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ABSTRACT
The problem that we address here is given n job seekers and n job
offers, where each job seeker has ranked all job offers in order of
preference given by a suitability function, and vice versa; the goal is
to compute the minimum set of skills to be offered to the job seekers,
so that a) a global stable marriage between job seekers and potential
employers can be reached, and b) the degree of satisfaction for that
stable marriage might be maximum. To achieve this goal, we have
designed an iterative algorithmic solution that can be solved in
polynomial time. Additionally, we illustrate our solution with an
use case based on a numerical example.
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1 INTRODUCTION
In this context, a stable marriage model consists of a number of job
applicants and potential employers with strict preferences over a
possible labor relation. A stable marriage model is a matching of
the labor graph so that no job applicant and employer exists who
mutually prefer other than their current election to start an eventual
labor relation. Gale and Shapley proved that their algorithm always
finds such a matching model for any preference model of the parties
[8].
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In this work, we work over a variant of the Gale and Shapley’s
stable marriage problem. In fact, we focus on a job market whereby
n employers request a person holding a number of skills and compe-
tences, and n unemployed people offer their skills and competences
in order to get a job. We assume that it is more plausible for job
applicants to get new skills and competences than for employ-
ers to change their viewpoint on what their business might need.
Therefore, the problem consists of finding the optimal selection
of training courses for unemployed people, so that the job market
can be optimally satisfied. This means that our proposed algorithm
should be able of not only finding a stable marriage between a set
of unemployed people and a set of potential employers but to addi-
tionally find the optimal degree of global satisfaction by spending
the minimum amount of resources in the form of training courses.

Therefore, the contribution of this work can be summarized as
follows:

• We design an algorithmic solution being able to perform an
optimal selection of training courses for unemployed people
that presents two major advantages: a) the solution is stable
(no job applicant and potential employer would mutually
prefer other than their identified counterpart), and b) an
optimal degree of systemic satisfaction is guaranteed.

• We demonstrate the feasibility of such as algorithmic solu-
tion by means of a procedural implementation, and we show
a complete running case study based on that implementation
that solve a prototypical scenario in the IT sector.

The rest of this paper is structured in the following way: Section
2 presents related work on different approaches concerning the
stable marriage problem and some interesting variants that have
been already studied. Section 3 formally presents the problem of
optimal selecting those training courses that can optimally meet
the expectations of both companies and unemployed workers. In
Section 4, we explain the algorithmic solution that we have designed
to solve the problem and compute its associated computational
complexity. Section 5 shows how our solution works by illustrating
a case study concerning a particular recruitment scenario. Section
6 discusses our contribution. Finally, we provide our concluding
remarks and hints for future work.

2 RELATEDWORKS
There is a large corpus of literature on the problem of stable mar-
riage and its variants, mainly due to the number of practical appli-
cations that can be addressed using a model of this kind [5]. Gale
and Shapley presented the classic problem between single men and
women looking to form a marriage [8]. Same authors also intro-
duced the problem of the university admissions that differs from
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the classic problem in which one side could accept proposals of
more than one counterpart [8]. Another analog problem considers
the fact that one side of the market is made up of colleges, the other
side is made up of students, but there is a particularity in relation to
college fees to be paid [24]. Additionally, it also worth mentioning
the problem of the two bodies, whereby a number of couples should
be allocated together, either to the same resource or to a specific
pair of resources mutually chosen by them [11].

Other relevant works in this context involve matching job seek-
ers and companies with contracts in which one side can be matched
under a variety of contractual conditions [12]. A special case of
the contracts could be the possibility to offer flexible remuneration
[4]. If we focus on the context of computational solutions in the
field of human resources management, our previous works has con-
sisted of considering an underlying lattice as a knowledge base that
overcome the problem of semantic heterogeneity and facilitates
the accurate and efficient learning [20], matching [21], and query-
ing [22] information on human resources in a number of different
scenarios [1]. At the same time, Guedj has also proposed a model
to deduce initial preferences on the basis of the profiles viewed
as nodes from a taxonomy [9], [10]. The aim here is to offer a list
of job positions to a potential job applicant based on preferences,
or alternatively, to generate a list of job candidates to a recruiter
based on the job requirements. In addition, Cabrera-Diego et al. [2],
[3] propose different methods for ranking profiles without using
job offers nor any kind of semantic resource. Espenakk et al. [6]
propose a method to rank candidates based on insights from pre-
vious screening phases. Khobreh et al. [15] proposes an approach
for consolidationg abilities and skills resulting from vocational ed-
ucation. In addition, Schönböck et al. [23] propose a framework to
determine ranked lists of volunteers from marketplaces. Finally, it
is also worth mentioning the works of Tinelli et al. for dealing with
semantics in the context of e-recruitment [25].

On the other hand, in this research work, we aim to go a step
further by proposing how to calculate the optimal selection of
training courses for obtaining a maximum degree of satisfaction in
overall terms. We think this method could have an impact on such
organizations as public and private employment organizations or
even large companies or project teams wishing to plan in advance
the training needs that best fit to their strategy, as set out in [13].

3 PROBLEM STATEMENT
The problem that we address here can be formally defined as fol-
lows:

• There are two finite and disjoint sets 𝐴 = {𝑎1, 𝑎2, ..., 𝑎𝑛} of
job applicants and 𝐸 = {𝑒1, 𝑒2, ..., 𝑒𝑚} of employers.

• Each job applicant has ordered, transitive, and complete pref-
erences over the employers, and each employer has ordered,
transitive, and complete preferences over the job applicants.
The ordered list for a job applicant is represented as 𝑃 (𝑎𝑖 ) =
(𝑒 𝑗1 , 𝑒 𝑗2 , ..., 𝑒 𝑗𝑛 ) and for a employer 𝑃 (𝑒𝑖 ) = (𝑎 𝑗1 , 𝑎 𝑗2 , ..., 𝑎 𝑗𝑛 ),
and it can be calculated by means of a suitability function 𝑓

that we assume to be stable.
• A job market is a tuple (𝐴, 𝐸, P,Mp), where P is the set of
all the preferences of all the parties, and Mp is the set of
established relations taking into account the preferences P.

• An job market (𝐴, 𝐸, P,Mp) is stable when there are no 𝑎 ∈ 𝐴

nor 𝑒 ∈ 𝐸 that would both rather have each other than their
current counterpart inMp.

• An job market (𝐴, 𝐸, P,Mp) is perfect if and only if each
𝑎 ∈ 𝐴 is paired in M with the 𝑒 ∈ 𝐸 that it prefers most of all
possible employers AND each 𝑒 ∈ 𝐸 is paired in M with the
𝑎 ∈ 𝐴 that it prefers most of all possible job applicants.

• The distance between two job markets (𝐴, 𝐸, P,Mp) and
(𝐴, 𝐸,Q,Nq) is the difference betweenMp and Nq.

• An optimal job market is a tuple (𝐴, 𝐸, P,Mp), so that the
distance to a perfect job market (𝐴, 𝐸, P′,M′

p′ ) is minimal
(i.e. mean, it is not possible to find a shorter distance.

Assuming that:
(1) Employers 𝐸 will not change the requirements what they

are looking for during the whole process
(2) The suitability function 𝑓 will remain the same for all job

seekers and during the whole process
(3) Job applicants 𝐴 taking training courses acquire the new

skills and competences at the end of those courses
Our aim in this work is to build an algorithmic solution for

automatically finding the minimum set of skills and competences to
be offered to job applicants𝐴 in the form of training courses, so that
𝑓 can generate a job market (𝐴, 𝐸, P,Mp) meeting the following
requirements:

• (𝐴, 𝐸, P,Mp) is stable
• (𝐴, 𝐸, P,Mp) is optimal

Our hypothesis is that a solution of this kind can have potential
to make an impact in, at least, such organizations as public and pri-
vate employment agencies wishing to plan in advance the training
courses that best fit to their strategic needs.

4 CONTRIBUTION
We present here our contribution to face the problem. First of all,
we focus on the design of the algorithmic approach, and secondly,
on the computation of the associated complexity.

4.1 Design of the algorithmic solution
Our algorithmic solution works as follows:

• In the first round, we use a suitability function considering
two facts: (a) each job applicant calculates its suitability
function 𝑓𝑎 , i.e. how well its profile fits in relation to each
job offer, (b) each employer calculates its suitability function
𝑓𝑒 , i.e. how well its offer fits in relation to each job applicant
profile. To do that, we can use a measure such as profile
matching [19].

𝑓𝑎 (𝑎, 𝑒) = #
𝑃𝑟𝑜 𝑓 (𝑎) ∩ 𝑃𝑟𝑜 𝑓 (𝑒)

𝑃𝑟𝑜 𝑓 (𝑎) (𝑎)

𝑓𝑒 (𝑎, 𝑒) = #
𝑃𝑟𝑜 𝑓 (𝑎) ∩ 𝑃𝑟𝑜 𝑓 (𝑒)

𝑃𝑟𝑜 𝑓 (𝑒) (𝑏)

• In the second round, we proceed to order the preference
list of each applicant and each employer by considering the
results of the first round. The order is descending, what
means that the highest value ranks first, the second highest
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value ranks second, and so on. In case of tie, we order by
index (by convention).

• In the third round, we proceed in the following way: (i) each
job applicant proposes to its most preferred employer, (ii)
each employer then “conditionally accepts” its most pre-
ferred job applicant among those who proposed to it, (iii) all
the job applicants whose proposal was not accepted remain
unemployed.

• In each following round, (i) each unemployed job applicant
proposes to its most preferred employer whom it has not
yet proposed to, (ii) each employer retains its most preferred
job applicant among those who proposed to and its current
corresponding applicant, (iii) all the job applicantswhose pro-
posal was not conditionally accepted or who were “dumped”
are unemployed. This loop has to run until there are no un-
employed job applicants1. At this moment, the marriage is
stable as proved by Gale and Shapley [8].

• In the fourth round, we compute the distance of the obtained
job market to the perfect one (i.e. that market where every
party got a labor relation with its first preference). This
distance is the difference betweenMp and Nq, and we define
it as follows:

(𝐴, 𝐸, P,Mp) − (𝐴, 𝐸, P′,M′
p′ ) =

Mp −M′
p′ =

𝑛∑︁
𝑖=0

(𝑀𝑝𝑎𝑖 +𝑀𝑝𝑒𝑖 ) − 2 · 𝑖

• In the fifth (and final) round, we compute the distance be-
tween a perfect job market and every job market generated
by the permutations of the set of all skills demanded by the
employers from the job market2. The number of permuta-
tions of n elements (where n is the count of all skills and
competences requested by the employers) is given by the
formula: (

𝑛

1

)
+ · · · +

(
𝑛

𝑛 − 1

)
+
(
𝑛

𝑛

)
= 2𝑛 − 1

The permutation leading to a minimum distance to a perfect
market is the solution that we are looking for, i.e. the set of
skills and competences that achieves a stable marriage and
an optimal market at the same time. In case two or more
solutions might be found, we always prefer that solution
associated to the smaller set of skills and competences (what
it will make us saving resources in the form of time, money
or effort). In case we found a distance of 0 between both job
markets, we can stop the algorithm since we are sure that
we cannot achieve a better solution, but please note that this
only applies in the case whereby the solution might start
computing by the smaller sets of permutations. Otherwise,
there is always the possibility that we might find an equally
good but cheaper solution.

1It is important to note here that this iterative process is not symmetric, but it could
be easily modified in order to the employers propose a labor relationship to the
unemployed people
2The reason is that we assume that it makes no sense considering training courses for
skills and competences not demanded by the employers

4.2 Computational complexity
We consider here the Big O approach since this notation can give
us some hints on the growth rate that our algorithmic solution
presents, and thus, its capability to work in scenarios requiring very
large inputs. Therefore, we have that the first, second, and fourth
rounds can be solved in linear time, and therefore, they present
𝑂 (𝑛) where 𝑛 is number of job seekers or employers. Iwama and
Mayazki shows that the computational complexity for our third
round is 𝑛(𝑛 − 1) what in practice means 𝑂 (𝑛2) for the worst
case [14]. Finally, the fifth round can be represented by just a loop
where the rest of the functionality is nested. Therefore, we have a
complexity of𝑂 (𝑛). Since the first, second, third and fourth rounds
are nested on this last round, we have that the overall complexity
of the proposed solution is 𝑂 (𝑛3), what means that the solution is
suitable to be operated in real settings.

5 CASE STUDY
In order to illustrate how our method works in practice, we show
here a case study concerning a recruitment scenario in the field of
software development3. Let us suppose we have a pool of unem-
ployed people who have been working as programmers in the past.
At the same time, we have a pool of potential employers looking for
filling some programming positions that they need for accomplish-
ing some tasks related to their business. We want to know what is
the minimum set of skills and competences that could be offered in
the form of training courses so that we can reach an optimal job
market as defined in Section 3.

For practical reasons, we show here just two iterations of our
method; firstly a single iteration of the proposed algorithm, and
secondly the iteration leading to the solution of the problem. How-
ever, the evolution of the job market through several iterations is
trivial, and it can be studied in depth by following the steps already
indicated.

5.1 First and second round
First of all, we are considering the requirements of the job appli-
cant profiles and job offers as we can see in Table 1 and Table 2
respectively. For each of these parties, we have to calculate each
suitability function so that we can obtain every preference list.

Job Seeker Competences
Applicant 1 C, C++, C#
Applicant 2 Javascript, CSS, HTML, Java
Applicant 3 Python, R, C, SQL
Applicant 4 C, C++, SQL, Java, Scala

Table 1: Initial set of skills and competences of each unem-
ployed person

5.2 Third and subsequent rounds
The third round starts with the information that it is shown in
Table 3 and Table 4. Initially, each job applicant proposes to its most
preferred employer, each employer then “conditionally accepts”
3Please note that this method would be exactly the same in any of the other fields
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Employer Requirements
Company 1 C, C++
Company 2 Python, R, Julia, Ruby
Company 3 Java, Javascript, SQL
Company 4 Scala, Perl

Table 2: Initial set of skills and competences required by
employers

its most preferred job applicant among those who proposed to
it, and all the job applicants whose proposal was not accepted
remain unemployed, etc. As explained before, this stage is a well-
known generalization of the stable marriage problem from Gale
and Shapley [8]. This loop has to run until there are no employers
left that can offer a job as mentioned in Section 3.1.

Job Seeker Employer
Applicant 1 Company 1 (2/3), Company 2 (0/3), Company 3 (0/3), Company 4 (0/3)
Applicant 2 Company 3 (2/4), Company 1 (0/4), Company 2 (0/4), Company 4 (0/4)
Applicant 3 Company 2 (2/4), Company 1 (1/4), Company 3 (1/4), Company 4 (0/4)
Applicant 4 Company 1 (2/5), Company 3 (2/5), Company 4 (1/5), Company 2 (0/5)

Table 3: Initial preference list of each unemployed person

Employer Job Seeker
Company 1 Applicant 1 (2/2), Applicant 4 (2/2), Applicant 3 (1/2), Applicant 2 (0/2)
Company 2 Applicant 3 (2/4), Applicant 1 (0/4), Applicant 2 (0/4), Applicant 4 (0/4)
Company 3 Applicant 2 (2/3), Applicant 4 (2/3), Applicant 3 (1/3), Applicant 1 (0/3)
Company 4 Applicant 4 (1/2), Applicant 1 (0/2), Applicant 2 (0/2), Applicant 3 (0/2)

Table 4: Initial preference list of each employer

5.3 Fourth round
As a result of the prior computation rounds, we have achieved a
stable marriage (see Table 5). Therefore, this means that we can now
proceed to compute the distance from the generated job market to
a perfect job market, i.e. whereby each party involved might get its
first choice:

Mp −M′
p′ =

𝑛∑︁
𝑖=0

(𝑀𝑝𝑎𝑖 +𝑀𝑝𝑒𝑖 ) − 2 · 𝑖

= 15 − 8 = 7

The overall degree of satisfaction for the given job market is
7 units far from a perfect job market. In next rounds, we will see
if this value can be improved by offering to the job applicants
the possibility to take training courses with the aim to get new
competences.

Figure 1 shows us the initial assignment for applicants and po-
tential companies whereby no training course has yet been offered.
This assignment can be obtained through the traditional Gale and
Shapley approach.

Job Seeker Employer Job seeker’s Pref. Employer’s Pref.
Applicant 1 Company 1 1 1
Applicant 2 Company 4 4 3
Applicant 3 Company 2 1 1
Applicant 4 Company 3 2 2

Table 5: Final stablematching. The distance of the jobmarket
generated by this matching to a perfect job market is 15 - 8 =
7

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡 1 𝐶𝑜𝑚𝑝𝑎𝑛𝑦 1

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡 2 𝐶𝑜𝑚𝑝𝑎𝑛𝑦 2

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡 3 𝐶𝑜𝑚𝑝𝑎𝑛𝑦 3

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡 4 𝐶𝑜𝑚𝑝𝑎𝑛𝑦 4

<1 |1>

<4 |3>

<1 |1>

<2 |2>

Figure 1: Initial job assignment for job applicants and po-
tential companies whereby no training course has yet been
offered

5.4 Fifth round
Now, we want to know what it happens when we offer the possi-
bility of learning the language SQL4 to those job applicants who
do not master it yet. Please note that this is just one iteration.

Job Seeker Competences
Applicant 1 C, C++, C#, +SQL
Applicant 2 Javascript, CSS, HTML, Java, +SQL
Applicant 3 Python, R, C, SQL
Applicant 4 C, C++, SQL, Java, Scala

Table 6: Skills and competences of each unemployed person
after learning SQL

Let us see the behavior of our proposed algorithmic solution
when evaluation this iteration:

(1) Job applicants not mastering SQL yet, acquire this new skill,
as we can see in Table 6.

(2) Every job applicant has to re-calculate its preference list, as
we can see in Table 7.

(3) Each employer has to re-calculate its preference list too, as
we can see in Table 8.

(4) We compute the third and subsequent rounds by means
of Gale and Shapley as discussed, and we achieve a stable
matching.

4There is no particular reason to choose this skill, we just pick a random skill in order
to show how our method works
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Job Seeker Employer
Applicant 1 Company 1 (2/4), Company 3 (1/4), Company 2 (0/4), Company 4 (0/4)
Applicant 2 Company 3 (3/5), Company 1 (0/5), Company 2 (0/5), Company 4 (0/5)
Applicant 3 Company 2 (2/4), Company 1 (1/4), Company 3 (1/4), Company 4 (0/4)
Applicant 4 Company 1 (2/5), Company 3 (2/5), Company 4 (1/5), Company 2 (0/5)

Table 7: Updated preference list of each unemployed person
after learning SQL

Employer Job Seeker
Company 1 Applicant 1 (2/2), Applicant 4 (2/2), Applicant 3 (1/2), Applicant 2 (0/2)
Company 2 Applicant 3 (2/4), Applicant 1 (0/4), Applicant 2 (0/4), Applicant 4 (0/4)
Company 3 Applicant 2 (3/3), Applicant 4 (2/3), Applicant 1 (1/3), Applicant 3 (1/3)
Company 4 Applicant 4 (1/2), Applicant 1 (0/2), Applicant 2 (0/2), Applicant 3 (0/2)

Table 8: Updated preference list of each employer after train-
ing courses on SQL were performed

Job Seeker Employer Job seeker’s Pref. Employer’s Pref.
Applicant 1 Company 1 1 1
Applicant 2 Company 3 1 1
Applicant 3 Company 2 1 1
Applicant 4 Company 4 3 1

Table 9: Final stablematching. The distance of the jobmarket
generated by this matching to a perfect job market is 10 - 8 =
2

(5) Once that we have achieved the stable matching, we calculate
the distance to a perfect market (see Table 9).

Mp −M′
p′ =

𝑛∑︁
𝑖=0

(𝑀𝑝𝑎𝑖 +𝑀𝑝𝑒𝑖 ) − 2 · 𝑖

= 10 − 8 = 2
The distance has been reduced to 2 units. This means that
by offering a training course on the language SQL, we have
been able to increase the global satisfaction of the parties
with respect to the initial stable marriage, which is already
a step forward. However, we want to keep looking for the
optimum solution.
Figure 2 shows us the temporary global assignment of appli-
cants to potential companies after the acquisition of the skill
SQL by all the applicants that did not have that skill before.

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡 1 𝐶𝑜𝑚𝑝𝑎𝑛𝑦 1

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡 2 𝐶𝑜𝑚𝑝𝑎𝑛𝑦 2

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡 3 𝐶𝑜𝑚𝑝𝑎𝑛𝑦 3

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡 4 𝐶𝑜𝑚𝑝𝑎𝑛𝑦 4

<1 |1>

<1 |1><1 |1>

<3 |1>

Figure 2: Temporary assignment for applicants and compa-
nies after the acquisition of the skill SQL by all the applicants

(6) Now, it is time to evaluate each permutation of the skills
and competences requested by the employers. Our set of
skills and competences is the set of all those that have been
required at least once by at least one employer5. Therefore,
it is necessary to consider the set {C, C++, C#, Javascript,
CSS, HTML, Java, Python, R, SQL, Scala}. This means that we
have to produce all the possible permutations for 11 different
skills and competences. Therefore,(

11
1

)
+ · · · +

(
11
10

)
+
(
11
11

)
= 211 − 1

= 2047 𝑝𝑒𝑟𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛𝑠

Since we have already evaluated the permutation 𝑆𝑄𝐿, we
need to still evaluate each of the pending 2046 different
permutations. The permutation that is able to get a minimum
distance to the perfect job market is our solution. Please note,
that it is perfectly possible that we might find more than
one solution. In that case, and for economic reasons, we
prefer the solution associated to the smaller set of skills and
competences as mentioned in Section 3.1.

5.5 Optimal solution
Now, we are going to explore how to reach the optimal solution for
our case study. To do that, we have obtained that optimal solution
by using an implementation of our method over the 2047 possible
permutations6. As a result, we know that the optimal (and cheapest)
solution is achieved when offering the set {Perl, SQL} in the form
of training courses. Please note, that it is perfectly possible that we
might find more than one solution, but we can assure you these
solutionswill not be cheaper. Let us see the behavior of the proposed
method when achieving that solution.

(1) Firstly, we have to offer the possibility of learning Perl and
SQL to those candidates that do not master these skills and
competences yet, as we can see in Table 10.

(2) Every job applicant has to re-calculate its preference list, as
we can see in Table 11.

(3) Each employer has also to re-calculate its preference list too,
as we can see in Table 12.

(4) We compute the third subsequent rounds by means of Gale
and Shapley until there are no employer left that can offer a
job, as recurrently discussed before.

Job Seeker Competences
Applicant 1 C, C++, C#, +SQL, +Perl
Applicant 2 Javascript, CSS, HTML, Java, +SQL, +Perl
Applicant 3 Python, R, C, SQL, +Perl
Applicant 4 C, C++, SQL, Java, Scala, +Perl

Table 10: Skills and competences of each unemployed person
after learning Perl and SQL

And finally, in the fourth round of this particular iteration, we
have achieved the stable matching between unemployed people

5Because considering other elements would have no positive effect.
6In fact, there is no alternative way to shorten the process of getting the solution
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Job Seeker Employer
Applicant 1 Company 1 (2/5), Company 3 (1/5), Company 4 (1/5), Company 2 (0/5)
Applicant 2 Company 3 (3/6), Company 4 (2/6), Company 1 (0/6), Company 2 (0/6)
Applicant 3 Company 2 (2/5), Company 3 (1/5), Company 4 (1/5), Company 1 (1/5)
Applicant 4 Company 3 (2/6), Company 4 (2/6), Company 1 (1/6), Company 2 (1/6)

Table 11: Updated preference list of each unemployed person
after learning Perl and SQL

Employer Job Seeker
Company 1 Applicant 1 (2/2), Applicant 4 (2/2), Applicant 3 (1/2), Applicant 2 (0/2)
Company 2 Applicant 3 (2/4), Applicant 1 (0/4), Applicant 2 (0/4), Applicant 3 (0/4)
Company 3 Applicant 2 (3/3), Applicant 4 (2/3), Applicant 1 (1/3), Applicant 3 (1/3)
Company 4 Applicant 4 (2/2), Applicant 1 (1/2), Applicant 2 (1/2), Applicant 3 (1/2)

Table 12: Updated preference list of each employer after train-
ing courses on Perl and SQL were performed

looking for an opportunity and potential employers, as we can see
in Table 13.

Job Seeker Employer Job seeker’s Pref. Employer’s Pref.
Applicant 1 Company 1 1 1
Applicant 2 Company 3 1 1
Applicant 3 Company 2 1 1
Applicant 4 Company 4 2 1

Table 13: Final solution for our case study. The distance of
the job market generated by offering {Perl, SQL} as training
courses to a perfect job market is 9 - 8 = 1

Therefore, it is now time to calculate the distance from the ob-
tained job market to a perfect job market, i.e. whereby we have
the ideal situation in which every party involved in the matching
process gets its first choice. This distance between job markets is
calculated as follows:

Mp −M′
p′ =

𝑛∑︁
𝑖=0

(𝑀𝑝𝑎𝑖 +𝑀𝑝𝑒𝑖 ) − 2 · 𝑖

= 9 − 8 = 1
What means that, after this iteration, we can see that the overall

distance has been reduced to 1 unit. This means that by offering
training courses on such programming languages as Perl and SQL,
we have been able to decrease the distance 6 units from the initial
matching that we calculated. We already know that by evaluating
each of the pending permutations, we will not be able to reach a
lower distance. Moreover, we have started computing the smaller
sets of permutations, so we can assure you that there is no less
expensive solution. Therefore, the set of training courses {Perl,
SQL} is the solution that we were looking for satisfactorily solving
this use case.

Figure 3 shows us the final global assignment of applicants to
potential companies after the acquisition of the skills Perl and SQL
by all the applicants that did not have those skill before. In this
way, the given job market is optimal (although not perfect), since
we cannot find a configuration with a smaller distance to the ideal
job market.

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡 1 𝐶𝑜𝑚𝑝𝑎𝑛𝑦 1

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡 2 𝐶𝑜𝑚𝑝𝑎𝑛𝑦 2

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡 3 𝐶𝑜𝑚𝑝𝑎𝑛𝑦 3

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡 4 𝐶𝑜𝑚𝑝𝑎𝑛𝑦 4

<1 |1>

<1 |1><1 |1>

<2 |1>

Figure 3: Final assignment for applicants and potential em-
ployers after the acquisition of the skills Perl and SQL by all
the applicants

6 DISCUSSION
As we have seen, our proposed method is able to find in polyno-
mial time an optimal stable marriage between a set of unemployed
people and potential employers. Due to the initial conditions of the
problem, it will not be always possible to find a perfect job market.
In fact, from the results of our case study, we can see that Applicant
4 was not assigned to its first choice, but its second. This means
that given the initial input scenario, it has not been possible to
reach a perfect job market. However, it is important to note that we
have been able to reach a systemic optimum. This means that we
have reached the maximum degree of global satisfaction for the job
market that we have analyzed. In that case, this maximum degree
of global satisfaction is just one unit far from a perfect job market,
and it has been achieved by offering just two training courses to
the unemployed people.

It is also interesting to remark that from this work, some inter-
esting further questions could be derived. For example, one could
question itself if the proportion of global satisfaction gained over
the resources spent to achieve that goal it is favorable or not, ce-
cause there may be cases in which a small global improvement
involves a large economic investment. Another possible question
might be who should bear the cost of the training courses that
make the job market optimal. For obvious reasons, this requires
addressing those questions from a pure subjective perspective, and
therefore, it is out of the scope of this research work.

7 CONCLUSIONS AND FUTUREWORK
In this work, we have presented a novel approach for automatically
finding the optimal selection of training courses for unemployed
people based on a stable marriage model. This approach is able of
not only finding a stable marriage between a set of unemployed
people and potential employers but to find the optimal degree of
global satisfaction for the system by spending the minimum amount
of resources in the form of training courses. Moreover, we have
shown how such solution can be found in polynomial time, so it
can be put into production in real environments.

The proposed approach can have an impact in such organiza-
tions as public and private employment agencies or large public
and private organizations wishing to plan in advance the training
courses that best fit to their strategic needs, or even can be exploited
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at smaller scale, in order to help project-oriented companies in the
process of preparing their employees to work in future projects
[25]. In general, this method can work in every scenario meeting
our initial assumptions.

As future work, it is necessary to further investigate the suit-
ability function to generate the list of preferences of each party
involved. We have used here an intuitive function that computes
the degree of overlapping between applicant profiles and job offers
by just counting the number of skills and competences in the in-
tersection of both profiles. A further improvement could consist of
using suitability functions being able to semantically identify what
the employer requires and what the applicant offers such as those
proposed by [7] and [17], or by computing semantic similarity [18]
between them, or even injecting background knowledge into the
problem [16]. For example, if an employer needs a good program-
mer in Java, candidates with strong expertise in C++ should not be
strongly penalized, since both programming languages have a lot
of features in common.
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