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Abstract. Candidate selection platforms have been widely used in com-
panies that seek agility in the process of hiring. Candidates who do not
meet the requirements of a job vacancy are disqualified in the first step,
called screening. This stage has been automated due to the large vol-
ume of curriculum vitae (CV) of candidates per vacancy, particularly for
internship vacancies. As a consequence, candidates receive little to none
feedback and do not know how to improve/optimize their CVs for new
applications. The goal of this paper is to realize the curriculum vitae
optimization (CVO) process for internship vacancies by implementing
a recommendation system that given an undergraduate student CV, it
suggests the addition of relevant keywords, taking into account the stu-
dent’s undergraduate course. This system is implemented based on the
clustering of CVs keywords, from an internship recruitment private com-
pany database, into profile groups which are linked to internship vacan-
cies. The experimental results showed that recommendations improved
students CVs similarity (competitiveness within a specific field) from
18.83%, with 3 keywords recommendation, up to 50.67%, with 10 words.

Keywords: Clustering - Curriculum Vitae Optimization - Keywords
Recommendation

1 Introduction

The undergraduate student career starts with an internship, where they can
practice the skills learned at the university. However, there is an increasing com-
petition for internship vacancies, in which students are first evaluated by their
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curriculum vitae (CV) [14]. However, crafting a CV is not an easy task, partic-
ularly in online recruitment. Each CV can be seen as a webpage and requires
the careful use of relevant keywords to be better ranked in recruitment search
engines such as Linkedin. This process is similar to SEO (search engine optimiza-
tion) techniques for improving website ranking on search engines. We thus call
the process of improving CVs in this context CVO (curriculum vitae optimiza-
tion) [15]. Most online services for internship applications are focused on making
it easier and efficient for companies recruiters to identify potential candidates
instead of helping undergraduate students improve their CVs, increasing their
odds of being invited for an internship interview.

This problem has been identified in previous work such as [6], the majority
of recommendation systems focus on job search services and simple recommen-
dations, ignoring the specific needs of undergraduates seeking a first job oppor-
tunity. Those students usually do not have any professional experience and the
required skills for a full job position. One way used by authors was to propose a
system that uses the student grade in university combined with machine learn-
ing algorithms to find the best match between students and internships. On the
other hand, to find similarity between profiles, [16] focuses his research on calcu-
lating the similarity between two profiles where values of shared characteristics
are extracted and clustered for a specific job position. Both approaches are aimed
at classifying skills according to the job position rather than providing feedback
for candidates on how to improve their CVs.

This paper aims to realize the curriculum vitae optimization (CVO) process
for internship vacancies by implementing a recommendation system that gives an
undergraduate student CV; it suggests the addition of relevant keywords, taking
into account the student’s undergraduate course. This system is implemented
based on the clustering of CVs keywords, from an internship recruitment private
company database, into profile groups that are linked to internship vacancies.
It enables undergraduate students to improve their CVs using skill recommen-
dations and feedback to achieve effectiveness in an internship job. The profile
groups were able to cluster students into 9 groups, covering the most popular
undergraduate courses. The recommendations improved students’ CVs similar-
ity (competitiveness within a specific field) from 18.83% with three keywords
recommendation. The main contributions are listed below:

1. We developed a methodology using machine learning-based clustering and
classification techniques with similarity functions are used to enable the
undergraduates to understand their CVs.

2. The use of NLP techniques focused on undergraduate students, not on the
recruitment process.

3. The recommending CVs keywords made it possible to know the level of an
internship candidate’s resume about its competitors and enable undergradu-
ate students to improve their CVs.

The rest of this paper is organized as follows. In Sect. 2, the Related Work
is presented. In Sect.3, there is the Methodology. Next, Sect.4 presents and
analyzes the Experimental Results. This paper is concluded in Sect. 5.
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2 Related Work

This section presents the related work regarding candidates skills selection, clus-
tering techniques and recommendation systems for job positions.

2.1 Candidate Skills Selection

According to [9], The skills selection of a candidate for a vacancy is determined
by two aspects: the technical aspect, known as hard skills, and by the personal
aspect, known as soft skills. This second determines the motivational aspects of
an individual, generally ignored in selection systems, since such systems correlate
job requirements with candidates’ hard skills. However, looking for these char-
acteristics, recruiters use recommendation platforms to group characteristics in
job positions. Also, the authors have innovated using the concepts of gamifica-
tion and crowdsourcing to rank candidates according to job requirements but
selecting deterministic characteristics, such as Sex and Age, that reduced the
diversity of the database.

The work of [16] emphasizes the importance of pre-processing the character-
istics before associating the candidate with others. The authors highlighted three
steps for the correct selection of profiles. The first step is screening, removing
insignificant records, in some cases with too many missing values or with a slight
variation to be helpful. The second is the classification of attributes, allocating
the established importance of each attribute. The third step is the selection that
identifies the cluster of resources to apply subsequent models. This pre-processing
allows to focus on the relevant parts of the data and improve the algorithm’s
capacity. The paper focused mainly on job positions and not candidates.

In [8], the authors used the NLP (Natural Language Processing) to extract
the words of a resume. It was possible to load single or multiple resumes into the
program and convert them into a standard text format which is later analyzed
for the necessary information. The Extracted data is organized in a defined
standard format to be later downloaded in CSV format. As a result, the authors
classified the primary data of the candidates into their standard text format with
processed and clean text. In [19], IBM created a platform for internal transfer of
professionals in positions at IBM, statistically measuring employees who could
or could not be transferred based on the keywords of their CVs. This search was
done by using the experience taxonomy of the positions with the requirements
of the jobs. Although they used keywords of skills like “Cisco certification” to
correspond the employee with the job positions, these authors did not use any
techniques to calculate the correspondence between profiles. A taxonomy was
also used by [5] that created a recommendation system of job positions using
profile data from Facebook and LinkedIn. The researchers used the statistical
technique of frequency inversion TF-IDF combined with the SVM algorithm to
search jobs for people with similar interests.

In the selection of characteristics, the difference of this research among the
others is the focus of intern profiles that, in the majority, do not have pre-defined
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experiences. The database diversity is also considered to avoid bias, so charac-
teristics such as sex and age are not established in the private database used.
The unprecedented steps in [16] and [8] are relevant in this research, with the
difference of the focus being not vacancies but intern profiles. Finally, statistical
measures are also used as applied on [19] and [5].

2.2 Clustering of CVs

The second step after selecting characteristics is to find similarities between pro-
files that share common characteristics. This similarity can be achieved through
the technique known as clustering [16], specifically Text clustering, which is an
unsupervised machine learning technique [11].

In [18], clustering algorithms such as K-Means, fuzzy C-Means, and classi-
fication were used to understand which attributes are most determinant in the
selection of recently graduated candidates. The results showed that classifica-
tion algorithms like Decision Tree had better accuracy than the other algorithms
when evaluated separately. However, the combination of clustering algorithms
with classification algorithms was not evaluated for profiles. In this same context,
[7] combined the use of classification and clustering algorithms to predict the
academic performance of students. The authors highlighted the importance of
these techniques for the decision-making process and used the Confusion Matrix
and ROC curve to verify which students would possibly have better academic
performance in the exams.

The research of [6] used the student historical academic data to find intern
positions according to the grades of students at university. The system reads the
academic data of the university candidate for the position, evaluates the profile,
and presents positions opened by companies in this same system. The proposed
algorithm involving probabilistic neighborhood selection and clustering of prior-
ity k-Medoids (a K-Means partition) are used to help improve the accuracy and
diversity of recommendation results.

To segment, a large amount of big data job recruitment information, the
work of [4] combined with stuttering word segmentation and regular uses K-
means text clustering to divide big data jobs into ten different categories (using
the sum of squares method) and explore the needs of big data jobs. As a result,
the actual perspective of the big data industry was presented, especially about
the experience level of job positions.

In clustering of CVs, the contribution of this research compared to other
works is the identification of the profiles clusters based on the classification of
the characteristics that generate the clustering of the approved candidates and
the similarity of the skill set of the candidate’s profile. Therefore, a cluster that
generates a significant distance from the profile to the internship position through
the keyword trend should be shared with the candidate for possible change or
adaptation of this tendency CV.
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2.3 Recommendation Systems

Recommendation Systems were developed through a set of tools and techniques
that give suggestions to a user about specific items that can be of their inter-
est [10]. According to [21] in their research, the concepts among recommen-
dation systems involve the Target User, the Desired Profile, and the similarity
between these entities. Once these entities are identified, the research highlighted
three different types of recommendation systems such as Collaborative Filtering
Recommenders (CFRs), Content-Based Recommenders (CBRs) and Knowledge-
Based Recommenders (KBRs), which is the concept of development of a recom-
mendation system.

Using Content-Based recommendation systems, in [1], the objective of the
research was the recommendation of candidates for job positions by quantifying
the suitability of a candidate for a job through intervals. They used structured
and unstructured data in which each candidate received a value for each of the
required qualifications. Finally, according to the qualification, the candidates
were indicated or not to the job position using the distance of Minkowski. In
work proposed by [3], the authors focused on necessary and desirable skills (also
referred to as preferred skills) that are not identified by recommendation sys-
tems, such as different grades. Their research showed how plain keyword-based
vacancy-to-jobseeker matching might result in improper matching, which means
that it is essential to recommend skills that make sense with the candidate’s CV.

In order to find better accuracy in skill recommendation, some systems use
the combination of more than one machine learning model creating Hybrid Rec-
ommendation Systems (Hybrid Recommenders (HR)). In [12], were identified
necessary skills for allocating people in jobs using the combination of the algo-
rithms BayesMatch and NpBayesMatch models as recommendation algorithms
and associating with other members. Combining Machine Learning Classification
SVM algorithm and Content-Based Recommendation, [17] used Cosine Similar-
ity Index in their recommendation model to take the job description and CVs as
input and provide the list of CVs which are closest to a provided job description.
The proposed approach effectively captures the resume insights, their semantics
and yielded an accuracy of 78.53% with a linear SVM classifier.

In recommendation, the works focused on the indication of vacancies, not
worrying about the recommend of the profile of a candidate that did not pass
in a processor was no indication for a vacancy, for example. As [17], we used
Cosine Similarity Index but focused on the undergraduate students and groups.
In this work, we intend to characterize the groups in order to evolve them where,
in addition to the recommendation of skills to intern positions, we also provide
feedback, based on the keywords of the curriculum related to the hard skills of
the candidates.
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3 Methodology

This methodology section presents the techniques, database, and tools used to
cluster the profile groups by keywords and build the recommendation system.
Figure 1 shows the methodology. The remaining subsections follow this flowchart.

Ebow Method
Silhouette Method
K-means Cosine Similarity
Cluster Analysis Analysis Results
Data' Clustering Classification Experimental Recommendation
Processing Results System
1. Standardization and Division in Training and Testin:
Tokenization Comparison of Clgssification o Feedback Keywords
2. Stopwords removal Algorithms
3. Spell check 1. Random Forest
4. Stemming 2.SVM
TF-IDF: Calculation of 3. Decision Tree
Frequency of Terms 4. KNN
4. Naive Bayes

Fig. 1. Methodology steps from NLP to Experimental Results

3.1 Dataframe

The analysis of this research is focused on the keywords of undergraduate stu-
dents CVs focused on internship vacancies. The private dataset consists of a
database with user identifiers, courses, cities and keywords previously 163885
undergraduate students CVs from Brazilian universities (the database is in Por-
tuguese) available in JSON format by an internship recruitment company.

3.2 Data Processing

In the NLP stage, the preprocessing of the data was made. During this prepro-
cessing, the words were unified by a user, creating a single record for each user.
After this unification, the normalization step started.

In the normalization step, in addition to removing columns that contained
duplicate information, the vectorization process allowed the cleaning of words,
removing special characters and null records. In this stage, words like “turno”
(shift) and “habilidades comportamentais” (behavioral skills) were also removed
since the focus is on hard skills. The words related to the courses have been
removed since the objective is to seek as many skills as possible. This step was
reduced to 7202 candidates/CVs (rows) and three columns: User ID, Course,
and Standardized Keywords.
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The second stage of data processing was the removal of stopwords, which
are words that are considered irrelevant in a search. For example: “do”, “da”,
“0s”; generally used in names of courses and technologies such as “computer
science”, in this case “da”, is a stopword. In this step, the Python NLKT
library was used, and then all the stopwords from the Portuguese dictio-
nary were imported. The functions below were used to remove stopwords for
each record of each user: remove_stop_words(), remove_pt_br_char_by_text() and
replace_ptbr_char_by_word()

In the third step, stemming was performed, that is, given the set of words
from the corpus, the lexicographic parts of the terms are obtained. In short,
this generalizes the words, transforming each user’s words to a set of words
in common with other users. For example, the words “engenheiro”, “engen-
haria” (engineer), “engenheira” have the same radical “engenh”, so the algorithm
transforms these words into this single radical.

TF-IDF. After normalizing the data, the Term Frequency-Inverse Document
Frequency (TF-IDF) method was used, which calculates the frequency of a doc-
ument in the set of documents (corpus). Equation 1 shows its formula.

N
tfidfyqg =tfrqa-log — 1
J-idft.a =tft.a-log a7, (1)
tfidf: ¢ = Inverse frequency of the term in the document.
tft,a = Occurency of the frequency of the term ¢ in the document d.
N = Total number of documents.
df; = Number of documents with the term ¢.

The calculation was done by importing the TfldfVectorizer method, found
in the sklearn module (library also in Python). The result of this method was a
numerical set of the frequency of terms in each document. An essential point of
this stage was the use of bigrams; that is, a bigram is an n-gram for n = 2, this
means the composition of terms with two words like “banco dados” (database).

3.3 Clustering

In order to find the optimal number of clusters, two techniques were used: the
Elbow Technique (Elbow Method) [20] and the Silhouette [20]. Both were applied
in the range of 2 to 30 K values. Moreover, they demonstrated that after 9, there
were not many variations in the distance of the terms in the set. After obtaining
this optimum number, the K-means algorithm was used in the cluster, wherein
Fig. 2 the result of the clustering is presented.

Then, we analyzed the terms closest to the centroid, and we created a dic-
tionary of clusters with names that made more sense to the words found in each
cluster. The suggested names based on course names were: Generic Adminis-
tration; Accounting Sciences; Psychology; Civil Law; Web Development; Human
Resources; Generic Customer Service; Advertising and Journalism and Civil
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Fig. 2. Clustering result of profiles by each cluster (Color figure online)

Engineering and Production. Among the analyzed clusters, one in particular,
consisting of sets of words present in most of the others, however, without much
intensity. This cluster was called “Generic Administration” and can be seen in

dark blue in Fig. 2.

In Fig. 3, as the words get closer to the cluster center, the more related among
the profiles of that cluster they are and the larger the word size also in the
presentation. For example, in the “Civil Law” cluster, the radicals “tributari”

“civil” and “trabalh” are closer to the radical “direit”.

This means that resumes

of candidates for “Law” job positions have mostly these words highlighted.
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3.4 Classification

After the grouped dataset and the respective clusters, the data was divided
into 80% training and 20% testing using the module train_test_split from the
sklearn library of the python library to then classify the data. Five classification
algorithms were chosen for comparison: Random Forest [2], SVM [17], Decision
Tree [18], KNN [13] and Naive Bayes [7].

After the execution of the algorithms, two metrics were obtained, the Score
where the algorithm with the best classification performance was the SVM with
0.9269 according to Table 1 and the metric Accuracy, where the algorithm with
the best performance was also SVM with 94.71%. The accuracy metric was
obtained through the Cross Validation validation method, which consists of
assessing the generalization of the model. This metric was also used by [17]
to evaluate the performance of the models. All executions were performed on
the same training and test set in each algorithm.

Table 1. Classification Score and Accuracy of Execution Results.

Method Score | Accuracy (%)
SVM 0.92694 | 94.71
Random Forest | 0.90472 | 92.29
Decision Tree |0.81725 | 85.84
KNN 0.75963 | 77.24
Naive Bayes 0.65741 | 76.87

Once the classifier was chosen, in this case, using the SVM algorithm, the
profiles were classified. The generic cluster(“Generic Administration”) is the
largest one with 2591 CVs. This large size is due to the low variability of words
in the profile or words not very relevant to the cluster in question. These 9
clusters cover the majority of the profiles in the private base.

4 Experimental Results

After the model is trained and the CVs are classified, it is time to calculate the
distance of each CV to the clusters. Also, it is essential to understand the cluster
itself, which means the cluster’s relevance is due to vacancies.

4.1 Cosine Similarity

The 50 terms (remembering that the bigrams are involved) closest to the cluster’s
centroid were obtained to calculate the cosine similarity. This calculation is done
by comparing two vectors that evaluate the cosine value of the angle between
them. In this case, one of the vectors is the TF-IDF matrix of the 50 words
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closest to the cluster, and the other is the result of this matrix in vocabulary
resulting from the words of the CV itself in each record of the data set.

It was observed in Fig. 4 that the cluster with the largest interval is the “Web
Development” cluster. This means that this cluster has more adherent profiles
and more common words among them. In other words, their cosine similarity has
the highest levels. In contrast, the “Generic Administration” cluster has lower
levels of cosine similarity.
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Fig. 4. Box-plot distribution of the cosine similarity among the clusters.

Once the profiles had the cosine similarity calculated, the cluster similarity
was calculated with the words of internship vacancies found on job vacancy
sites on the web. These words passed through an intersection, considering only
the ones in the defined vocabulary. Using these vacancy words was created a
classification profile quality, and the result can be seen in Fig. 5.

Labels were assigned to facilitate the understanding of the similarity calcu-
lation. Bellow the following classifications were considered:

1. If the CVs have more than 50% similarity with the cluster, it is considered
“skilled.”

2. If the CVs are between 25% and 50% similar to the cluster, it is considered
“medium.”

3. If the CVs have less than 25% similarity, it is considered “inexperienced.”

For example, a profile with the words “sql sql sql banco dados banco dados
redes comp...”, with a similarity of 0.276385, has a profile considered “medium”
because it does not yet have the most important words for a specific area. This
is delivered as feedback to the student.
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Fig. 5. Distribution of profiles quality among the clusters

4.2 Recommendation System

Once a candidate has already been classified into a cluster, and the similarity
of cosine with the cluster was obtained, the result is the recommendation of
keywords. The recommendation is based on the most relevant words in the clus-
ter, that is, terms not present in the profile of the current candidate but are
present in the profiles of the best candidates. In addition, the recommendation
also presents feedback.

Result:
1 Cluster of profile
2. Distance of profile to cluster
< Words of 3. Quality of profile
Curriculum Recommendation | | 4 Recommended words
Vitae of System 5. Distance of profile to cluster
undergraduate after recommendation

Rank position in cluster
Message feedback

No

Fig. 6. Flow of undergraduate result feedback.

Figure 6 shows all the feedback that the model recommends, and Fig. 7 pro-
vides the complete feedback information for three different CVs. In these three
records, it is possible to observe the keywords extracted from the CV in the col-
umn “CV words”, the similarity of the cosine calculated with the words about
the cluster, and the quality of the profile.
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Fig. 7. Complete feedback results.

The first record shows a profile with an “inexperienced” category, which
although it has this qualification, this profile is the best within the “Accounting
Sciences” cluster with this qualification. Using a recommendation of 10 terms in
the first record, as shown in the column “CV words with recommendation”, it is
possible to notice that if this profile is improved. It can reach a medium-quality
profile, increasing the similarity from 0.2498 to 0.4322, according to the column
“Cosine similarity of profile after recommendation” as well as the other profiles
in the example had increased according to the word recommendation.

The last record in the example, on the other hand, shows a profile with a
medium quality, which with the new terms, can achieve a “skilled” category,
that is, suitable for vacancies, as shown in the “Message feedback” column. This
feedback message presents the candidate’s position according to his level and
encourages him to add recommended words. It is important to note that the
records for recommendation (6739) only involve profiles qualified as “inexperi-
enced” and “medium”.

In Table 2, it is possible to observe the percentage increase in cosine similarity
according to the recommendation of keywords for student CVs in each cluster.
The calculation of the percentage of increase was obtained from the average
similarity before and after the recommendation of keywords, according to the
columns. On average, all clusters had a significant increase when applying 3, 5,
and 10 keywords recommendations. It is important to note that the comparison
of these words from the CV and the recommended keywords were compared and
calculated with the 50 keywords closest to the centroid of each cluster, that is,
the most important keywords. Thus, the mean of the previous and following
clusters of the recommendation was obtained.
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Table 2. Result of recommendation with 3, 5 and 10 words in each cluster.

Cluster name Similarity Similarity Similarity
increase by |increase by |increase by
suggesting 3 | suggesting 5 | suggesting 10
words (%) | words (%) | words (%)

Generic Administration 62.41 99.99 146.24

Accounting Sciences 12.01 17.32 38.26

Psychology 15.78 24.93 33.86

Civil Law 27.37 49.62 77.22

Web Development 15.24 22.39 36.58

Human Resources 9.73 20.07 33.70

Generic Customer Service | 18.14 28.95 48.63

Advertising and Journalism | 13.77 21.55 42.36

Civil Engineering and Prod. | 32.62 57.83 86.32

Table 3. Result of general recommendation in clusters.

Recommendation Mean cosine | Mean cosine | Similarity increase
before after after keywords
recommend | recommend |recommendation (%)

Recommendation of 3 words | 0.289304 0.343768 18.83

Recommendation of 5 words | 0.289304 0.379977 31.34

Recommendation of 10 words | 0.289304 0.435906 50.67

Finally, Table 3 shows the Mean Cosine before and after a recommendation
and the similarity in percentage with 3, 5, and 10 keywords. The results were
positive with a minimum increase of 18.83% using only 3 terms, optimizing the
student’s CV.

5 Conclusion

The grouping of curriculum keywords brought up groups of profiles relevant to
the context of the undergraduate students. In addition, it was possible to evaluate
the classification of CVs in the groups generated by comparing different types of
algorithms, where the algorithm with greater precision was the SVM method. It
was possible to understand the distance of the profiles of undergraduate students
in each cluster and the distance of this cluster with the vacancies. The use of
clustering techniques allowed a reduction and optimization of comparisons of a
candidate’s profile with a vacancy.

The feedback for the inexperienced students, in terms of distance from a pro-
file considered “skilled”, made students aware of their CV competitiveness for
internships in their respective fields. Once the candidate is in a cluster that does
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not match his course, he is also informed of this profile trend. Another essential
piece of information is the student rank in a cluster. The experimental results
showed that recommendations improved students’ CVs similarity (competitive-
ness within a specific field) from 18.83%, with 3 keywords recommendation, up to
50.67%, with 10 words. It was also possible to provide a feedback message to the
candidate and qualification of his profile and ranking against other candidates.

As future work, it is intended to expand the dataset to find new profiles of
undergraduate CVs. Also, Deep Learning techniques can be implemented to find
more keywords and skills relevant to the profiles of students who are starting
their professional careers.
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