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ABSTRACT

We present an evaluation of machine learning algorithms on a model
prepared by us for improving the recruitment processes of organizations.
The recruitment of candidates, being an important process for any
organization, entails the hiring of employees that would be best fit for the
job and ultimately beneficial for them. We have taken resumes of candidates
of an organization and extracted the attributes (namely academics,
qualifications, etc. to name a few) and assessed them according to a scale
and a corresponding scoring system to train our system so that the
candidates with the best scores can be shortlisted. We applied algorithms
like decision tree, support vector machine, multi-linear regression and
Bayesian ridge regression to train our system. Of all these the best results
were given by decision tree and support vector machine regression.
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CHAPTER 1
Introduction
The purpose of this research is to compare the performances of a system using
machine learning algorithms that will provide with a short list of recommended
resumes from the large number of resumes that will be given as input. However,
any of the machine learning based systems make their decisions based on some
strong assumptions, something they discern from the well-structured and
standardized previous data of the similar field that they have been provided with.
Similarly, in the early phase of our research we will be providing our system with
an ample amount of training data, about 500-600 evaluated resumes, which will
make it acquire relevant knowledge based on which it will be making the
recommendations. Our system will sort and search the training data and it will
correlate with the test results for checking the certitude of its preliminary
assumptions. In accordance with our working plan, so far we have developed a
specific model containing different functional blocks of the system and their sub
blocks within them. We have implemented and gotten results from different
algorithms giving different accuracies which help us determine which algorithm to
best use when using the system.

1.1 Objective
Recruiting is an important function in the process of human resource management,
as labor is seen as the more important ones from the factors of production. The
recruiting of the appropriate person is a challenge faced by most companies, as
well as the unavailability of certain candidates in some skill areas has long been
identified as a major obstacle to companies’ success [5]. With the increasing
amount of information, organizations need to evolve their way of handling the
recruitment process. Even though recruitment selection processes vary from
1

country to country or even organization to organization, there are similarities as
well. Suppose, when choosing a professor, a university would recruit someone who
was well-established in his field academically, which would mean, putting more
emphasis on his academics, publications, number of years taught more than his
extra-curricular activities. This method of selection is usually commonplace
practice for many jobs. This research idea is conducted in the context of
Bangladesh, the problem arises when the recruiting process gets a little skewed due
to societal stereotypes, an example would be a good CGPA would make a good
employee regardless the job. Although it has decreased somewhat, the problem still
persists in the form of the initial selection process starting with evaluating a single
factor rather than the multitude of attributes present in the candidates resume. This
ends up in resulting the lesser qualified candidates to be chosen or sometimes the
wrong ones. The system we plan to further develop is to give everyone a fair
chance to be chosen for the right job. To achieve this we have come up with a
method of scoring that evaluates each of the attributes according to a scale tailored
to the organizations requirements. After that the information will be evaluated by
the automated system that uses supervised machine learning algorithms to select or
shortlist the best amongst the candidates.

1.2 Methodology
The method of selection, usually commonplace practice for many organizations, is
very biased, especially in Bangladesh. We are trying to make the selection process
as unbiased as possible. We can achieve this by treating the different sections of
the resumes like experience, academics, training, etc. as a separate attribute. This
way it would be easier to scale and score them using machine learning algorithms,
which would be trained by data from previously employed candidates of the
similar jobs. Supervised machine learning algorithms like decision tree, SVM,
2

multi-linear regression and Bayesian Ridge regression are used to teach the system
and increase learning accuracy.

1.3 Thesis Outline
This thesis paper is divided into five chapters. The outline of each chapter is given
below.
Chapter 1 introduces our topic; describe the objective, i.e. our motivation behind
our work and the methodology used.
Chapter 2 presents the relevant works we have studied to come up with our own
model.
Chapter 3 describes the feature extraction, selection, scaling and how we used that
to create the basis for our model.
Chapter 4 discusses results and comparison of the algorithms we used.
Chapter 5 is the conclusion and future work. Here we summarize our idea and
provide the scope for improvement in the future.
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CHAPTER 2
Literature Review
In this chapter we discuss the research we have done, and give and overview of the
tools we used.

2.1 Machine Learning
Machine learning is about learning from data and making predictions and/or
decisions. Usually we categorize machine learning as supervised, unsupervised,
and reinforcement learning. In supervised learning, there are labeled data; in
unsupervised learning, there are no labeled data; and in reinforcement learning,
there are evaluative feedbacks, but no supervised signals. Classification and
regression are two types of supervised learning problems, with categorical and
numerical outputs respectively. Machine learning is based on probability theory
and statistics [25] and optimization [26], is the basis for big data, data science, data
mining, information retrieval, etc. and becomes a critical ingredient for computer
vision, natural language processing, robotics, etc.
Machine learning is a subset of artificial intelligence (AI), and is evolving to be
critical for all fields of AI. A machine learning algorithm is composed of a dataset,
a cost/loss function, an optimization procedure, and a model [27]. A dataset is
divided into non-overlapping training, validation, and testing subsets. A cost/loss
function measures the model performance, e.g., with respect to accuracy, like mean
square error in regression and classification error rate. Training error measures the
error on the training data, minimizing which is an optimization problem.
Generalization error, or test error, measures the error on new input data, which
differentiates machine learning from optimization. A machine learning algorithm
tries to make the training error, and the gap between training error and testing error
small. A model is under-fitting if it cannot achieve a low training error; a model is
4

over-fitting if the gap between training error and test error is large. A model’s
capacity measures the range of functions it can fit.

2.2 Related Work
Through our long study about similar type of research works that have been done
by now, we have learnt that there have been a significant amount of
recommendation systems been built regarding different topics and problems. In
this section, we will be trying to highlight some of those works and techniques that
have been used and which are some way related to our work.
First of all, as the measure of information grows, a recommendation framework is
important to help coordinate the right applicant with the correct job. To do as such,
recommendation methods, for example, content-based sifting and collaborative
filtering also crossover methodologies can be applied [13].

Collaborative filtering has been one of the most effective methods regarding
making certain recommendations. Through collaborative filtering the system
recommends user products of similar sort that they like some time before.
Interaction based recommendation systems can be some good examples of systems
that use collaborative filtering [15]. Collaborative filtering based systems collect
user ratings about different items of certain field. While recommending a certain
item collaborative filtering systems prioritize other user`s opinions too. For
example in case of movie recommendation collaborative filtering systems try to
find out similar type of users that are preferring movies that are closely related or
of similar genres, then whenever they encounter a user of that same type, it
recommends movies that have been liked by the same kind of users previously.
There remains a big number of techniques associated with collaborative filtering,
but we would like to mention Memory based Approaches and Model based
Approaches [17].
5

Recommendation systems that use the Memory based collaborative filtering
techniques analyze the users and all the items continuously for being able to make
the perfect recommendation with better accuracy. These can be classified into
collaborative filtering, content based recommendation and hybrid systems.
On the other hand, Model based approaches uses some theoretical models that
represent the behavior of user rating. It does not user raw data for the prediction
purpose. Rather some model parameters are formed from the user rating dataset,
which the model uses for making the predictions. For example, two of the model
based approaches are Clustering and Bayesian Network which lead to some very
accurate predictions which really scalable and perfect [19].

Moreover, when collaborative filtering systems make their recommendations
mostly from what they have learnt from the responses of a group of similar users,
content based systems concentrate mostly on individual item information and omit
opinions of other users [18]. Content based approaches that have been used for
similar kind of machine learning analysis used to be dependent on keyword search
mostly. Though later on those got more upgraded and many statistical
methodologies have been introduced [14].

In the context of resume recommendation the name of hybrid systems should also
be mentioned. Hybrid system actually combines techniques from both
collaborative filtering and content based recommendations [18]. Hybrid systems
consider the choice preferences from both sides’ employers and the job seekers. It
recommends whenever it finds information from both side that are compatible with
each other`s preferences [16].

6

In some of the job recommendation systems, case based recommendation is used.
In these case based recommendations some set of features describe a specific job
where those features contain some well-defined values. The collection of jobs is
considered to be the case base where the jobs are represented by different features.
Through employing different similarity assessment measures the well-structured
jobs are compared with the many different user profiles. Whenever any of the user
profiles match with some jobs, those jobs get recommended [20].
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CHAPTER 3
Feature Selection and Scaling
Feature selection and proper scaling has been a very crucial factor in terms of
systems that function based on feature based machine learning algorithms. The
possibility of getting the most desired result mostly depends on choosing the right
and most relevant features or attributes in regards to the problem domain.
Moreover, feature selection is been a key factor when it comes to working with
huge datasets for different research purposes, it does not matter whatever the
domain it is in [1].

The mathematical operations and algorithms are run on the matrices that are
formed from the features or attributes of certain objects. From which the
predictions get generated. So, the result or final prediction the system provides us
with is directly related to the selection of relevant attributes. Relevance among the
features that have been selected is very important. In this regard, we should clear
out exactly what the term relevance refers us to. Relevance among features mean
that, if one of the features in a certain space is altered that will bring significant
change in the whole classification process including many other instances in that
system [2]. If it does not do so, that means that specific feature or attribute is not
closely related to that problem domain or we can say it is not relevant. Including
such irrelevant features to the system ends up with unnecessary feature redundancy
and further complexity [4]. We will be discussing about feature relevance and
feature redundancy in details later in this chapter.

Just selecting a number of good features does not necessarily provides assurance of
a good result, proper enumeration and scaling of those features also hold huge
8

significance. Proper enumeration of the selected features is also crucial. This is one
of the key parts of the preprocessing phase of working with any machine learning
algorithm using a large dataset. Once we standardize the features, the next step is
to weight those features. Then we look forward to revising those weights by
balancing among them and create the training and test datasets [3]. Fixing the
perfect weights for different features is a very sensitive task to be done. We need to
maintain a certain balance among the numerical values we assign to each of the
features. Large difference in weights of different features can confuse the
algorithm and may end up in a bad output. Following a fixed range of numbers for
weighting the features. Moreover, while measuring the numerical values for
different features, ranking and discriminating power of different features has to be
fixed either [5].

3.1 Feature Relevance
Selection of features that are relevant with the problem domain directly contributes
to the final result that gets produced by the system. Moreover, selected features
have to be have enough relevant with each other also so that changing one feature
causes significant change in the effect of another one. This relevance and relation
between optimal features is very crucially important for any system that works on
feature based concept. Most importantly, decision tree algorithms like ID3 [7],
C4.5 [8] or CART [6] these seemed to provide bad output with datasets that are
formed with irrelevant features.

Some of the definitions of feature relevance are based on assumptions that each
and every features are Boolean so that their remains no noise [9]. According to
that, suppose we have dataset D where there features are 𝜃1, 𝜃2, 𝜃3, 𝜃4. ..… … 𝜃n
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and the system works on concept C. Now, a feature 𝜃1 can be called relevant to that
concept if and only if that feature 𝜃1 appears in each and every Boolean formula
that is representing the concept C.

It can be defined in another way that allows the feature to have noise and to be of
multi-valued. Such definitions assume that the values of these multi-valued
features are varying systematically and they have some category membership [10].
According to that, a feature 𝜃1 can be relevant if and only if there exists a 𝜃2 and y
such that C(𝜃1 = 𝜃2) > 0 and C(Y = y | 𝜃1 = 𝜃2 ) ≠ C(Y=y). This definition states
that 𝜃1 can be called relevant if changing its value can change the estimates for the
class Y.

3.2 Feature Redundancy
The term feature redundancy refers to the concept of feature correlation. Two
features 𝜃1 and 𝜃2 can be called two of the redundant features if their numerical
values are totally correlated to each other [11].

In this regard, first of all we should introduce the term Markov Blanket. Suppose
we have a feature 𝜃I and suppose Mi⊂𝜃i( i∈/ Mi). Here Mi is known to be a Markov
Blanket if and only if
P (𝜃 −Mi − {𝜃i}, C | 𝜃i , Mi) = P (𝜃 −Mi − {𝜃i}, C | Mi)…………………….(1)
The Markov Blanket Mi assumes the information of the feature 𝜃I about the
concept C. Not only the feature 𝜃i, has it assumed the information of all other
features too [12]. Now to define feature redundancy we can say that suppose we
10

have a set of feature called S, a feature in it can be called redundant if and only if it
is weakly relevant and has a Markov Blanket Mi within that set of feature S.

3.3 Enumerations of features
While preparing the dataset for a system on which different machine learning
algorithms will be run the matter of enumeration of the features plays a key role.
Machine learning algorithms like SVM can provide very bad result if it finds too
large differences among the feature values in the dataset. Because while
minimizing the cost function through gradient descent the large differences among
features make it very difficult for the algorithm to reach the best possible result.
The gradient takes very long time to get the optimal solution and in fact in most
cases it does not reach that solution. That is why as part of the preprocessing phase
it is very important to fix a certain range of number values that will be used for the
enumeration of features.

For this system of ours we enumerated the selected features in such a way so that
all the features are getting weights which are similar to each other. We fixed the
numbers from the range -1 to 1 to be allocated to the features. Which will ensure
each of the features are getting values that are essentially in the same range of
values with the other features. Now while the minimizing the cost function the
gradient will be able to have much more straight path to look for the optimal result.

A feature with a numerical value of 1 means it is in its maximum value, while -1 to
refer to the minimum. The steps of increasing and decreasing the value are kept
variable regarding specific features and their rank in respect to the concept of the
problem. We considered to take the floor value of a certain feature if it tends to go
beyond the ceiling that is fixed to 1. Unavailability of any information about a
11

certain feature will make the numerical value of that feature to be 2 which is
referred to the system as null.

As we designed the system considering the recruitment of university teachers, so
the features we have selected are closely related with the academic domain. We
selected ten major features to be used for generating the prediction which are
academics, CGPA, experience, training, professional certificate, publications, skill,
English language proficiency, extracurricular interests and availability.

3.3.1 Academics
The feature academics is scored from the institutional background and degrees that
a candidate has earned. We have considered the rankings of the institutions that the
candidates got the degrees from. For this we used the official ranking of
universities provided by University Grant Commission Bangladesh.

For each of the post graduate level degrees we added 0.3 to the feature value. In
case of post graduate degrees we have omitted institutional ranking for avoiding
further complexity for this prototype system. But while scoring bachelor degrees
the score is measured according to the official university ranking provided by the
University Grants Commission Bangladesh. If the candidate has completed his or
her bachelor degree from a university ranked from 1 to 5 that person gets a score of
0.5 out of 1 in his academics feature. If the ranking is 6 to 10, 10 to 20 they get 0.4
and 0.3 subsequently. In case of ranking below 20 the score is 0.2. Candidates with
a master’s degree gets 0.3 added to the score of their bachelor degree, which is
allocated score for masters. The total becomes the final score for the academics
feature.
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For further illustration we would like to explain with an example. Suppose, a
candidate has completed his bachelor degree from BRAC University and he also
has a master’s degree. Now from University Grants Commission Bangladesh we
find that BRAC University has a ranking of fourth in Bangladesh that means the
candidate is getting full 0.5 score for his bachelor degree. Moreover, as he also has
masters 0.3 will get added to that 0.5. So,

The value of his academics feature = Score from Bachelor degree + Score from
Master’s Degree
= 0.5 + 0.3 = 0.8 (out of 1)……………….(2)
The final score of the academics feature for that candidate is 0.8 out of 1.0 If he did
not have any master’s degree the score would be only 0.5, then that extra 0.3
would not get added.

3.3.2 Cumulative Grade Point Average
Scoring the CGPA is much simpler. As maximum CGPA possible is 4.00 we
considered that to be 1 under our scoring range, which is the maximum. Any other
CGPA in the scale of 4 is converted to our scale of 1.
For instance, a candidate with CGPA 4.00 gets maximum score of 1 added to his
CGPA feature. If the CGPA was 3.5 then the score would be,
Score = 3.5 / 4 = 0.875
So, here the CGPA 3.5 out of the scale of 4 has got converted to 0.875 which is out
of 1.
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3.3.3 Experience
For the feature experience there we have created six specific criterion for scoring
according to the years of experience a candidate has got. The table below
represents that criterion.
According to the above given scale, a fresher candidate gets the minimum score
which is -1 according to our range of values. A candidate with experience of more
than 8 years gets the maximum score which is 1. Except the score -0.75 for less
than 2 years of experience, in case of all other intervals the score changes with a
step of 0.5.
Number of years of experience

Score

No experience ( Fresher )

-1

Experience < 2

-0.75

2 < experience <= 4

-0.5

4 < experience <= 6

0

6 < experience <= 8

0.5

Experience > 8

1
Table 3.3.1: Scoring criteria for experience

14

3.3.4 Skill
We have set the scoring policy depending on the types of CVs that we have come
across. Candidates that have mentioned about more than three skills, we fixed it to
score their skills feature to be maximum that means 1. But, those who have
mentioned three or less, then there we considered the degree of their skills in those
areas or subjects. Which is given below.
Good

Very good

Excellent

0.1

0.2

0.3

Table 3.3.2: Scoring criteria for skills

According to this criteria, suppose a candidate has mentioned about three skills MS
Word, MS Excel and PowerPoint. Consider the table below as an example,
Skill

Good

Very Good

MS Word

√

MS Excel

√

Excellent

√

Power Point
Table 3.3.3: Skills as displayed in the given resumes

From the above skills and their degrees mentioned by a certain candidate if we
calculate the score,
Score = MS word (Very good) + MS Excel (Very Good) + Power Point (Excellent)
= 0.2 + 0.2 + 0.3
= 0.7

15

3.3.5 Publication and Training
In case of the features like training and publications we have considered the
number of training programs a particular candidate has attended and the number of
publications they have made. We focused mostly on the numbers rather than
anything else. For each of the publications that a candidate has made 0.2 gets
added to the publications feature. For example, someone with 4 publications get a
score of 4 * 0.2 = 0.8. Just same as that for each of the training programs attended
a candidate gets same score 0.2. A candidate with 5 trainings attended gets a score
of 5 * 0.2 = 1.

3.3.6 Language Proficiency
For the enumeration of the feature English language proficiency we considered the
IELTS score to be the most standard scale to measure with. An IELTS score of 7
or more is taken as the maximum value 1 for this feature. If it is less than 7, then
the feature value gets curbed according to the scale of 1.
For instance, if a candidate has an IELTS score of 7 then it adds 1 to the feature
English Proficiency, where 1 is the maximum. If there is some other candidate that
has a score of 6.5 then the score is,
Score = 6.5 / 7 = 0.92.
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3.3.7 Availability and Extracurricular Activities
The feature availability is comparatively simpler to be discussed. It indicates
whether the candidate is currently available or is not in any job right at that
moment. The scoring is done in a discrete manner. If the candidate is available the
score is 1 and if not it is given -1. These are the features that we have found out to
be most relevant relating to the problem domain. As we have hardly come across
resumes that have mentioned about extracurricular activities in them, so we
decided to score it in a discrete way. If there is any candidate that has mentioned
about his / her extracurricular activities we have scored with 1, if not then -1.

3.4 Feature Ranking
While building this prototype system we have considered the system will
recommend university teachers for a certain university. In this regard the user is
the university human resource management department who will be sorting out the
resumes. As we our considering a domain that mostly concentrates on academic
factors, we have set the feature ranking mostly according to that. The ranking of
the features are given below.
● Academics
● Experience
● Publication / Training
● Skills
● Availability
● English Proficiency / Extra-Curricular Activity

17

3.5 User Rating
Though we have received a number of resumes from BRAC University as part of
the research purposes, it was difficult to know the actual policy of how the
university rate the candidates through the resumes and choose the perfect candidate
because of confidentiality issues. That is why we fixed a certain experimental
policy of choosing the candidate and made a rule of how the users may rate
different resumes.
For this user rating purpose we have fixed a scale of 5.That means the user will
score a certain candidate out of the number 5 based on that candidate`s different
credentials.These 5 points are divided among all the features, where the percentage
of the total rating point a feature gets depends on its ranking among all the other
features. Score allocated according to the feature ranking is given with Table 3.5.1.
Feature Label

Points allocated ( out of 5 )

Academics

2

Experience

1

Publications / Training

0.5

Skills

0.5

English Proficiency

0.25

Availability

0.5

Extra-Curricular Activity

0.25

Total

5
Table 3.5.1: Rating criteria for features
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3.5.1 Academics
For the feature academics, 2 out of 5 from user rating point is allocated. In the
dataset, if a certain candidate has a score of 0.5 or less as their academics feature
value, then the user adds 1 to the user rating point. If it is greater than 0.5 but less
than 0.8, 1.5 is added. In case of more than 0.8 the candidate gets full point 2
which is allocated for the feature academics. Table 3.5.2 shows the rules followed.
Scale points

Points awarded ( out of 2 )

<0.5

1

0.5 =< P <= 0.8

1.5

>0.8

2
Table 3.5.2: Rating criteria for academics

3.5.2 Experience
The experience feature is allocated the score of 1 out of 5 from the total user rating
point. There are five different divisions according to the years of experience a
particular candidate has got. The score starts from 0.2 ends at 1 which is the
maximum, with a step of 0.2.
For a fresher candidate no score is added to the user rating point but for a candidate
that as experience more than 8 years gets the full point 1 added to the user rating.
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Experience

Points awarded ( out of 1 )

Exp<= 2

0.2

2 <Exp<= 4

0.4

4 <Exp<= 6

0.6

6 <Exp<= 8

0.8

Exp> 8

1
Table 3.5.3: Rating criteria for experience

3.5.3 Publication and Training
Publications and Training features got 0.5 out of 5 been allocated to their user
rating point. Candidates with one or two publications get 0.2 and 0.4 out 5 added to
their user rating point subsequently. Those who have more than three publications
get the full 0.5 that is been allocated for this feature added to the user rating point.

Scale Points

Points awarded ( out of 0.5 )

1 publication ( 0.2 )

0.2

2 publication ( 0.4 )

0.4

3 or more publications

0.5

Table 3.5.4: Rating criteria for publication and training
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3.5.4 Skills
Skills feature is allocated with 0.5 of 5 from user rating point. Where the score
starts from 0.05 and the maximum is 0.5. If the feature skills in the dataset has a
value 1 then the user rating point is maximum which is 0.5. In the opposite way,
skills feature with value with lowest 0.1 gets 0.05 added to user rating. The point
increases with a step of 0.05. It is shown in Table 3.5.3 in page 21.

Skill Feature Value

Points awarded (out of 0.5 )

1

0.5

0.9

0.45

0.8

0.40

0.7

0.35

0.6

0.30

0.5

0.25

0.4

0.20

0.3

0.15

0.2

0.10

0.1

0.05
Table 3.5.5: Rating criteria for skills
21

3.5.5 Others
English proficiency is allocated with 0.25 out of total 5 of user rating. Here,
candidates with an IELTS score of 7 or more gets full of 0.25 to their user rating
point. Anybody with a score of less than 7 gets their user rating curbed according
to the scale of 0.25. The user rating point of the availability and extracurricular
activities feature is scored is given based on some Boolean decision. If a candidate
is available on that period of time he gets 0.5 added to the user rating point that is
allocated for the availability feature, if not available 0 is added. Just same as that, if
someone mentioned about their extracurricular activities in the resume they get
0.25 added which is the maximum that has been allocated for this feature,
otherwise they get 0.
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3.6 Figures of Sample Resume and Dataset

Figure 3.6.1: Sample CV 1st page
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Figure 3.6.2: Sample CV 2 nd Page
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From the formatted CVs we were able to prepare the following dataset, as shown
in Figure 3.6.3 below, using the scaling and scoring system we discussed in this
chapter.

Sample of dataset prepared:

Figure 3.6.3. An Example figure.
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CHAPTER 4
Experimental Setup and Analysis
4.1 Dataset Initialization
First we setup the initial training and testing data as shown in the figure below

Figure 4.4.1. Dataset Initialization.
Then we train the data sets using the four algorithms we chose,

Figure 4.5.2. Dataset Initialization.
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After that we predict the outcomes,

Figure 4.6.3. Dataset Initialization.

4.2 Algorithms Used
4.2.1 Decision tree:
Decision trees are a part of supervised learning algorithms. It can be used to solve
both regression and classification problems. A decision tree is a graphical
representation of possible solutions to a decision based on certain conditions:
a. Place the best attribute of the dataset at the root of the tree.
b. Split the training set into subsets. Subsets should be made in such a way that
each subset contains data with the same value for an attribute.
c. Repeat steps a and b until you find the leaf node of all the branches.
Algorithm:
def decisionTreeLearning(examples, attributes, parent_examples):
if len(examples) == 0:
return pluralityValue(parent_examples
# return most probable answer as there is no training data left
elif len(attributes) == 0:
return pluralityValue(examples)
elif (all examples classify the same):
return their classification
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A = max(attributes, key(a)=importance(a, examples)
# choose the most promissing attribute to condition on
tree = new Tree(root=A)
for value in A.values():
exs = examples[e.A == value]
subtree = decisionTreeLearning(exs, attributes.remove(A), examples)
# note implementation should probably wrap the trivial case returns into trees
for consistency
tree.addSubtreeAsBranch(subtree, label=(A, value)
return tree
Advantages:
a. Decision trees require relatively little effort from users for data preparation.
b. Nonlinear relationships between parameters do not affect tree performance.
Disadvantages:
a. High Variance - The prediction model gets unstable with a very small
variance in data.
b. A highly complicated Decision tree tends to have a low bias which makes it
difficult for the model to work with new data

4.2.2 SVM:
A Support Vector Machine (SVM) is a supervised machine learning algorithm that
can be employed for both classification and regression purposes. It is based on the
idea of finding a hyperplane that converts a dataset into two classes. Hyperplane
can be refer to a line that linearly separates and classifies a set of data and Support
vectors are the data points nearest to the hyperplane.

Distance between the

hyperplane and the nearest data point from either set is known as the margin. The
aim is to choose a hyperplane with the greatest possible margin between the
28

hyperplane and any point within the training set, giving a greater chance of new
data being classified correctly.
Algorithm:
add (xc, yc) at the trainingset
set qc = 0
compute f(xc) and h(xc)
if (|h(xc)| < e)
add newsample to the remainingset and exit
compute h(xi), i=1..l
while (newsample is not added into a set)
update the values b and g
find least variations (lc1, lc2, ls, le, lr)
find min variation dqc = min(lc1, lc2, ls, le, lr)
let flag the case number that determinates dqc
(lc1=1, lc2=2, ls=3, le=4, lr=5)
let xl the sample that determines dqc
update qc, qi, i=1..l and b
update h(xi), i î e èr
switch flag
(flag = 1)
add newsample to supportset
add newsample to r matrix
exit
(flag = 2)
add newsample to errorset
exit
(flag = 3)
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if (ql = 0)
move sample l from support to remainingset
remove sample l from r matrix
else [ql = |c|]
move sample l from support to errorset
remove sample l from r matrix
(flag = 4)
move sample l from error to support
add sample l to r matrix
(flag = 5)
move sample l from remaining to supportset
add sample l to r matrix
Advantages:
a. It has a regularization parameter, which makes the user think about avoiding
over-fitting.
b. It uses the kernel trick, so you can build in expert knowledge about the
problem via engineering the kernel.
Disadvantages:
a. Picking a good kernel function is difficult.
b. Long training time on large data sets.

4.2.3 Multi-Linear Regression:
Multiple linear regression uses many input variables and the create relationships
among them. In multiple linear regression, not only the input variables are
potentially related to the output variable, they are also related to each other, this is
referred to as multi co-linearity.
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The model for the multiple linear regression,
f(X) = a + (B1 * X1) + (B2 * X2) … + (Bp * Xp)……………………………….(4)
Here, input variables = X,
Specific input variable= Xp,
Coefficient (slope) of the input variable, Xp = Bp,
And intercept= a
In, Simple linear regression it uses one-to-one relationship between the input and
output variable. But in multiple linear regression, there is a many-to-one
relationship as it uses multiple input variable.
Algorithm:
Got a bunch of points in R^2 , {(x i , y i )}.
Want to fit a line y = ax + b that describes the trend.
We define a cost function that computes the total squared error of our predictions
w.r.t. observed values y i J(a, b) = P(ax i + b − y i ) 2 that we want to minimize.
See it as a function of a and b: compute both derivatives, force them equal to zero,
and solve for a and b.
The coefficients you get give you the minimum squared error.
Can do this for specific points, or in general and find the formulas.
Advantages:
a. Ability to determine the relative influence of one or more predictor variables
to the criterion value.
b. The ability to identify outliers, or anomalies.
Disadvantages:
a. At the most basic level, like most other methods of multivariate statistical
analysis MR works by rendering the cases invisible, treating them simply as the
source of a set of empirical observations on dependent and independent
variables
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b. Multi co-linearity, i.e. the danger of including several terms in the equation
that are well correlated is that we will effectively be using the same x variance
more than once to explain variance in y.

4.2.4 Bayesian Ridge:
Bayesian ridge is used to estimates a probabilistic model of the regression problem.
The prior for the parameter w is given by a spherical Gaussian:
…………………………………………………..(5)
The conjugate prior for the precision of the Gaussian over

and

are chosen to be

gamma distributions. The resulting model is called Bayesian Ridge Regression,
and is similar to the classical ridge. The parameters , and

are estimated jointly

in the time of fitting of the model. The remaining hyper parameters are the
parameters of the gamma priors over and .
Algorithm is similar to linear regression, with the exception of inclusion of a
prior/posterior probability.
Advantages:
a. Bayesian learning involves specifying a prior and integration, two activities
which seem to be universally useful.
b. Bayesian inferences require skills to translate subjective prior beliefs into a
mathematically formulated prior. If you do not proceed with caution, you can
generate misleading results.
Disadvantages:
a. It is not a separate algorithm but a statistical approach with inference.
b. It provides a convenient setting for a wide range of models, such as
hierarchical models and missing data problems.
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4.3 Experimental Results
Using the algorithms discussed in the previous section, we acquired the results in
the Table 4.3.1 below
From table below we can deduce that SVM and Decision Tree algorithms provide
the best results. Although the Decision Tree give a higher percentage than the
SVM algorithm, we would recommend SVM. This is due to the reason that a
decision tree starts the process of building a tree from scratch every time the
algorithm is called but with a different root node and hence gives more volatile
results as well as being more prone to over-fitting as the complexity of the dataset
increases.
Algorithms

Decision Tree

SVM

Bayesian

Multi-Linear

Ridge
Accuracy

98.787%

90.592%

74.875%

74.943%

Table 4.3.1: Accuracies Obtained.

4.4 Challenges
The idea of data analysis and machine learning is quite new. Most work done on
machine learning and data analysis out there have created their own dataset,
algorithm, formatting data of their own. There is no generalized rule or formal
criteria for the process. During our thesis we faced some challenges. First of all, as
our thesis is on “Performance Analysis of Machine Learning Algorithms in
Résumé Recommendation” so we need a large number of resumes. But to get this
amount of resumes we faced lots of problems because most of organizations
denied to give us their employee resume for research due to confidentiality clauses
as some organizations maintain strong confidentiality about their employee’s
information. So to get these 500-600 resumes we maintain so many criteria to
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ensure confidentiality of this resumes that we use this only on research purpose.
Secondly, the resume we got from several organizations were not formatted data
and scaling of that unformatted data was very challenging as there is no generalize
scale or formatting process in this type of research so we have to build our own
scale and data format. According to scale and data format we build our own data
set which is a very time consuming and work of patience.
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CHAPTER 5
Conclusions
5.1 Conclusion
To conclude, we discussed about a model we planned to develop for a resume
recommendation system and the performance analysis of the algorithm. Along with
that we explained how a resume system works, its function, algorithms, dataset etc.
We researched on some of the existing algorithms by which we got the best
possible outcomes. Using the scoring of resumes we came up with, the
recommendation system which can be used for any kind of job recruitment
process, as the organization will be able to alter the scale to their needs. Our main
purpose was to find the best algorithm to establish a prediction of the best solution
from the accuracies provided using data analysis and machine learning approach
based on our dataset, the model we created, i.e. the scoring system and existing
algorithms.

5.2 Future Work
In our thesis, we presented an evaluation of machine learning algorithms on a
model prepared by us for improving the recruitment processes of organizations. At
this point of our thesis, we analyzed some popular algorithms and ran simulations
on our dataset so that we can recommend the best algorithm to use. We manually
took inputs from resume and trained the machine using the algorithms. In the
future, we want to build a system that can automatically take input from resume,
by means of a formatted resume and train itself. Moreover we have interest in a
hybrid recommendation system which will have more function and features such as
weighted, switching, mixed, feature combination, cascade, feature augmentation,
and model which can perform better than other approaches.
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