly. The third concept
is Deep Learning (DL), a technique forimplementing ML algorithms. RS are a type of ML technique
used to help users find new items or services. RS are the focus of this report since it is used in the
core of the ALLVIEW platform.
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Figure 1. The relationship between Al, ML and DL 1

Below, in this report, a state of the art of the Al and ML algorithms is presented. Next sections are
focused on RS because, as it is detailed in the document, these are the algorithms used in this type
of applications. About RS, two techniques are identified to be applied on ALLVIEW platform,
content-based and collaborative filtering techniques. The developed algorithms using the
mentioned techniques are also presented. After that, the chapter 4 presents the evaluation of ML
techniques with data sets. For each defined use case, a training set and the expected output have
been detailed showing also the real results obtained. In chapter g, the final deployment is presented
including the cloud solution provider and the structure of the public repository, where the open-
source code has been allocated. Finally, the conclusions are summarized.

1 Source: https://www.wordstream.com/blog/ws/2017/07/28/machine-learning-applications
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2. State of the Art of AI/ML Algorithms

Al'and ML is a field in continuous growing with new applications that make easy human tasks or
decisions. There are different techniques depending on the issue to be solved. Some techniques
require to use the input data, train the system and get the output data, and others learn by
themselves using data from user experience. Details of how each technique or algorithm works is
important since not all AI/ML algorithms are suitable for solving all issues.

This section describes a state of the art of Al/ML algorithms. Figure 2 shows graphically how ML
algorithms are classified.
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Figure 2. ML techniques classification 2

ML algorithms can be mainly classified on three big categories:

= Supervised ML algorithms use learned knowledge from previous and present data
with the help of labels to predict events. The labelled data means some input data is
already tagged with the correct output. This requires an adequate training process of
dataset to foresee the output values. After this process, the system can provide results
to an input data. The algorithm compares the obtained results with the actual and
expected results to identify errors to change the model adjusting the error based on
results.

=  Unsupervised ML algorithms are used when the training data is non-classified and not
labelled and not require any training process. These algorithms analyse how the

2 Source: https://www.wordstream.com/blog/ws/2017/07/28/machine-learning-applications
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system can obtain a function to explain patterns from the unlabeled data. The system
does not identify the proper output, but it discovers the data and writes observations
from dataset to find hidden patterns from unlabeled data. RS is classified as
unsupervised algorithm and it can be defined as a learning technique where users can
customize their sites to meet customer’s preferences. For example, online users can
get arating of a product or service and related items when they search an item thanks
to the existing RS. RS allows users to find products or information in a different way.

= Reinforcement Learning (RL) algorithms enable an agent to learn in an interactive
environment by trial and error using feedback from its own actions and experiences.
In this case, the algorithm continuously learns from its environment using iteration.

Table 1 shows a summary of the most popular ML algorithms. There is such quantity of algorithms
that it is not possible to detail all in this study. Next sections describe those that are of interest for

this work.
Table 1. ML algorithms
MACHINE LEARNING ALGORITHMS
Supervised algorithms Unsupervised algorithms Reinforcement learning
Linear regression* Clustering* Q-learning
Multiple regression* K-means clustering SARSA (State-Action-Reward-
Logistic regression* KNN (k-nearest neighbors) * State-Action)
Polynomial regression Recommender systems* Deep Q-Networks
Non-linear regression Anomaly detection DDPG (Deep Deterministic
Classification Neural networks Policy Gradient)
KNN (k-nearest neighbors) Dimension reduction
Naive Bayes theorem Density estimation
Linear discriminant analysis Principle component analysis
Learning vector quantization Independent component
Support vector machine* analysis
Decision trees* A priori algorithm
Random forest Singular value decomposition
Boosting Market basket analysis
AdaBoost

*|tis detailed in next sections

2.1 Supervised Learning Algorithms

Taking as reference the schema showed in Figure 3, supervised learning models learn about each
type of data because they are trained using labelled dataset. In the example of this picture, the first
step is to train the model for each shape (star, circle and square). After training process, the model
is tested using a test set (a subset of the training set) to verify that the identification of the shapes
is correct, and finally, the model is ready to make output predictions.
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Figure 3. Supervised Learning

Supervised learning algorithms can be classified into two types: regression and classification.
= Regression algorithms are used if there is a relationship between the input variable
and the output variable. It is used for the prediction of continuous variables, such as
weather forecasting, market trends, etc.
= (lassification algorithms are used when the output variable is categorical, which
means there are two classes such as yes/no, male/female, true/false, etc.
Supervised learning algorithms can help to solve real issues like spam filtering, but it is not valid for
managing complex tasks. These algorithms are useful when there is a training dataset but cannot
predict the correct output if the test data is different from the training dataset. In general, enough
knowledge about the classes of object is required, because if the dataset is incorrect, the algorithm
could learn incorrectly which can bring losses.

Linear regression

Linear regression algorithm assumes a linear relationship between an independent variable, Input
(X), and a dependent variable, Output (Y) (see Figure 4). When the algorithm receives data, it uses
the function, calculates and maps the input to a continuous value for the output. A linear regression
line has an equation of the form Y = a + bX. This analysis is used to predict the value of a variable
based on the value of another variable. The variable to be predicted is called the dependent
variable.
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Figure 4. Linear Regression. X axis: independent variables. Y axis: dependent variables 3

Multiple regression

Multiple regression is like linear regression, but with more than one independent value, meaning
that we try to predict a value based on two or more variables.

Logistic regression

Logistic regression is a supervised learning classification algorithm used to predict the probability
of atargetvariable. This algorithm predicts discrete values for the set of independent variables that
have been passed to it. As Figure 5 shows, the target or dependent variable is binary in nature
having data coded as either 1 (stands for success/yes) or o (stands for failure/no).

¥
1

dependent variable

=]

independent variable

Figure 5. Logistic Regression 4

3 Source: https://upload.wikimedia.org/wikipedia/commons/3/3a/Linear_regression.svg
4 Source: https://www.edureka.co/
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Support Vector Machine

The main goal of Support Vector Machine (SVM) technique is to divide the datasets into classes to
find a maximum marginal hyperplane (MMH). This model represents the classes in a hyperplane in
multidimensional space (see Figure 6). The hyperplane is generated in an iterative manner by SVM
so that the error can be minimized. There are 3important concepts in this technique:

= Support Vectors are data points that are closest to the hyperplane. Separating line is
defined with the help of these data points.

»  The Hyperplane is a space which is divided between a set of objects having different
classes.

* The Margin is defined as the gap between two lines on the closet data points of
different classes. It can be calculated as the perpendicular distance from the line to
the support vectors. Large margin is considered as a good margin and small margin is
considered as a bad margin.

Margin

A

Y-Axis

Support

X-Axis
Figure 6. Support Vector Machine 5

Decision Tree

Decision Tree is a type of Supervised ML technique where the data is continuously split according
to a certain parameter, and it can be used for both classification and Regression problems. It is a
graphical representation for getting all possible solutions to a problem/decision based on given
conditions. A decision tree asks a question and based on the answer (Yes/No), it split the tree into
subtrees (see Figure 7). The tree is divided into 3 entities: internal nodes represent the features of a
dataset; branches represent the decision rules and each leaf node represents the outcome.

There are two main types of Decision Trees:

= (lassification trees (Yes/No types).
= Regression trees (Continuous data types)

5 Source: https://www.tutorialspoint.com/
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Figure 7. Decision tree 6

This technique has some advantages and disadvantages. The most known advantage is that it is a
simple method where the process is like a human reasoning when we make any decision in real life.
It can be very useful for solving decision-related problems and it also helps to think about all the
possible outcomes for a specific problem. On the other hand, there is a disadvantage that must be
considered. This technique could be very complexin case of the decision tree contains lots of layers.

2.2 Unsupervised Learning Algorithms

In the previous section it mentions that models in supervised learning algorithms are trained using
labelled data under the supervision of training data, but it is not possible on all sceneries. On some
occasions, there is no labelled data and the process requires to find the hidden patterns from the
given dataset, and here is where unsupervised learning algorithms are applied (see Figure 8).
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Figure 8. Unsupervised Learning

6 Source: https:/fwww javatpoint.com/machine-learning-decision-tree-classification-algorithm
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Unsupervised learning algorithms can be further categorized into two types: clustering and
association.
= (Clustering is a method of grouping the objects into clusters. The mainidea is to create
a group with the objects with most similarities and another group with the objects that
have less or no similarities with the first. Cluster analysis finds the commonalities
between the data objects and categorizes them as per the presence and absence of
those points in common.
= Association is a rule used for finding the relationships between variables in a large
database. It determines the set of items that appear together in the dataset. As
example, this type of algorithms makes marketing strategy more effective, because
people who buy X item could also purchase Y item. A typical example of Association
rule is Market Basket Analysis.
Unsupervised learning is used for more complex tasks as compared to supervised learning, but it is
intrinsically more difficult than supervised learning as it does not have corresponding output.
Another disadvantage is that the result of the unsupervised learning algorithm might be less
accurate as input data is not labelled, and algorithms do not know the exact output in advance.

Clustering

Clustering is an unsupervised machine learning task that interpret the input data and find natural
groups or clusters in feature space. It is basically a collection of objects based on similarity and
dissimilarity between them. Forinstance, we can identify that there are 3 clusters in Figure 9. There
are not specific rules to classify when a clustering algorithm is good, since this depends on the user
criteria. It means, users should find the right criteria they may use which satisfy their need.

A~ 1

L4

v

Figure 9. Clustering 7

There are many clustering methods, but K-means clustering algorithm is the simplest unsupervised
learning algorithm that solves clustering problem. K-means algorithm partitions n observations
into k clusters where each observation belongs to the cluster with the nearest mean serving as a
prototype of the cluster.

7 Source: https://www.geeksforgeeks.org/
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Figure 10. K-means clustering algorithm

K-Nearest Neighbor (K-NN)

K-Nearest Neighbor (K-NN) algorithm is a simple and easy-to-implement supervised ML
technique, that can be used to solve both classification and regression problems. This algorithm
assumes that similar things are near to each other. It means, the algorithm assumes the similarity
between new data and available data and put the new data into the category that is most like the
available categories. K-NN algorithmiis also called a lazy learneralgorithm because it does not learn
from the training set immediately instead it stores the dataset and at the time of classification, it
performs an action on the dataset. At the training phase just stores the dataset and when it gets
new data, then it classifies that data into a category that is more similar to the new data.

Considering the example in the Figure 11, there are 2 categories (Category A and Category B), and
there is a new data point x_n, so this data point will lie in which of these categories. The objective
of K-NN is to identify the category or class of a particular dataset.

Q €Iy o «€CI»

¢ ®
.
s . “ .
Category B Category B
L] . .
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* New data point ® e MNew data point
% @ e 9 . P
o’ o assigned to
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Figure 11. K- Nearest Neighbour algorithm 8

8 Source: https://www.javatpoint.com/

www.allview.eu WP1.T4- Al and ML algorithms

15



K-NN algorithm is simple to implement and robust to the noisyg training data, although it can be
more effective if the training data is large. However, this technique may be complexin some cases
calculating the value of K, even the computation cost can be high due to calculate the distance
between the data points for all the training samples.

Recommender Systems

There is a huge amount of information on the Internet, so itis not always easy to access the content
that users are interested in. RS are information filtering systems that manage data to create
fragments according to user’s preferences, interests, or observed behavior about a particular item
oritems. ARS has the ability to predict whether a particular user would prefer an item or not based
on the user’s profile and its previous information. One of the aims of the recommendations is to
speed up the searches and make it easier for users to access the content they have always been
interested in, and surprise them with several offers they would have never searched for.

RS algorithms allow the system to make recommendations to users based on user’s preferences,
ratings or other user’s preferences with similar profiles. There are mainly two approaches (see
Figure 12): content-based recommendation and collaborative recommendation.

Recommender
System

Content Collaborative
Based Filtering

Model Based

User-based Filtering
ltem-based Filtering

Figure 12. Types of Recommender Systems

Content-Based Filtering

Content based (CB) recommender methods are used to decide the outcomes based on product
similarities instead of user feedback or interaction. A description of the item and a profile of the
user's preferences are required to make recommendations accordingly (see Figure 13). These
methods are best suited to situations where there is known data on an item (training course,
description, etc.), but not on the user. In this method, keywords are used to describe the items and
a user profile is built to indicate the type of item this user likes. It means that these algorithms try

9 In Al, the word "noise" refers to the quality of training data. k-NN classifier is usually featured as noise-sensitive.
ts accuracy highly depends on the quality of the training data.
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to recommend items that are similar to those that a user liked in the past or is examining in the

present.

There are some advantages and disadvantages to be considered. The advantages are: 1) the model
does not need any data about other users, since the recommendations are specific to this user. This
makes it easier to scale to many users, 2) the model can capture the specific interests of a user, and
can recommend items that very few other users are interested in. On the other hand, the model
can only make recommendations based on existing interests of the user. In other words, the model
has limited ability to expand on the users' existing interests.

RECOMMENDER SYSTEMS:
Content-Based Filtering

O

Similar
training courses

9

w course

Trainin
R course
Trainin
N course
Trainin

Figure 13. Recommender Systems — Content-Based filtering

Collaborative Filtering

Collaborative Filtering (CF) RS are based on user past behavior as well as user similar decisions
made by other users. In CF method only user content and profile information are not enough. The
rating’s users are associated with other user’s behavior giving a similar rating. It finds similarities
between users and items to make assumptions for missing rating values and deducing new
recommendations. The model can help users to discover new interests. In isolation, the ML system
may not know the useris interested in a given item, but the model might still recommend it because
similar users are interested in that item.

In Figure 14, the system finds two users with similar profiles (same interests). The user 1is interested
ontraining courses 1, 2 and 3. The user 2 is interested on training courses 1and 2. So, the RS detects
that user 1and user 2 are similar, and RS suggests the training course 3 to user 2.
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RECOMMENDER SYSTEMS:
Collaborative Filtering
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Figure 14. Recommender Systems — Collaborative filtering

Beyond this, there are two types of CF methods: memory-based and model-based collaborative

filtering methods.

Memory-based Collaborative Filtering

Memory-based CF calculates the similarity between users or items using the user’s previous data
based on ranking. The main objective of this method is to describe the degree of resemblance
between users or objects and discover homogenous ratings to make suggestions.

There are two types of Memory-based CF two methods (see examples in Figure 15):

User-based filtering Item-based filtering

Figure 15. Memory-based Collaborative filtering methods 10

a) User-based Collaborative Filtering (UB-CF): the algorithm predicts the items that a user
might like based on ratings given to that item by the other users who have similar taste

with that of the target user
b) Item-based Collaborative Filtering (IB-CF): the algorithm finds the same items that the

target user has already viewed.

10 Source: https://medium.com/
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Model-based Collaborative Filtering

Model-based Collaborative Filtering models are used to forecast and calculate how a user gives a
rating to each item. These algorithms are based on ML to predict unrated products by user ratings.
These algorithms are further divided into different subsets, i.e.,, Matrix factorization-based
algorithms, deep learning methods, and clustering algorithms.

2.3 Reinforcement Learning Algorithms

As compared to unsupervised learning, RL has different goals. While the goal in unsupervised
learning is to find similarities and differences between data points, in reinforcement learning the
goalistofind a suitable action model that would maximize the total cumulative reward of the agent.
In this algorithm, for every result obtained the algorithm gives feedback to the model under
training. Additionally, the agent learns automatically using feedbacks without any labelled data,
unlike supervised learning, therefore the agentis bound to learn by its experience only.

The Figure 16 represents the elements involved in the performance of the RL model: 1)
Environment is the physical world in which the agent operates, 2) State is the current situation of
the agent, and 3) Reward is the feedback from the environment. The agent interacts with the
environment and explores it by itself. The primary goal of an agent in RL is to improve the
performance by getting the maximum positive rewards.

State -

Reward Output data
OO
Reinforcement OO
Learning 000

Algorithm O

ARV A
W Yo

O

- Action

Figure 16. Unsupervised Learning

This technique is very similar to the human learning technique, and thanks to the training process
almost any errors could be solved. However, one disadvantage of this learning is that the model
requires a lot of training data to develop accurate results, it consumes time and lots of
computational power.
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2.4 Keyword Extraction technique

Keyword Extraction is another technique used on ALLVIEW platform. This technique is the
automated process of extracting the most relevant words and expressions from text. It is a text
analysis technique that automatically extracts the most used and most important words and
expressions. It helps summarize the content of texts and recognize the main topics discussed. And,
not only that, but this technique also uses ML/Al with Natural Language Processing (NLP) to break
down human language so that it can be understood and analyzed by machines.

There are different approaches to keyword extraction, and this section is focused on one of the ML-
based models. Statistical approaches are one of the simplest methods for identifying the main
keywords within a text. There are several types of statistical approaches: word frequency, word
collocations and co-occurrences, TF-IDF (short for term frequency—inverse document frequency),
and RAKE (Rapid Automatic Keyword Extraction). There is no technique better than other, it is
depending on the aim of the task. For this platform, the technique used is TF-IDF, leaving the others
out of the scope of this document.

TF-IDF (short for term frequency—inverse document frequency), is a statistical measure that
evaluates how relevant a word is to a document in a collection of documents. This is done by
multiplying two metrics: how many times a word appears in a document, and the inverse document
frequency of the word across a set of documents 21. One of the most important uses is in
automated text analysis and is very useful for scoring words in ML algorithms for NLP. In fact,
ALLVIEW platform uses Keyword Extraction to find keywords on user profiles (from ESCO
occupations descriptions) or job positions offers to help make better recommendations to users.

11 Source: https://www.kaggle.com/rowhitswami/keywords-extraction-using-tf-idf-method
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3. ldentification of ML techniques to be applied

In order to identify the ML technique to be applied in ALLVIEW platform, knowing how to run the
platform is key to select the most suitable technique. Firstly, a brief description about the main
functionalities planned with ML to offer recommendations to users is introduced. Secondly,
considering the ALLVIEW platform engine and the ML techniques detailed in the previous chapter,
a decision about the ML algorithm selected will be made.

As we already know, ML help to provide functionalities like, e.g.: personalized learning programs
for target people. That is, a front-end with a personal Learning and Development (L&D) portal,
using Al-powered RS for learning resources built on top of data.

As project description states, the input to the platform is information about employee profile,
target interests or goals (e.qg., re-skill, deepen existing skills). The output is the recommend L&D
actions (courses, etc.). All these features built on top of Al-powered data from past experiences of
others (with more weight if profile & goal are similar). Moreover, the tool use feedbacks of all type
of users to Al-powered reputation system for learning resources. Reputation is built automatically
from, i) opinions on people enrolled/performing training, ii) rates of success in the short, medium
and long term of people performing training, iii) grades and others (to define). The output helps to
RS, which assists the decision of the target “learner”.

Feedbacks to Al-powered evaluation of fulfilment of learning outcomes, may be valuable
information for potential recruiters. The output will be automatic evaluation of potential workers,
or suitability for a particular job, coming from its trajectory in L&D as appears in the system.
Other features of the open-source software platform are that the platform automatically (mostly
ML powered) collect the learning interests of the people, and build from there macroscopic
statistics: e.g., people who know for X typically is interested in Y, or Z skill is getting a lot of interest
in society or within a group. In the same way, an enterprise may know if there are enough people
recruitable in a particular skill, or else, if it will have difficulties to find people.

Being more precise, several recommendations have been defined depending on the type of user of
the ALLVIEW platform. As it was mentioned in previous deliverables in WP1, where the platform
was defined and detailed, one of the newest options in the ALLVIEW platform is to include various
types of recommendations to users. There are 3 types of users: People, Training Provider and
Company. People users register on ALLVIEW platform to look for acquiring new skills and
competences as well as new job positions. They are encouraged to fill in their profile with their
personal data and preferences to receive recommendations about training courses and job
positions offers based on that information, among others. Training provider users publish training
courses specifying the learning outcomes. These types of users can also receive recommendations
about candidates for their training courses and which the most popular skills are to prepare new
and novel training courses. And the third type of user, Company users include job positions offers
specifying the required skills and competences among others, and these users also can look for
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training courses for their employees and can receive candidate recommendations for their job
position offers.

The explained features above match directly with the RS detailed in the previous section, in which
two types of algorithms have been described. The ALLVIEW platform engine implements the
content-based filtering algorithm as well as the collaborative filtering algorithm. Next sections,
considering these techniques applied, detail each technique and the information exchange the
engine needs to perform to obtain as output the established recommendations. ALLVIEW platform
uses 2 ML techniques to implement a RS: content-based filtering and collaborative filtering
techniques.

Apart from recommendations based on ML, the ALLVIEW platform also makes recommendations
based on data collect by the platform. Table 2 includes all types of recommendations made by the
ALLVIEW platform, the recommendation description, the ML technique used for each type of
recommendation, specifying the type of user of the ALLVIEW platform. Next sections describe the
algorithm developed for each case.

Table 2. Recommendations in ALLVIEW platform
Recommendations in ALLVIEW platform

Id Typeof = Recommendation Description ML ML Technique Example
user
1 People Training courses based on Yes Content-based Figure 17
user job challenges, using filtering

other similar user content and
their ratings.

2 People Training courses based on Yes Content-based Figure 18
previous courses already done filtering
by the user.
3 People Training courses based on Yes Collaborative Figure 19
ranking made by other users filtering

with the same interests.

4 People Training courses demanded Yes Content-based Figure 20

by companies, considering the filtering

skills included in job offers.
This recommendation is made

to People users who do not

have included any job
challenge or ranked any
training course.
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5 People Job position offers based on Yes Content-based Figure 21
user profile skills. Ranking is filtering
not used.
6 People Learning paths based on user No - Figure 22
challenges and current user
competences.
7 Training Candidates for attending Yes Content-based Figure 23
Provider training courses based on filtering

keywords from job challenges.

8 Training Demanded skills to prepare No - Figure 24
Provider new training courses.
g  Company Training courses for Yes Content-based Figure 25
Companies' employees based filtering
on previous training courses
done.
10  Company Training courses for Yes Collaborative Figure 26
Companies' employees based filtering
on other users with the same
interests.
11 Company Candidate for job position Yes Content-based Figure 27
offers (based on skills required filtering

in job position offers).

12 All Top rated training courses. No IMDB weighted -
average
method

In summary, the system makes recommendations about training courses, job position offers and
candidates considering different criteria and using different techniques. On some occasions, in
which the system considers that the calculated recommendation is not good enough, the system
will use another information to make appropriate recommendations.

3.1 Making recommendations to People users

ALLVIEW platform makes several recommendations to People users based on different criteria.
The recommendations are training courses, job position offers and learning paths. Training courses
and job position offers recommendations are made using ML techniques. On the other hand,
learning paths are made considering the user challenges and current user competences. Below,
each recommendation is detailed with a visual diagram including the steps followed to achieve the
final aim in each case.
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Figure 17 shows the process to recommend training courses to People users based on the user job
challenges, using other similar user content and considering the ratings of the training courses
performed by those users. Users can include the job challenges on their user profiles once the
register is done, and they also can rate a training course once it is finished. Then, this information
helps ALLVIEW platform to make appropriate recommendations using the content-based filtering
technique.

The first step is to search users with similar job challenges. At this point, the system applies a
similarity factor between o and 1to each similar user based on the similarities on the job challenges.
Once the ALLVIEW platform has found similar users based on that information, the second step is
to compare the training courses made by the similar users and its ratings, and to find the training
courses to recommend. For this, the ALLVIEW RS create a prediction with the following equation:

Prediction = user similarity factor * training course rating

Finally, the ALLVIEW RS will recommmend the training courses with higher predictions. Forinstance,
considering the example in the Figure 17, the ALLVIEW RS has calculated that the highest prediction
factor to make the recommendation to user 2 is for the training course C already performed by the
user 1.

Recommendation 1: Training coursesbased on user job challenges, using other similaruser
contentandtheirratings.

<:: Stepa: Searchuserswith similar job challenges.
The RS applies a factorto each user fromotoz,
based onthe job challenges similitaries.
Step 2: Find different training courses in similar
users and check the rating of each one.

Training course Aﬁ Stgp_3: Createa pr_ediction: user similarity factor* | TrainingcourseB |

training course rating.
| TrainingcourseB | Step 4:The RS recommends the training courses

| Training course C \& with higher predictions.

Recommendationto user 2

I Training course C I—

*RS using Content-based filtering technique

Figure 17. ALLVIEW RS to People users — recommendation 1

Figure 18 shows the process to recommend training courses to People users based on previous
training courses already done by the user. It has been developed using the content-based filtering
technique. The key in this developed algorithm is to compare key fields existing on training courses
included on the user profile (category, language, partner and keywords fields) and those key fields
existing on new training courses. Itis also important to consider the ratings of the previous training
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courses in order to discard training courses with similar features, for example, training courses
performed by the same partner.

Additionally, in this case, the algorithm does not compare other users, it is only focused on the
previous user experience. Taking as example the Figure 18, in which the user has already performed
the training courses A, B and C, the ALLVIEW RS recommends the training course E. In this
example, the system has found key fields on the training course E which can be interesting for the
user, considering also the training courses A, B and C ratings.

Recommendation 2- Training courses based on previousonesalready done by the user.

Step1: Get some key fields from training courses
already done by the user (category, language, partner
and keywords fields included on the training course

e

profiles)
Step 2: Search similar training courses including the
TrainingcourseA%-“ key fields. - - _ Training course A

Step3: Create a prediction considering the previous Training course B

I Training course B ﬁf —«  training courses ratings: user similarity factor * : -ng

[Tom c training course rating. Training course C

raInng coure ﬁ_. Step 4 The RS recommends the training course with

the highest prediction Training course E

Recommendationto user [ - 1
| TrainingcourseE |

*RS using Content-based filtering technique

Figure 18. ALLVIEW RS to People users — recommendation 2

The third recommendation is about training courses based on rankings made by other users. In this
case, the ML technique applied is the collaborative filtering and the aim is to recommend common
training courses based on positive ratings. Taking as example the Figure 19, the first stepis to search
users with common training courses with a positive mark. Once the ALVIEW RS has selected 2
users, the user 1 and the user 2 in Figure 19, the search is focused on other training courses with a
positive mark. In this example, the training course A can be recommended to the user 2, and the
training course D can be recommended to the user 1.
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Recommendation 3- Training courses based on ranking made by other users

O

Ais recommendedtouser 2

4 ‘
Training courseA‘#{\\( Com_rn_on .-+ Training course B Y.
__________________ training & h
"] Training course B courses j Trainingcoursecﬁ—"

“
L ettt

\““~l,TrainiEcourseC gf . Mran b
) Dis recommendedtouseri raining course

Stepa: Search users with common training courses with a positive mark.
Step 2: On selected users, search othertraining courses with a positive mark to
recommend between them.

*RS using Collaborative filtering technique

Figure 19. ALLVIEW RS to People users —recommendation 3

Not all users fill in their job challenges and rate training courses in case they perform someone, but
recommendations should be implemented for this type of users too. Recommendation 4 in Table
2 uses the content-based filtering technique to recommend training courses based on the skills
required by Company users on their job training offers. The steps followed are shown in Figure 20.
Firstly, the ALLVIEW RS gets skills from job positions offers published by Company users. Next, it
searches training courses to improve or learn those required skills. Finally, the ALLVIEW RS
recommends the obtained training courses to users without job challenges/training courses ratings.

Recommendation 4: Training courses demanded by Companies

Step1: Get skills from job positions offers

published by Company users.

Step 2:Searchtraining courses to improve or

learn those required skills.

Step3:The ALLVIEW RS recommendsthe

obtained training courses to users without job

challenges/training courses ratings. Userswithout job
challengesftraining

‘ -
Skills coursesratings
A
Training Provider User Training courses based on required skills by Companies

*RS using Content-based filtering technigue

Figure 20. ALLVIEW RS to People users —recommendation 4
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Apart from training courses, the ALLVIEW RS makes also recommendations about job position
offers. In this type of recommendations, the system uses the user profile skills, and the job position
offers included in the database by Company users. The recommendation is made based on the
similarities between the skills required by the job position offers and the user skills. Figure 21 shows
the steps to follow using the content-based filtering technique. Firstly, the system gets the skills
that the user has included in the user profile. Next, those skills are compared with every job position
offer. Finally, the ALLVIEW RS recommend the most appropriate four job position offers to the
user.

Recommendation 5- Job position offers based on user profile skills.

Stepu: Foreachuser, the ALLVIEW RS gets
the user profile skills.

Step 2: Compare those skills with every job
position offer.

( Step3: Recommendthe most appropriate 4
ks job position offers.

Recommendationto user

*RS using Content-based filtering technigue

Figure 21. ALLVIEW RS to People users —recommendation 5

The recommendation number 6 in the Table 2 does not implement ML, but it is important for this
type of application too. Learning paths are the pathways that a user could follow to achieve new
learning challenge and make easier the option to apply to new job position offers. Considering this
aim and the example in Figure 22, the steps followed by the ALLVIEW platform are: 1) get the user
job challenges (e.g. occupation B), 2) get the current user skills from the user profile (e.qg. skill 3 and
skill 4), 3) obtain the essential and optional skills for the user job challenges from ESCO classification
(occupation B requires 4 skills), and 4) the platform recommend skills the missing skills in the
current user profile to achieve that job challenges (the user needs to learn the skills 1 and 2 to
achieve the occupation B).
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Recommendation 6: Learning paths

Step1: Getuserjob challenges. =
Step 2: Get current user skills.
Step3: Get essentialand optional skills for the .
{:c:)} user job challenges from ESCO classification. Database
( Step 4: Check and recommend the missing 5CO darssification
Userskill list: ~ skills in the current user profile to achieve that G
- Skill3 job challenges Occupation B
- Skill 4 requires:
Jobchaller?ge: v Skill1
- OccupationB v Skill>
Recommendationto user: Skill 1 and skill 2 v skill3
v Skill4
7

Figure 22. ALLVIEW RS to People users —recommendation 6

3.2 Making recommendations to Training Provider users

There are two types of recommendations for Training Provider users. One includes the
recommended candidates for Training Provider users'training courses based on keywords from job
challenges, using two ML techniques: content-based filtering and automated keyword extraction.
As Figure 23 shows, the ALLVIEW RS obtains and compares keywords from user job challenges and
from training courses. The recommended candidates are those who have similar keywords offered
inthe training course. In the example of the Figure 23, the orange useris not recommended because
the keywords got from the job challenge is not like the training course keywords.

Recommendation7: Candidatesforattendingtraining courses

Stepa: Get keywords from published a training JobChallenges

course. i
® Step 2: Compare those keywords with ! -ll
obtained keywords from user the job ]
. challenges. |
Training course keywords:  Otep3 The ALLVIEW RS recommends the Database
v Keyword1 candidates with more coincidences. Keywords: 4,5
v Keyword 2
v Keyword3 Usersredandgreenare Keywords: 2,34
candidates forthe training course "— Keywords: 1,2,3

*RS using Content-based filtering and automated keyword extraction technigques

Figure 23. ALLVIEW RS to Training Provider users — recommendation 7
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On the other hand, the second recommendation is about the demanded skills by companies that
help Training Provider users to prepare new training courses (see Figure 24). In this case, the
algorithm does not use ML techniques, but it analyses the job position offers looking for the most
popular demanded skills.

Recommendation 8: Demanded skills

{
il
|
i
o
.
Hp
HIJEE

List of demandedskills

to offertraining courses

*RS using Content-basedfiltering technique

Figure 24. ALLVIEW RS to Training Provider users —recommendation 8

3.3 Making recommendations to Company users

There are 3 recommendations implemented for Company users, 2 of them are similar to other
People user recommendations. The recommendation with id g implements the same algorithm
that the recommendations with id 2 (see Table 2). In this case, the ALLVIEW RS recommends
training courses for Companies' employees based on previous training courses done (see Figure
25). The recommendation with id 10, where the ALLVIEW RS recommends training courses based
on ranking made by other Company users (see Figure 26), implements the same algorithm that the
recommendations with id 3. The third recommendation uses the ML content-based technique to
recommend candidates for job position offers based on the required skills. Figure 27 shows the
steps of this algorithm, in which the ALLVIEW RS gets the required skills from the job position offers
and compare the information with the skills of each People user in order to recommend the
appropriate candidates.
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Recommendation 9- Trainingcourses for Companies' employeesbased on previous training
coursesdone

Stepa: Get some key fields from training courses
already done by the Company users (category,
language, partner and keywords fields included on the
training course profiles)

Company User Step 2: Search similar training courses including the
o key fields. Traini
T A ﬁ o S ) raining course A
L Step3: Create a prediction considering the previous

o ; R Training course B
TrainingcourseBﬁ —«- training courses ratings: user similarity factor * 9

o training course rating Training course C
Training course C ﬁ J Step 4:The RS recommends the training course with Training course D
the highest prediction | TrainingcourseE |
Recommendationto user

I Training course E I

*RS using Content-based filtering technique

Figure 25. ALLVIEW RS to Company users —recommendation g

Recommendation 10: Training courses based on ranking made by otherusers

Ais recommendedtouser 2 )

-
Company Usera Company User >
ini i Common ST
TralnlngcourseA% o .-=""Training course B Y4¢.
................... training “.
~~"[__Training course B 92~ courses “-._|_Training course C 597
~-L__Training course C Y47~ .
e Ao D is recommendedtouser1 Training course Dﬁ

Stepa: Search Companies with common training courses with a positive mark.
Step 2:On selected Company, search othertraining courses with a positive markto
recommend between them.

*RS using Collaborative filtering technique

Figure 26. ALLVIEW RS to Company users — recommendation 10
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Recommendation 11: Candidates forjob position offers

Stepa: The ALLVIEW platform gets skills
required in job position offers.

Step 2: Compare the obtained information with
each People user (user profile).

Step3:The ALLVIEW platform recommendsthe
candidates with the required skills.

Company User

o
w
o

Do
Do &

Skills
==[

T Candidates withthe required skills

*RS using Content-based filtering technigue

Figure 27. ALLVIEW RS to Company users — recommendation 11

3.4 Common recommendations

Finally, there is a recommendation that is not based on ML techniques, but it uses the IMDb
weighted average method to recommend the top training courses. IMDb publishes weighted vote
averages rather than raw data averages. It is not the same that a course has 10 ratings with a
weighted rating 5 stars, and a course with 100 ratings with a weighted rating of 4 stars. The equation
for the weighted rating (WR) is the following:

WR=(v+(v+m)) xR+ (m + (v+m)) x C

Where:
R = average rating
v = number of votes for the training course = (votes)
m = minimum votes required to be listed in the Top
C =the mean vote across the whole data
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Evaluation of ML techniques with data sets - training-
validation-output

The evaluation of the developed ML techniques is essential to determinate that the algorithms have
been built correctly. To evaluate the methods described in previous sections, a training set and the
expected output have been defined for each use case defined in Table 2. The training dataset is the
initial data used to train ML models. Training datasets are fed by ML algorithms to teach them how
to make predictions or perform a desired task. Below, the use cases have defined to check that the
implementation of the ML methods show good results. Some examples are created with specific
characteristics according to the definition.

Use case 1: To recommend training courses based on user job challenges, using other similar user
content and their ratings.

= Usertype: People.
= Training data set: Select at least three users with similar job challenges with two of
these users, rate some courses with a good mark.

To perform use case 1 test, three user profiles have been created with the data showed in
Table 3, Table 4 and Table 5. All of them have the same job challenge: project manager,
and users 1and 2 have rated some courses with a good rating (see Table 6).

Table 3: User 1 profile

User 1 profile

Personal information User 1, people1@test.com, Murcia, Spain, 666666666

Skills Manage project information, train employees, working in
teams
. Competences Adapt to changing situations, check the production schedule
Curriculum

Job Experiences

Research engineer

Educations

Telecommunications

Job challenges

Project manager

Table 4: User 2 profile

User 2 profile

Personal information

User 2, people2@test.com, Roma, Italy, 555555555

kill
Curriculum Skills

Coordinating activities with other, train employees, manage
several projects
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Competences Implement data quality processes, meet commitments
Job Experiences Sales engineer
Educations Telecommunications

Job challenges Project manager

Table 5: User 3 profile
User 3 profile

Personal information User 3, people3@test.com, Brussels, Belgium, 222222222
Skills Manage tests, record test data, analyse test data
Competences Provide customer follow-up services

Curriculum
Job Experiences Test engineer
Educations Telecommunications

Job challenges Project manager

Table 6: Rated training courses for use case 1.

Rated training courses

Training course Rated by Average rating
Project Management Principles and Practices User 1, User 2 4
Fundamentals of Project Planning and Management User 1, User 2 5
Computer course User 1, User 2 A
Augmented reality as infrastructure for improvement of User 1, User 2 5

communication in construction projects

» Expected output: The system should recommend to the third user, the training
courses that similar users (users with the same job challenges) have rated positively
(the training courses included in Table 6).

* Results: Figure 28 shows the recommendations made to the user 3. The results match
with the expected output.
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Recommended Courses For You

Fundamentals Of Project

Augmented Reality As
Planning And Management Inf For |

Project Princi C Course

p t And Practices
Of Communication In
Construction Projects

WIC, ULUE, NIVET

Company B Company A

WIC, ULUB, NIVET

Figure 28. Use case 1 results

Use case 2: To recommend training courses based on previous courses already done by the user.
= Usertype: People.
= Training data set: Select a user (the User 1 defined in Table 3) and rate with a high
mark a training course with similar characteristics.
The User 1 has rated with a high mark the course titled "Project Management Principles
and Practices” in Table 7. This tables show other training courses that could be interesting
for the User 1.

Table 7: Training courses details

Training courses (required fields)

Title Engineering project Construction Product manager Project
management management Management
Principles and
Practices
Company Company A Company B Company B Company A
name
Category Management skills Management skills Management skills | Management skills
Keywords Management, Management Management Management
engineering
projects
Language English English English English

* Expected output: The system should recommend to this user training courses with
shared characteristics from the training courses that the user has rated positively. In
this example, the training courses included in Table 7 should be recommended to User
1.
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* Results: Figure 29 shows the recommendations made to the user 1. The results match
with the expected output.

Recommended Courses For You

B P
Ehrtner Nmurkl
Construction Management Product Manager Engineering Project
Management
Company B Company B
Company A

Figure 29. Use case 2 results

Use case 3: To recommend training courses based on ranking made by other users with the same
interests.

= Usertype: People.

= Training data set: Select three users (User 1, User 2 and User 3 already defined above)
and rate four courses in total (see Table 8) with a high mark but with "holes". For
instance: User 1 rates the training courses 1, 2 and 3; the User 2 rates the training
courses 1, 2 and 4; and the User 3 rates the training courses 1, 3 and 4.

Table 8: Rated training courses for use case 3

Rated training courses

Id Training course Rated by Rating

1 Project Management Principles and Practices User 1, User 2, User 3 4

2 Fundamentals of Project Planning and User 1, User 2 5
Management

3 Engineering Project Management User 1, User3 4

4 Product manager User 2, User3 4

= Expected output: The system must recommend with a high score to the three users
the course that they have not rated.

= Results: Figure 30, Figure 31 and Figure 32 show the recommendations made to the
User 1, User 2 and User 3 respectively. The results match with the expected output.
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Recommended Courses For You  Recommended Courses For You = Recommended Courses For You

bt ALRNE N 1) EHNN) N

Product Manager Engineering Project Fundamentals Of Project
Management Planning And Manag
Company B
Company A Company B
Figure 30. Results for user 1 Figure 31. Results for user 2 Figure 32. Results for user 3

Use case 4: To recommend training courses demanded by companies, considering the skills
included in job position offers. This recommendation is made to People users who do not have
included any job challenge or ranked any training course.
= Usertype: People.
* Training data set: Create a user with no user-profile and no ratings (User 4). Also,
some job position offers must be available in the platform (see examples in Table 10).
The system calculates keywords from job position offers and compares with the keywords
of each training course. The calculated keywords from job position offers included in Table
10 are: 'administer’, 'complete’, 'projects’, 'people’, 'forces', 'profitability’, 'relevant’, 'tests,
'coherence’, 'leveraging'. Note that the system uses ESCO classification, and every
professional sector and skill has associated some descriptions that the system use to get
the keywords. To test this, two training courses have been modified adding the following
keywords in Table g.

Table 9: Training courses keywords

Training course Keywords

Project Management _ o _
o , Projects, manage tests, administer, complete, people, leveraging
Principles and Practices

Engineering Project , .
Management, projects, test, people, administer
Management

Table 10: Job position offers

Job position offers (some required fields)

Title Management assistant Test Engineer Project manager
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Professional sector Engineering Engineering Engineering
professionals professionals professionals
Essential Skills Manage several
Manage tests Manage tests _
projects
Main language English English English
Type of contract Practice Temporal Undefined

» Expected output: The user must receive recommendations of courses from the most

demanded skills from the job offers.
= Results: Figure 33 shows the recommendations made to the user 4. The results match

with the expected output.

Recommended Courses For You

Pas RREALN (0D RRNN|(BEER

Project Management Principles Engineering Project
And Practices Management
Company A Company A

Figure 33. Use case 4 results

Use case 5: To recommend job position offers based on user profile skills. Ranking is not used.

= Usertype: People.
* Training data set: Create a user and select some skills. Create a job with similar skills

tothe user.
The data used for this example is a user with the skill "Manage several projects” in the
profile, and some job position offers that require the same skill. The job position offers are
titled "Management Assistant”, "Project Manager”, "Office Manager” and "Department
Manager”.
» Expected output: The user must receive recommendations about jobs with similar

skills required.
»  Results: Figure 34 shows the recommendations made to the user. The results match

with the expected output.
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Recommended Jobs For You

Management Assistant Project Manager Office Manager Department Manager

company1 company company companyl

Figure 34. Use case 5 results

Use case 6: Learning paths based on user challenges and current user competences.

= Usertype: People.

* Trainingdataset: A user (the User1already defined) with some job challenges (project
manager in this example) and with some skills (Manage project information, train
employees, working in teams in Table 3).

The system calculates the essential and optional skills to achieve the user job challenge and
compare with the user profile skills.

= Expected output: Job challenges page must display the required and optional skills
needed to achieve that job challenge.

= Results: Figure 35 shows the recommendations made to the user. The symbol @
means that the user already has this skill, and the symbol @ means that the user does
not have this skill to achieve the job challenge. The results match with the expected
output.

Learning Paths

19 skills and competences for: Project manager

Apply conflict management (essential)

Liaise with managers (essential)

Build business relationships (essential)

Train employees (essential)

Identify legal requirements (essential)

Provide cost benefit analysis reports (essential)
Manage project information (essential)
Estimate duration of work (essential)

Perform resource planning (essential)

Perform risk analysis (essential)

Negotiate with stakeholders (optional)

Maintain relationships with stakeholders (optional)
Maintain relationship with suppliers (optional)

Write work-related reports (optional)

O 0 0 00 00 9 0 0 00 0 0 o

Create a financial report (optional)

Figure 35. Use case 6 results
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Use case 7: To recommend candidates for attending training courses based on keywords from job
challenges.
= Usertype: Training provider.
* Training data set: Some People users with similar job challenges and create a new
training course focused on that job challenge with some keywords.
The users to test this use case are defined in Table 3, Table 4and Table s, in which the user
job challenge is “Project manager”. The system calculates the keywords from this user job
challenge and compare with the keywords of each training course. In this example, the
user training provider tested offers a training course with similar keywords that the user
job challenge (‘project’, 'ensure’, 'satisfied', 'completed’, 'budget’).
= Expected output: The system must recommend candidates 1, 2 and 3, who have
similar keywords extracted, from the occupation's descriptions, to the training
provider that offers a training course with similar keywords.
= Results: Figure 36 shows the recommendations made to the user. The results match
with the expected output.

Recommended Candidates For Training Courses

W,

User2 User 3 User 1

Figure 36. Use case 7 results

Use case 8: To recommend demanded skills to prepare new training courses.

= Usertype: Training provider.

= Training data set: Some jobs with the same required skills.

= Expected output: The training provider must see these most demanded skills.

» Results: Figure 37 shows the recommendations made to the user. The results match
with the expected output.

Most Demanded Skills

Skill Narme Decurences
Manage several projects 4
Manage tests .
Facilitate official agreement 1

Rows per page: 0 - 1-30f3

Figure 37. Use case 8 results
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Use case 9: To recommend training courses for Companies' employees based on previous training

courses done.

= Usertype: Company.
= Training data set: Select a user and rate with a high mark some courses with similar

characteristics.
This use case is similar to use case 2. In this example, the user Company 1 has performed
and rated the training course "Project Management Principles and Practices” with a high
mark, and then, the system will look for similar training courses.

Accepted Courses

Q Project Management Principles and Practices

» Expected output: The system must recommend to this user courses with shared
characteristics from the courses that the user has rated positively.
* Results: Figure 38 shows the recommendations made to the user. The results match

with the expected output.

Recommended Courses For Your Employees

S LELLTE R ] [ R

L B 3|
Engineering Project Fundamentals Of Project Product Manager Computer Course
Management Planning And Management
Company B WIC, ULUB, NIVET
Company A Company B

Figure 38. Use case g results

Use case 10: Training courses for Companies' employees based on other users with the same

interests.
= Usertype: Company.
Training data set: Select three users and rate four courses in total with a high mark but
with “holes”. This use case is like use case 3. The training courses rated are included in
Table 8.
* Expected output: The system must recommend with a high score to the three users

the course that they have not rated.
= Results: Figure 39, Figure 40 and Figure 41 show the recommendations made to the

users. The results match with the expected output.
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Recommended Courses For Your Employees

== | =
™S

Partner Network

Product Manager

Company B

Figure 39. Use case 10 result for Company 1 user

Recommended Courses For Your Employees

Pt MREEAL N (N0 EHNN|(RRE

Engineering Project

Management

Company A

Figure 40. Use case 10 result for Company 2 user

Recommended Courses For Your Employees

Fundamentals Of Project

Planning And Management

Company B

Figure 41. Use case 10 result for Company 3 user
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Use case 11: To recommend candidates for job position offers (based on skills required in job
position offers).
= Usertype: Company.
* Training data set: Some users with some skills and create a job offer with the same
skills.

The user 2, 3, 4 and 5 include in their user profile the skill “Manage several projects” as we
canseein Figure 42.

W ALLVIEW PLATFORM Profile Explore Favorites Rate Courses Learning Paths

@@ Curriculum: Skills

Q.  Search your skills

Manage several projects €@

Figure 42. Use case 11— User profile: skills

Next, the job position offer published by the user Company 1 is titled "Office manager”.
As Figure 43 shows, the essential skill defined for this job position offer is *Manage several
projects”.

W ALLVIEW PLATFORM Profile Explore  Favorites Offer Jobs. Rate Courses
Tast Enginaar w

Project manager ~

~

Upload profile photo

Title *
Office manager

Description

hnology) W ow

Figure 43. Use case 11— Job position offer
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= Expected output: The system must recommend these 4 users as candidates for the
job position offer published by the Company user.

= Results: Figure 44 shows the recommendations about candidates made to the user
Company 1. The results match with the expected output.

Recommended Candidates For Your Job Offers

User 4 User 5 User 3 User 2

Office manager Office manager Office manager Office manager

Figure 44. Use case 11 results

Use case 12: Top rated training courses.
= Usertype: People, Training provider and Company.
* Training data set: Create a training course with many ratings and a rating average of
4. Create a training course with few ratings (3 o + more than three) and a rating
average of 5.

Two tests have been planned. In the first test, 3 users have rated with 4 the training course
“Computer course” and with 5 the training course “Engineering Project Management”
(see Accepted Rating in Figure 45). In the second place, 7 additional users have rated the
training course "Computer course” with 4 (see Accepted Rating in Figure 46).

» Expected output: On the first test, in which the quantity of ratings is the same for both
training courses, the training course with a higher score must be showed in a higher
position. On the second test, the training course with many ratings and normal score
("Computer course” in this example) must show with a higher ranking than the course
with few ratings and high score ("Engineering Project Management” in this example).

= Results: Figure 45 and Figure 46 show the top-rated courses. The results match with
the expected output.
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Accepted Ratings

sitle User Comment Justification Rating
Top Rated Courses
Engineering Project User 5
Management 4
User TR L
Computer course 4 4
Engineering Project User 5
Management 3
User
Computer course 3 4
Engineering Project User 5 Engineering Project Computer Course
Management 5
Management
User
Computer course 5 4 WIC, ULUB, NIVET
Company A
Rows per page: 10 - 1-60f6

Figure 45. Use case 12 results (1)

Accepted Ratings

e eer Comment Justification Rating
Engineering Project

amneenng Frof User 4 5
Management
Computer course User 4 4
Engineering Project

ol ng Froj User 3 5
Management
Computer course User 3 4
Engineering Project
M:na emegnt : Hser's : H

& Accepted Ratings
Computer course User 5 4
Computer course User 1 4 title User Comment Justification Rating
Computer course User 2 4 Computer course company3 4
Computer course company 4 Computer course company4 4
Computer course company2 4 Computer course company3 4
Rows per page: w0 - 1-100f 13 > Rows per page: 0 - 11-130f 13 <

Figure 46. Use case 12 results (2)
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5. Final deployment and public repository

The initial and debugging tests were planned in a UPCT server, being this the repository and
framework for the solution development. Once the platform has been debugged, it has been
launched in a dedicated server in the Cloud. Not only because the UPCT server has technical
limitations, but also because The Cloud solutions have advantages like 24/7 support, GPDR,
security, data privacy, etc. To hire a Cloud solution there are several options. Table 11 shows some
of them with the main features that these services offer. Currently, ALLVIEW platform only requires
two services: backup and virtual machine, but others are also considered, thinking in future versions
platform. The selected Cloud solution provider is DigitalOcean 12. DigitalOcean provides
developers cloud services that help to deploy and scale applications that run simultaneously on
multiple computers. It is similar to other Cloud solutions, but it has been selected because the
ALLVIEW developer technical team already know this platform and cover the needs.

Table 11. Cloud solutions providers

aws 9 / Microsoft
S \' VULTR [pigitalocean Azure
Server Amazon Vultr DigitalOcean Azure Google Cloud
provider
Cloud v v v v v
storage
Managed v v v v v
database
- Backup v v v v v
Virtual v v v v v
- machine
Url https://aws | https://www.vultr.co https://www.digit || https://azure.microso | https://cloud
-amazon.co | m/ alocean.com/ ft.com/ .google.com/
m/

Once the cloud solution provider has been selected, the final deployment showed in Figure 47 can
be described. The production server hired in DigitalOcean platform is an Ubuntu server 20.04 with
8Intel vCPUs, 16 GB RAM, 320 GB SDD storage, >250 Mbps network bandwidth and authentication
with SSH keys. The MySQL database can be managed by the admin through the application
phpMyAdmin (more details about the database are included in deliverable D1.3).

On the other hand, the open-source code of the ALLVIEW platform has been allocated on a public
repository, fulfilling the commitment in the project description. During the development, the
source code was configured as private, but once the platform is finished and ready to be used, the

12 https://www.digitalocean.com/
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platform will be configured as public. The public repository selected was Bitbucket 13. Bitbucket is
a Git-based source code repository hosting service owned by Atlassian. Bitbucket offers both
commercial plans and free accounts with an unlimited number of private repositories.

Production Server
9 Digital
8 Intel vCPUs Ocean
16GB RAM R
320GB SSD storage MySQL
>250 Mbps network bandwidth phpMuyAdmin
Ubuntu Server 20.04 __
Authentication with SSH Keys E
atabase

Public repository o Bitbucket

System

Rest API Vue
JavaScript > Vuetify Phyton 3
» NodelS » Carbon Ul
» Expressjs
\/ . )
n @cle Exoress 48 v \ V“etlfvl', pytho
S Vue.js

\

Figure 47. Final deployment

The projectis composed of three repositories (see Figure 47 and Figure 48): (1) allview-backend, (2)
allview-frontend, and (3) allview-recommender-system. The repository allview-backend (see
Figure 49) contains the REST API of the ALLVIEW Platform, written in JavaScript using Nodejs and
Expressjs. The repository allview-frontend (see Figure 50) contains the Frontend of the ALLVIEW
Platform, written in Vue using Vuetify and CarbonUI. The repository allview-recommender-system
(see Figure 51) contains the recommender system of the ALLVIEW Platform, written in Python 3.
Note that all these technologies were introduced in depth in Deliverable 1.2.

Each repository on Bitbucket includes a file README with the structure of that repository, a project
overview, the software dependences that must be installed, the configuration, how to run the
service and how to compile for production.

13 https://bitbucket.org/
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https://bitbucket.org/

<« C @ bitbucket.org/allview-euproject/
= . : allview-euProject
: E allview-euProject )
Repositories
E] Repositories
_|_ Search repositories Q Privacy Language ~
(3 Projects
%% Snippets Repository Description
a 1 -
& Members & allview-backend
allview
ﬁ allview-frontend
allview
ﬁ allview-recommender-system
allview
Figure 48. Public repository
itbucket.org/allview-euproject/allview-backend, sro/master/
C & bitbucket crg/allvi ject/alh kend/srr W
. .. i
R ¢ elhiew-ouProject / allview
allview-backend Ivite Clone =+
<) Source Here's whese you'll find this repasitory's source files. To give your users an idea of what theyll find here, add a description to your repository.
& Commits
Ir master Files v  Filte Q
Iy Branches
T4 Pull requests M/
) Pipelines Name Size  Last commit Message
s e B conllos 20201-11-22 i more database cohsmn names
€ Jimisucs m oo 2021-11-19 feat: improved db names (100%)
@ securlty W idclewares 022-0-11 fis: process ol string for the training provider
B Dowmloads . modals 5 days ago fix: include image field in the rate training courses page
£} Repository settings . pubiic 2021-10-28 feat: use new default images
. routes 2021-11-10 feat: personalised home page for each user
s 20220111 feat{jobs}: make skils required 8 chack if the salary is a valid numiber
B dockerignare %8 20211118 feat: create dockerfle
B gitignore TIAB  2021-10-14 feat upload and download ov
B oockedile 2628 2021-11-18 fost: madifiod dbs narmes (50% done]
B ReADMEmd T29KE  2021-11-20 fieat: improved readme

Figure 49. Repository Allview-backend
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€ & C # bitbucketorg/alhiew-cuproject/allview-frontend/sre/master/ &g = %
aliaw-frontend albview-euProject [ allview
allview-frontend Invite Clone  *=+
€ Source Here's where you'll find this repository’s source files. To give your users an idea of what they ¥l find here, add a desoription to your repository.
$  Commits
Ir master ~ Files files Q
Iy Branches
T4 Pull requests | W]
) Pipelines Name Size Lastcommit  Message
) e | s 2021-07-15 feat: use carbon-ui
O jiises | e 5 days ago feat: show user name in the validate courses page
@ Security B «dockerignore 278 2021-11-18 feat: create dockerfile
B Downloads B editorconfig 78 2021-07-15 fiat: use carban-ui
Q Repository settings B giticnane 2148 2021-07-15 feat: use carbon-ui
B Dockerdile 2078 2021-11-18 foat: create dockerdile
B ReaDMEmd 16T KE  2021-11-29 fieat: improved resdme
B babelconfigis 7iB 2020-12-29 Init Vuejs praject
B example.env.local 438 2021-05-16 feat: get Google token id and use e vars
B peckagelockjson 10IME  2021-11-18 foat: create dockerdile
B padagejson 1ISKE  2021-07-15 fioat: use carban-ui
Figure 5o. Repository Allview-frontend
“« C @ bitbucketorg/aliview-euproject/athview-recommender-systemysic/master/ T - 4
alliview-recommender... allyiew a
allview-recommender-system Invite Clone  +=
£»  Source Hure's where you'll find this repository's source files. To give your users an idea of what they'll find here, add a description o your repesitory.
& Commits
Iy master v Files | Filter files Q
Ir  Banches
19 Pull requests M/
© Pipelines Name Size  Last commit Message
7! Deglonprts gitignare 698 2021-11-30 chare: update gitignore
P —— B READMEmd 811B  2021-12-23 chore: update readme
@ securty B envexample 688 2023-11-30 feat: create e examphe fle
B Downloads B requirements et TR 21-12-23 fixc add missing dependancy
£} Repasitory settings B training_providers candidates_leeywords ations py THIKE  2021-12-23 foat: recommend candidates to training provid.
B users_courses job_challenges content o S62KE  Gdaysage fixe rieniove duplicated recammendations
users_courses_jobs_skills_keywords_recommendations.oy 596KB 20211223 feat: recommend courses with the most deman...
B users_courses previous courses content recommendations py TOEKB 20211214 foat: introduce keywords chacking i the privi..
a users_courses_ratings_collaborative_recommendations py 553KB  2021-12-10 feat: jobs recommendations based on similar s..
B users_jobs_skills_content_recommendations.py A13KB  2021-12-14 feat: introduce keywords chacking in the previ_.

Figure 51. Repository Allview-recommender-system
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6. Conclusions

During the development of task 1.4, the main categories of AI/ML algorithms were analyzed,
identifying the most appropriated to be implemented in the ALLVIEW platform. There are a vast
quantity of Al/ML algorithms, but the key is on selecting the best depending on the platform
requirements. In this project, the platform that is being developed must include recommendation
about training courses, job positions offers and even candidates to those training courses and job
position offers. Based on that, RS classified as unsupervised learning algorithms have been
developed, including contend based and collaborative filtering techniques.

Moreover, the identification of ML techniques has been performed. Each type of recommendation
has been linked to a ML technique, also identifying the type of user, the recommendation
description, and an example of each one (remember Table 2). An algorithm has been defined and
described in detail for every recommendation, including a diagram in this report to facilitate
understanding. To sum up, the recommendations offered by the ALLVIEW platform by type of user
are:
v' To People users:
= Training courses based on user job challenges, using other similar user content and
their ratings.
= Training courses based on previous courses already done by the user.
* Training courses based on ranking made by other users with the same interests.
= Training courses demanded by companies, considering the skills included injob offers.
This recommendation is made to People users who do not have included any job
challenge or ranked any training course.
= Job position offers based on user profile skills. Ranking is not used.
= Learning paths based on user challenges and current user competences.

v To Training Provider users:
= (Candidates for attending training courses based on keywords from job challenges.
= Demanded skills to prepare new training courses.
= To Company users:
= Training courses for Companies' employees based on previous training courses done.
= Training courses for Companies' employees based on other users with the same
interests.
= (Candidate forjob position offers (based on skills required in job position offers).
= Toallusers:
= Top rated training courses.

After the definition of the ALLVIEW platform recommendations, an evaluation of the developed
RS has been planned. The evaluation of the ML techniques developed is essential before deploying
the platform, for that, a training data set and the expected output have been defined for every use
case. For each use case the results have been executed and included in this report to show the
correct performance of the ALLVIEW platform.
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Finally, once the identification of ML techniques has been made and the evaluation of the defined
recommendations has been validated, next step has been to plan the final deployment. It is also
important to remark that the source code developed has been allocated in a public repository,
commitmentincluded in the project description. The public repository selected is Bitbucket

The open-source code developed for the ALLVIEW platform has been organized as follow:

= Repository 1: allview-backend

= REST APl written in JavaScript using Nodejs and Expressjs
= Repository 2 allview-frontend

= Written in Vue using Vuetify and CarbonUI

= Repository 3: allview-recommender-system.

= Written in Python 3

About the deployment, the initial testing was performed on a UPCT server, due to technical
requirements, but the final deployment was performed on a hired Cloud solution. This report shows
a short comparison of the most popular Cloud solutions providers, setting DigitalOceanas the
platform selected for ALLVIEW platform.
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