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A B S T R A C T

Currently, many software companies are looking to assemble a team of experts who can
collaboratively carry out an assigned project in an agile manner. The most ideal members for
an agile team are T-shaped experts, who not only have expertise in one skill-area but also
have general knowledge in a number of related skill-areas. Existing related methods have only
used some heuristic non-machine learning models to form an agile team from candidates, while
machine learning has been successful in similar tasks. In addition, they have only used the
number of candidates’ documents in various skill-areas as a resource to estimate the candidates’
T-shaped knowledge to work in an agile team, while the content of their documents is also very
important. To this end, we propose a multi-step method that rectifies the drawbacks mentioned.
In this method, we first pick out the best possible candidates using a state-of-the-art model, then
we re-estimate their relevant knowledge for working in the team with the help of a deep learning
model, which uses the content of the candidates’ posts on StackOverflow. Finally, we select the
best possible members for the given agile team from among these candidates using an integer
linear programming model. We perform our experiments on two large datasets C# and Java,
which comprise 2,217,366 and 2,320,883 posts from StackOverflow, respectively. On datasets
C# and Java, our method selects, respectively, 68.6% and 55.2% of the agile team members
from among T-shaped experts, while the best baseline method only selects, respectively, 49.1%
and 40.2% of the agile team members from among T-shaped experts. In addition, the results
show that our method outperforms the best baseline method by 8.1% and 11.4% in terms of
F-measure on datasets C# and Java, respectively.

. Introduction

Expert finding is a challenging task that has attracted the attention of many researchers in the field of Information Retrieval.
t generally seeks to generate a ranking of candidates who have expertise in a given query (Balog et al., 2012). This task has
any applications, such as reviewer assignment (Mimno & McCallum, 2007), supervisor finding (Alarfaj et al., 2012), doctor

ecommendation (Hu et al., 2020), and question routing (Zhang et al., 2020), but one of its most important applications is job
outing (Liang, 2019; Nobari et al., 2020). In this issue, in general, a ranking of related candidates who are experts in one or more
kill-areas required for a given job is generated and then the job is routed to one or more of the top candidates.

Job routing using expert finding methods can greatly affect the recruitment of specialized people because so many companies
re seeking reliable experts to improve the quality of their projects. However, traditional expert finding methods, which only seek
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Fig. 1. A toy example of an agile team with three T-shaped experts.

o retrieve experts, are not able to properly meet the needs of many software companies, because these companies usually need
xperts who can work in a team to carry out an assigned project according to a given software development methodology.

One of the most popular software development methodologies used by many companies is agile methodology. In agile teams,
i.e., teams that work on an assigned project in an agile manner, because of the flat structure that should exist between team
members (Danait, 2005), the most ideal members are the ones who have T-shaped expertise, or in other words, are generalizing
specialists (Ambler, 2012). As the horizontal part of the letter 𝑇 indicates, the breadth of knowledge of these people is vast, so they
are familiar enough with several skill-areas. Also, as the vertical part of the letter 𝑇 indicates, they have deepened their knowledge
in one of their skill-areas. Therefore, given a set of skill-areas required to carry out a project, if we form an ideal agile team with a
group of T-shaped experts, each of whom possesses expertise in one distinct skill-area required for the team and possesses general
knowledge in the other required skill-areas, then this team will have three important characteristics (Rostami & Neshati, 2019):

• High coverage: All the required skill-areas are covered by people who specialize in those skill-areas.
• Strong communication: Since each team member has at least general knowledge in all the skill-areas required for the team,

he/she is familiar enough with the main skill-areas of the other team members and can therefore communicate effectively with
them to advance the project.

• Cost-effective: Forming a team, each of whom has expertise in only one skill-area due to his/her T-shaped expertise, is more
cost-effective than forming a team whose members specialize in more skill-areas (i.e., the members are Comb-shaped experts).1

Fig. 1 shows a toy example of an agile team with three T-shaped experts. The first one is a Back-end developer who has general
knowledge in Front-end development and Testing. The second one is a Tester who has general knowledge in Front-end and Back-end
development. Finally, the third one is a Front-end developer who has general knowledge in Back-end development and Testing. This
team is an ideal agile team whose members cover all the required skill-areas in parallel and meanwhile interact effectively with
each other.

One of the most well-known environments for retrieving T-shaped experts is StackOverflow,2 which contains users’ questions and
answers in various fields of software engineering. Since users can demonstrate their knowledge in the fields of software engineering
by answering questions, this site can be a valuable environment for finding experts and especially T-shaped experts.

In recent years, several studies have been conducted on T-shaped expert finding in StackOverflow (Dehghan et al., 2019, 2020;
Gharebagh et al., 2018). In these studies, the problem was to generate a ranking of T-shaped candidates who have expert knowledge
in a given skill-area. More precisely, for the sake of simplicity, they paid attention only to T-shaped candidates’ expertise and ignored
their general knowledge. Also, they only ranked T-shaped experts and did not get into the problem of forming an agile team with
T-shaped experts. In contrast, Rostami and Neshati (2019) addressed the problem of agile team formation by retrieving the best
group of T-shaped experts who can work together. To solve the problem, they presented two heuristic models that take a greedy
approach to select the best suitable candidates for a given agile team. The first model called XEBM estimates candidates’ required
knowledge using the entropy resulting from the distribution of the number of candidates’ documents in various skill-areas. On the
other hand, the second model called RDM estimates candidates’ required knowledge using the relative deepness of their knowledge,
which is obtained from the distance between the number of their documents in different skill-areas. In these models, only the
number of documents is used as a resource for estimating the knowledge, while the number of documents alone is not a sufficient
resource to show the knowledge. In addition to the number of candidates’ documents, the content of their documents is also very
important, but in these models, no attention has been paid to the content. The second drawback is that they have not tried to use
any machine learning algorithm to retrieve more relevant candidates, while machine learning has been successful in similar tasks
such as T-shaped expert ranking (Dehghan et al., 2019). As a result, although the problem addressed in this study does not have
the strong simplification assumptions of Dehghan et al. (2019, 2020), Gharebagh et al. (2018), the method of solving it has some
main drawbacks.

In this paper, we intend to form better agile teams by rectifying the drawbacks of the previous research. In our problem, the
input is a number of skill-areas required for an agile team, and the ideal output is a team of T-shaped experts, each of whom has

1 Instead of forming an agile team with a group of T-shaped experts, if we use only a Comb-shaped person who specializes in all the skill-areas required for
he team, then the ability to advance the project in parallel is lost and consequently, the progress of the project is greatly slowed down.

2 https://stackoverflow.com
2
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expert knowledge in one distinct skill-area required for the team as well as general knowledge in all the other required skill-areas.
In other words, each position of an ideal agile team should be filled by a T-shaped candidate who is an expert in the main skill-area
related to the position and has general knowledge in the minor skill-areas related to the position.

To solve the problem, first, we pick out the top candidates for each position of the given agile team using state-of-the-art
odel RDM, which was introduced before. Then, with the help of a proposed deep learning model called DLM, we re-estimate

he candidates’ relevant knowledge to fill each position. Finally, we select the best team members from among these candidates
sing an integer linear programming model in such a way that each position is filled by the best possible candidate.

It should be noted that DLM is a deep learning-based method that estimates a candidate’s knowledge to fill a given agile team
osition. More precisely, it estimates in parallel a candidate’s shape of expertise, his/her expertise in the main skill-area of the
iven position, and his/her general knowledge in the other required skill-areas by taking into account changing the distribution of
opics of documents associated with the candidate and the required skill-areas over time. Since candidates’ profile and the level of
nowledge required to gain expert/general knowledge in skill-areas are constantly changing over time, using the concept of time
an intuitively lead to a more accurate estimate of the knowledge required to fill a position.

To evaluate the performance of our method in comparison with baseline methods, we use two large datasets C# and Java
xtracted from StackOverflow (Rostami & Neshati, 2019). We show that we can improve the performance of the best baseline
ethod on datasets C# and Java by up to 8.1% and 11.4% in terms of F-measure, respectively.

The major contributions of our paper are as follows:

1. Using the content of candidates’ posts on StackOverflow to estimate their knowledge to work in an agile team.
2. Proposing a deep learning model that estimates the probability that a candidate is relevant for a given position of an agile

team.
3. Presenting an integer linear programming model to select the best possible members for an agile team from among the top

candidates.

The rest of the paper is organized as follows. In Section 2, we review the recent research related to our work. In Section 3, we
ormally define the problem and then propose our method to solve it. In Section 4, we first describe how to set up our experiments,
hen we analyze and discuss the results. In Section 5, we highlight the theoretical and practical implications of our research. Finally,
n Section 6, we conclude and then point out future work directions.

. Related work

One of the main aspects of our work is finding experts by exploring their posts on community question answering (CQA) sites.
any studies have been conducted to retrieve experts from such environments. We will briefly review these studies in Section 2.1.

Another main aspect of our work is finding experts based on the needs of companies. In Section 2.2, we will examine how related
tudies have addressed this issue.

The last main aspect of our work is the use of deep learning techniques to find experts. Therefore, in Section 2.3, we will review
eep learning techniques used for expert finding.

.1. Expert finding in CQA

The problem of expert finding has been addressed in various environments such as enterprise corpora (Liang & de Rijke, 2016;
iu et al., 2017a; Xu & Ramanathan, 2016), academia (Cifariello et al., 2019; Torkzadeh Mahani et al., 2018; Zheng et al., 2021),
ocial networks (Lahoti et al., 2017; Li et al., 2020; Wei et al., 2016), social coding platforms (Etemadi et al., 2021; Montandon
t al., 2019; Wan et al., 2018), and CQAs Ghasemi et al. (2021), Rostami and Neshati (2021), Sun et al. (2021).

Among the environments mentioned, CQAs have received a lot of attention, because such environments are valuable places to
iscover the users’ true knowledge in various fields. By posting high-quality answers, in addition to helping others for free, users
how off their expertise in the topic(s) of the questions asked (Neshati, 2017).

One of the major applications of expert finding in CQAs is question routing (Fu et al., 2020; Huang et al., 2017; Liu et al., 2017b;
ong et al., 2021). Here, the goal is to generate a ranked list of users who have sufficient expertise to answer a given question. This
ssue reduces the waiting time, increases user contribution rates, and produces high quality and more reliable answers (Neshati
t al., 2017).

Another major application of expert finding in CQAs is job routing (Dehghan et al., 2019; Huang et al., 2018; Nobari et al.,
020), which generates a ranked list of users who are experts in one or more skill-areas/topics required for a given job position.
ur problem is more related to this category. It is worth noting that this task has also been addressed in other environments such
s enterprise corpora (Liang, 2019; Liu et al., 2017a) and social coding platforms (Lopes et al., 2021; Wan et al., 2018); hence, we
ill review it in a separate sub-section.
3
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2.2. Job routing using expert finding

The main purpose of creating a job position is to hire people who have true expertise or general knowledge in one or more
iven skill-areas. Therefore, expert finding can be used to rank candidates for the job position based on their level of knowledge.
lot of research has been done on this issue. Van Gysel et al. (2016) presented an unsupervised discriminative log-linear model to

ind experts in enterprise corpora. Neshati et al. (2017) proposed a learning framework that considers the evolution of candidates’
nowledge over time to find potential experts in CQAs. Liu et al. (2017a) presented a TopicRank-based document priors model
o rank expert candidates who possess great knowledge about a given topic in enterprise corpora. Huang et al. (2018) used tree-
uided tensor decomposition and matrix factorization to identify expert users across different collaborative networks. Wan et al.
2018) extended a generative probabilistic ranking model by graph regularization to retrieve software developers with the right
oding skills from GitHub. Liang (2019) proposed an unsupervised semantic two-player min–max game to find experts in enterprise
orpora. Montandon et al. (2019) used traditional unsupervised and supervised machine learning algorithms to identify candidates
ho have expertise in popular software libraries on GitHub. Nobari et al. (2020) and Fallahnejad and Beigy (2022) presented some

kill translation models to improve the performance of expert finding in StackOverflow. Lopes et al. (2021) used syntactic and
emantic analysis techniques to find experts in GitHub.

The mentioned papers can find expert candidates, but they are not yet able to properly meet the other key requirements asked
y job positions in the field of software engineering, such as the ability to work in a team to carry out a project according to a given
oftware development methodology. To bridge the gap between expert finding and industry needs, a number of studies has been
onducted in recent years, mainly to select the right experts (i.e., T-shaped experts) for agile software development teams. Gharebagh
t al. (2018) proposed an entropy-based model to generate a ranked list of T-shaped candidates who have expertise in a given
kill-area. Dehghan et al. (2019) addressed exactly the problem introduced in Gharebagh et al. (2018). They used a stacked LSTM
eural network to estimate whether candidates specialize in various skill-areas based on temporal changes in the number of their
ocuments in those skill-areas. For a given skill-area, they then ranked the candidates based on their T-shaped expertise, which was
anually determined based on their expertise estimated by the stacked LSTM and regardless of their general knowledge. Dehghan

t al. (2020) improved the methods proposed by Dehghan et al. (2019). They ranked candidates based on their T-shaped expertise
n a given skill-area by learning common patterns between documents associated with the candidates and that skill-area using two
arallel CNNs. Rostami and Neshati (2019) expanded the problem and tried to find a group of T-shaped experts who can form a given
gile software development team. To this end, as fully explained in Section 1, they proposed two non-machine learning models for
inding T-shaped experts who can work together in an agile team. The first one was an entropy-based model and the second one was
model based on the relative deepness of knowledge estimated by the number of documents. Our problem is also retrieving a group
f T-shaped experts who can form the best agile team possible, but our proposed method, unlike the methods presented by Rostami
nd Neshati (2019), is a deep learning-based method that uses the temporal changes in the topics of documents associated with
andidates and skill-areas required for the agile team to reconsider candidates selected by state-of-the-art method RDM presented
y Rostami and Neshati (2019). In Section 4.5, we show that our proposed method can form better agile teams.

.3. Deep learning methods for expert finding

In the past years, the methods of expert finding had been mainly based on probabilistic language models (Balog et al., 2009; Liang
de Rijke, 2016; Petkova & Croft, 2008), link analysis (Bouguessa et al., 2008; Zhu et al., 2011, 2014), latent topic modeling (Daud

t al., 2010; Momtazi & Naumann, 2013; Yang et al., 2013), etc., but currently, with the advent of deep learning, the methods for
xpert finding are mainly based on deep learning (He et al., 2021; Nikzad-Khasmakhi et al., 2021; Zhang et al., 2020).

Many studies have recently been conducted on the use of deep learning in expert finding. Zhao et al. (2016) and He et al. (2021)
eveloped frameworks based on random-walk and LSTM neural network to rank candidates to answer a given question. Wang et al.
2017) proposed a CNN-based model to find experts in StackOverflow. Azzam et al. (2017) generated a ranked list of candidates to
nswer a given question by calculating the cosine similarity between the latent semantic vectors associated with each candidate and
he question. They used fully connected neural networks to learn the latent semantic vectors. Dehghan et al. (2019) fed an LSTM
eural network with breadth-first and depth-first traversal of candidates’ expertise tree to find T-shaped experts who specialize in
given skill-area. Li et al. (2019) proposed a model called NeRank. This model first generates the embedding representations of

nswerers and a given question using an LSTM-based model, then computes the answerers’ rank using a convolutional recommender
ystem. Tang et al. (2020) proposed an attention-based factorization machine to generate a ranked list of experts in CQAs. Dehghan
t al. (2020) presented a CNN-based model to generate a ranked list of T-shaped experts who have expertise in a given skill-area.
Nikzad-Khasmakhi et al., 2021) presented BERTERS, a model that uses transformers and graph embedding techniques to identify
xpert candidates. Similar to the reviewed studies, we intend to propose a deep learning-based method. However, our problem is
ifferent from the objectives of the methods discussed. They sought to rank experts/T-shaped experts specialized in a given query,
ut we intend to use deep learning techniques to find T-shaped experts who can form an agile team. Therefore, the discussed methods
re not suitable for our problem.

. Proposed method (DLM + RDM)

In this section, we formally define our problem, then we describe our approach to solve the problem, and finally, we present
4

he architecture of our model.
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Table 1
List of notations and their definitions.
Notation Definition

𝑆 set of all skill-areas
𝑠𝑎 skill-area
𝐶 pool of candidates
𝑐𝑎 candidate
𝜚 position number in an agile team
𝐶𝑡 group of candidates selected to form an agile team
𝑆𝑡 set of all skill-areas required for an agile team
𝑠𝑎(𝜚)𝑡 𝜚-th skill-area of 𝑆𝑡 (i.e., expertise skill-area required for the 𝜚-th position in an agile team)
𝑆𝑡 − {𝑠𝑎(𝜚)𝑡 } set of all general skill-areas required for the 𝜚-th position in an agile team
𝑐𝑎(𝜚)𝑡 𝜚-th member of 𝐶𝑡 (i.e., candidate selected for the 𝜚-th position)
𝑛 team size (i.e. size of 𝑆𝑡 and 𝐶𝑡)
𝑘 number of top candidates selected from model RDM (Rostami & Neshati, 2019)
𝜆 parameter of Eq. (1)
𝑋𝜚,𝑖 binary decision variable indicating whether candidate 𝑐𝑎𝑖 is selected for the 𝜚-th position of an agile

team
𝐷∙ collection of documents
𝑚 maximum number of documents selected randomly
𝐷[𝑚]

∙
set of at most m documents selected randomly from 𝐷∙

𝑑(𝑗′ )
∙

𝑗′-th document (in terms of creation date) in 𝐷[𝑚]
∙

𝑣𝑑(𝑗′ )
∙

document representation of 𝑑(𝑗′ )
∙

𝑣𝑠𝑎∙

𝑡
skill-area representation of 𝑠𝑎∙

𝑡
𝑣𝑐𝑎𝑖 candidate representation of 𝑐𝑎𝑖
𝑣𝑠𝑐𝑎𝑖 representation of shape of expertise of candidate 𝑐𝑎𝑖
𝑣𝑒𝑐𝑎𝑖 expert knowledge representation of 𝑐𝑎𝑖 given skill-area 𝑠𝑎(𝜚)𝑡

𝑣𝑔𝑗𝑐𝑎𝑖 general knowledge representation of 𝑐𝑎𝑖 given 𝑗th skill-area of 𝑆𝑡 − {𝑠𝑎(𝜚)𝑡 }
𝑛𝑑 number of LDA topics (i.e., size of 𝑣𝑑(𝑗′ )

∙

)
𝑛𝑡 number of output neurons of TFE (i.e., size of 𝑣𝑠𝑎∙

𝑡
and 𝑣𝑐𝑎𝑖 )

𝑛𝑘 number of output neurons of KRE (i.e., size of 𝑣𝑒𝑐𝑎𝑖 and 𝑣𝑔𝑗𝑐𝑎𝑖 )
𝑛𝑠 size of 𝑣𝑠𝑐𝑎𝑖

3.1. Problem formulation

In this work, we assume that we have a pool of candidates 𝐶, a set of skill-areas 𝑆, and a collection of documents 𝐷 =
⋃

𝑐𝑎∈𝐶,𝑠𝑎∈𝑆 𝐷𝑐𝑎,𝑠𝑎. Here, 𝐷𝑐𝑎,𝑠𝑎 denotes the set of documents associated with candidate 𝑐𝑎 that is related to skill-area 𝑠𝑎. In the
ollowing, we use 𝐷𝑐𝑎 =

⋃

𝑠𝑎∈𝑆 𝐷𝑐𝑎,𝑠𝑎 and 𝐷𝑠𝑎 =
⋃

𝑐𝑎∈𝐶 𝐷𝑐𝑎,𝑠𝑎 to indicate the set of documents associated with candidate 𝑐𝑎 and
kill-area 𝑠𝑎, respectively.

Given a set of skill-areas 𝑆𝑡 ⊆ 𝑆, |𝑆𝑡| = 𝑛, required for an agile team, the problem of agile team formation is to retrieve a group
f candidates 𝐶𝑡 ⊆ 𝐶, |𝐶𝑡| = 𝑛, in such a way that 𝜚-th member of 𝐶𝑡, 𝑐𝑎

(𝜚)
𝑡 , 1 ≤ 𝜚 ≤ 𝑛, is a T-shaped expert who has expertise in 𝜚-th

kill-area of 𝑆𝑡, 𝑠𝑎
(𝜚)
𝑡 , and general knowledge in all skill-areas of 𝑆𝑡 − {𝑠𝑎(𝜚)𝑡 }.

All notations used in this paper are summarized in Table 1.

.2. Modeling approach

In order to form an ideal agile team given a set of skill-areas 𝑆𝑡, we go through two major steps. In the first step, we use an
terative approach to prepare 𝑛 lists of top candidates for joining the team. In the second step, we use integer linear programming
o form the best possible agile team of size 𝑛 from the listed candidates. The details of these two steps are as follows:

Step 1. Preparing lists of top candidates.
In this step, in the 𝜚-th iteration of an iterative approach, we intend to prepare a list of top candidates for the 𝜚-th position in the
team, which requires T-shaped expertise in 𝑠𝑎(𝜚)𝑡 and general knowledge in all skill-areas of 𝑆𝑡 −{𝑠𝑎(𝜚)𝑡 }. To prepare this list for the
𝜚-th position, we take 4 steps as follows:

Step 1.1. We pick out top 𝑘 candidates for the 𝜚-th position, 𝐶 (𝜚)
𝑘 , by the state-of-the-art model RDM (Rostami & Neshati,

2019). Among the existing related methods, we have chosen RDM because it has the best overall performance.
Step 1.2. For each candidate 𝑐𝑎𝑖 ∈ 𝐶 (𝜚)

𝑘 , 1 ≤ 𝑖 ≤ 𝑘, we estimate the probability of 𝑃 (𝜚)(𝑐𝑎𝑖|𝑆𝑡), which indicates the probability
that candidate 𝑐𝑎𝑖 is a relevant candidate for the 𝜚-th position in an agile team with the set of skill-areas 𝑆𝑡, or in other words,
the probability that he/she is a T-shaped expert with expertise in 𝑠𝑎(𝜚)𝑡 and general knowledge in all skill-areas of 𝑆𝑡 − {𝑠𝑎(𝜚)𝑡 }.
To estimate the mentioned probability, we have:

𝑃 (𝜚)(𝑐𝑎𝑖|𝑆𝑡) = 𝜆 ⋅ 𝑃 (𝜚)
𝐷𝐿𝑀 (𝑐𝑎𝑖|𝑆𝑡) + (1 − 𝜆) ⋅ 𝑃 (𝜚)

𝑅𝐷𝑀 (𝑐𝑎𝑖|𝑆𝑡), (1)

where 𝑃 (𝜚)
𝐷𝐿𝑀 (𝑐𝑎𝑖|𝑆𝑡) is the probability estimated by the proposed model DLM presented in Section 3.3, 𝑃 (𝜚)

𝑅𝐷𝑀 (𝑐𝑎𝑖|𝑆𝑡) is the
5

probability estimated by the state-of-the-art model RDM (Rostami & Neshati, 2019), and 𝜆 ∈ [0, 1] is a parameter.



Information Processing and Management 60 (2023) 103144P. Rostami and A. Shakery

3

i
r
s
e
t

As we explained in Section 1, RDM uses the number of a candidate’s documents in the required skill-areas as a resource for
estimating his/her knowledge, but intuitively it can be said that the number of the candidate’s documents alone cannot be a
sufficient resource for estimating his/her knowledge to perform tasks related to the 𝜚-th position in the agile team. Therefore,
in addition to RDM, we use the proposed model DLM, which uses the content of the candidate’s documents in the form of a
deep learning method. The combination of these two models allows the number and content of the candidate’s documents to
be considered simultaneously as resources for estimating his/her knowledge to work in the agile team. Therefore, we expect
that the combination of these two models performs better than each one alone.
Step 1.3. We store all the top 𝑘 candidates along with their probabilities estimated by Eq. (1) for the 𝜚-th position.

After the 𝑛th iteration, we have come up with 𝑛 lists of top 𝑘 candidates along with their probabilities for the 𝑛 positions.
Step 2. Forming the best agile team.
In this step, we want to form the best agile team from the candidates selected in the previous step. To this end, we represent the
agile team formation problem as an integer linear program as follows:

Maximize
𝑛
∑

𝜚=1

𝑘
∑

𝑖=1
𝑃 (𝜚)(𝑐𝑎𝑖|𝑆𝑡) ⋅𝑋𝜚,𝑖

Subject to ∀𝜚 ∶
𝑘
∑

𝑖=1
𝑋𝜚,𝑖 = 1

∀𝑖 ∶
𝑛
∑

𝜚=1
𝑋𝜚,𝑖 ≤ 1

∀𝜚, 𝑖 ∶ 𝑋𝜚,𝑖 ∈ {0, 1}.

(2)

In this program, the objective is to maximize the sum of the probabilities that the selected candidates are qualified to take the
positions of an agile team with the set of skill areas 𝑆𝑡. Here, 𝑋𝜚,𝑖 is a binary decision variable (according to the third constraint)
indicating whether candidate 𝑐𝑎𝑖 is selected for the 𝜚-th position of the agile team or not. The first constraint states that exactly
one candidate must be selected for each position, and the second constraint states that each candidate must be selected for at most
one position. In other words, these two constraints state that each position must be filled with one distinct candidate. A group
of candidates who can maximize the value of the objective function given the mentioned constraints forms the best agile team
possible.

In the next sub-section, we present our proposed deep learning model (DLM) to estimate the probability of 𝑃 (𝜚)
𝐷𝐿𝑀 (𝑐𝑎𝑖|𝑆𝑡) in Eq. (1).

.3. DLM architecture

In this section, we propose the deep learning model DLM, which is intended to estimate the probability of 𝑃 (𝜚)
𝐷𝐿𝑀 (𝑐𝑎𝑖|𝑆𝑡), which

ndicates the probability that candidate 𝑐𝑎𝑖 is relevant to the 𝜚-th position in an agile team with the set of skill-areas 𝑆𝑡. To be
elevant to the 𝜚-th position, 𝑐𝑎𝑖 should be a T-shaped expert who has expertise in skill-area 𝑠𝑎(𝜚)𝑡 and general knowledge in all
kill-areas of 𝑆𝑡 − {𝑠𝑎(𝜚)𝑡 }. Therefore, our deep learning model should be able to simultaneously acquire the shape of expertise,
xpertise in skill-area 𝑠𝑎(𝜚)𝑡 , and general knowledge in all skill-areas of 𝑆𝑡 − {𝑠𝑎(𝜚)𝑡 }. By knowing this information, DLM can estimate
he probability of 𝑃 (𝜚)

𝐷𝐿𝑀 (𝑐𝑎𝑖|𝑆𝑡) with the help of a fully connected (FC) network.
To estimate the shape of expertise, expertise, and general knowledge, DLM uses neural networks SHE, EKN, and GKN∙,

respectively. In all of these networks, we use the concept of time to discover the relevant knowledge because the shape of expertise
of candidates and the level of knowledge required to gain general/expert knowledge in each skill-area are constantly changing over
time. To consider the concept of time, we use a recurrent neural network that takes into account changing the distribution of topics
of documents associated with candidates/skill-areas over time.

The DLM architecture is fully illustrated in Fig. 2. In the following, we will explain the architecture of each of its parts in full
detail:

SHE: Learning a vector representation for the shape of expertise of 𝑐𝑎𝑖.
Here, first, a set of at most 𝑚 randomly selected documents associated with candidate 𝑐𝑎𝑖, 𝐷

[𝑚]
𝑐𝑎𝑖 ⊆ 𝐷𝑐𝑎𝑖 , is fed to a temporal feature

extractor (TFE). TFE is a recurrent neural network that takes a set of documents as input and outputs a representation for this set
by examining the distribution of topics of its documents over time. The TFE architecture is fully described in Section 3.3.1.
After TFE gets the set of documents 𝐷[𝑚]

𝑐𝑎𝑖 , it generates candidate representation of 𝑐𝑎𝑖, 𝑣𝑐𝑎𝑖 ∈ R𝑛𝑡 , which represents 𝑐𝑎𝑖’s profile
based on the distribution of topics of his/her documents over time. A fully connected network is then fed with vector 𝑣𝑐𝑎𝑖 to learn
the representation of the shape of expertise of candidate 𝑐𝑎𝑖, 𝑣𝑠𝑐𝑎𝑖 ∈ R𝑛𝑠 , based on his/her profile. Given 𝑣𝑠𝑐𝑎𝑖 , DLM can get closer to
accurately estimating the probability of 𝑃 (𝜚)

𝐷𝐿𝑀 (𝑐𝑎𝑖|𝑆𝑡) by estimating how T-shaped 𝑐𝑎𝑖 is.
EKN: Learning expert knowledge representation of 𝑐𝑎𝑖 given skill-area 𝑠𝑎(𝜚)𝑡 .
Here, first, a set of at most 𝑚 randomly selected documents associated with skill-area 𝑠𝑎(𝜚)𝑡 , 𝐷[𝑚]

𝑠𝑎(𝜚)𝑡

⊆ 𝐷𝑠𝑎(𝜚)𝑡
, is passed to TFE to

generate skill-area representation of 𝑠𝑎(𝜚)𝑡 , 𝑣𝑠𝑎(𝜚)𝑡
∈ R𝑛𝑡 . Then, vector 𝑣𝑠𝑎(𝜚)𝑡

and vector 𝑣𝑐𝑎𝑖 generated by SHE are fed together to a
6

knowledge representation extractor (KRE). KRE is a neural network that takes both a candidate representation and a skill-area
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Fig. 2. The architecture of our proposed model DLM.

representation as input and outputs a vector that represents the candidate’s knowledge in the required skill-area by learning the
common patterns between the two representations. The KRE architecture is fully described in Section 3.3.2.
After KRE gets both vector representations 𝑣𝑐𝑎𝑖 and 𝑣𝑠𝑎(𝜚)𝑡

, it learns expert representation of candidate 𝑐𝑎𝑖 given skill-area 𝑠𝑎(𝜚)𝑡 ,

𝑣𝑒𝑐𝑎𝑖 ∈ R𝑛𝑘 . Vector representation 𝑣𝑒𝑐𝑎𝑖 can facilitate the estimation of the probability of 𝑃 (𝜚)
𝐷𝐿𝑀 (𝑐𝑎𝑖|𝑆𝑡) for DLM.

GKNj, 1 ≤ j ≤ n-1: Learning general knowledge representation of 𝑐𝑎𝑖 given 𝑗th skill-area of 𝑆𝑡 − {𝑠𝑎(𝜚)𝑡 }.
The architecture of GKNj is similar to EKN; however, training of GKNj is for learning general knowledge representation of candidate
𝑐𝑎𝑖 given 𝑗th skill-area of 𝑆𝑡 − {𝑠𝑎(𝜚)𝑡 }, 𝑣𝑔𝑗𝑐𝑎𝑖 ∈ R𝑛𝑘 . Each of the vector representations 𝑣

𝑔𝑗
𝑐𝑎𝑖 , 1 ≤ 𝑗 ≤ 𝑛 − 1, can help DLM to estimate

the probability of 𝑃 (𝜚)
𝐷𝐿𝑀 (𝑐𝑎𝑖|𝑆𝑡) more accurately.

The concatenation of all the output vectors of the mentioned neural networks is passed to a fully connected network to estimate
the probability of 𝑃 (𝜚)

𝐷𝐿𝑀 (𝑐𝑎𝑖|𝑆𝑡).
In the following, we describe the architecture of TFE and KRE in Sections 3.3.1 and 3.3.2, respectively.

3.3.1. TFE: temporal feature extractor
TFE gets a set of textual documents and then generates a vector representation that represents the knowledge contained in this

set. To generate the vector representation, TFE examines the process of changing the distribution of topics of the documents over
time using a recurrent neural network (LSTM). To acquire the distribution of topics of each document, TFE uses LDA (Blei et al.,
2003), which is one of the most well-known methods for topic modeling.

To be more precise, TFE is used to learn candidate representation 𝑣𝑐𝑎𝑖 or skill-area representation 𝑣𝑠𝑎∙

𝑡
over time. We describe TFE

for the first purpose. The other can be described in the same way. The network takes documents of set 𝐷[𝑚]
𝑐𝑎𝑖 as input and then sorts

them in ascending order by their creation date. Next, it uses LDA topic modeling to extract document representation 𝑣 (𝑗′) ∈ R𝑛𝑑
7
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for every document 𝑑(𝑗
′)

𝑐𝑎𝑖 ∈ 𝐷[𝑚]
𝑐𝑎𝑖 , 1 ≤ 𝑗′ ≤ 𝑚. Finally, it feeds an LSTM neural network with {𝑣𝑑(1)𝑐𝑎𝑖

, 𝑣𝑑(2)𝑐𝑎𝑖
,… , 𝑣𝑑(𝑚)𝑐𝑎𝑖

} to learn candidate
epresentation of 𝑐𝑎𝑖, 𝑣𝑐𝑎𝑖 , over time.

.3.2. KRE: knowledge representation extractor
KRE gets both a candidate representation and a skill-area representation as input and then generates the candidate’s knowledge

n the required skill-area as a vector representation. More precisely, by learning common patterns between candidate representation
f 𝑣𝑐𝑎𝑖 and skill-area representation of 𝑣𝑠𝑎∙

𝑡
, KRE estimates the expert/general knowledge of candidate 𝑐𝑎𝑖 given skill-area 𝑠𝑎∙

𝑡 in the
form of a vector representation. To this end, in parallel, (1) concatenation of the given two vectors is fed into a fully connected
network to learn the expert/general knowledge representation, and (2) dot product of the given two vectors is calculated and is
then appended to the mentioned representation.

If the goal of the network is to learn expert knowledge representation (i.e., use of KRE in neural network EKN), there should be a
great deal of commonality between the given two vectors so that the expert knowledge representation can represent 𝑐𝑎𝑖’s expertise
in the given skill-area. Otherwise, i.e., when the goal of the network is to learn general knowledge representation (i.e., use of KRE
in neural network GKNj, 1 ≤ j ≤ n-1), there should be a relative commonality between the given two vectors so that the general
knowledge representation can represent 𝑐𝑎𝑖’s general knowledge in the given skill-area.

To sum up, this section presented an approach based on deep learning techniques and integer linear programming to solve the
gile team formation problem. In the next section, we will conduct the experiments.

. Experiments

.1. Evaluation measures

Let 𝑆𝑡 = {𝑠𝑎(1)𝑡 , 𝑠𝑎(2)𝑡 ,… , 𝑠𝑎(𝑛)𝑡 } be the set of skill-areas required for an agile team 𝑡, and 𝐶𝑡 = {𝑐𝑎(1)𝑡 , 𝑐𝑎(2)𝑡 ,… , 𝑐𝑎(𝑛)𝑡 } be the group
f candidates selected to build the team. To evaluate this team, we use the following measures introduced in Rostami and Neshati
2019). Here, 𝐺𝑒

𝑠𝑎∙

𝑡
and 𝐺𝑔

𝑠𝑎∙

𝑡
indicate the set of candidates who have expert and general knowledge in skill-area 𝑠𝑎∙

𝑡 according to the
golden set, respectively. Besides, 𝐺𝑒

𝑐𝑎∙

𝑡
denotes the set of skill-areas in which candidate 𝑐𝑎∙

𝑡 has expertise according to the golden set.

Coverage. This measure indicates what percentage of the skill-areas required for the team is covered by its members (Rostami &
Neshati, 2019). It is defined as follows:

𝑇 𝑒𝑎𝑚𝐶𝑜𝑣 = 1
𝑛

𝑛
∑

𝜚=1
𝑃𝑜𝑠𝐶𝑜𝑣(𝜚), (3)

in which 𝑃𝑜𝑠𝐶𝑜𝑣(𝜚) determines whether the candidate selected for the 𝜚-th position, 𝑐𝑎(𝜚)𝑡 , has expert knowledge in expertise
skill-area related to that position, 𝑠𝑎(𝜚)𝑡 :

𝑃𝑜𝑠𝐶𝑜𝑣(𝜚) =

⎧

⎪

⎨

⎪

⎩

1, if 𝑐𝑎(𝜚)𝑡 ∈ 𝐺𝑒
𝑠𝑎(𝜚)𝑡

,

0, otherwise.
(4)

Communication. This measure indicates how well team members are able to communicate with each other based on their
knowledge (Rostami & Neshati, 2019). It is defined as follows:

𝑇 𝑒𝑎𝑚𝐶𝑜𝑚 = 1
𝑛

𝑛
∑

𝜚=1
𝑃𝑜𝑠𝐶𝑜𝑚(𝜚), (5)

where 𝑃𝑜𝑠𝐶𝑜𝑚(𝜚) is a function that indicates how familiar the candidate selected for the 𝜚-th position, 𝑐𝑎(𝜚)𝑡 , is with the expertise
skill-areas related to other positions, {𝑠𝑎(𝜚

′)
𝑡 |𝜚′:1, ..., 𝑛, 𝜚′ ≠ 𝜚}. It is defined as follows:

𝑃𝑜𝑠𝐶𝑜𝑚(𝜚) = 1
𝑛 − 1

𝑛
∑

𝜚′=1,𝜚′≠𝜚
𝐻𝑎𝑠𝐾𝑛𝑜𝑤(𝜚, 𝜚′), (6)

in which 𝐻𝑎𝑠𝐾𝑛𝑜𝑤(𝜚, 𝜚′) determines whether candidate 𝑐𝑎(𝜚)𝑡 is familiar enough with skill-area 𝑠𝑎(𝜚
′)

𝑡 , or in other words, whether
he/she has at least general knowledge in skill-area 𝑠𝑎(𝜚

′)
𝑡 :

𝐻𝑎𝑠𝐾𝑛𝑜𝑤(𝜚, 𝜚′) =

⎧

⎪

⎨

⎪

⎩

1, if 𝑐𝑎(𝜚)𝑡 ∈ 𝐺𝑔

𝑠𝑎(𝜚
′)

𝑡

∪ 𝐺𝑒
𝑠𝑎(𝜚

′)
𝑡

,

0, otherwise.
(7)

Optimality. This measure indicates what percentage of team members are cost-effective based on their knowledge, which probably
estimates the income they expect to earn (Rostami & Neshati, 2019). The measure is defined as follows:

𝑇 𝑒𝑎𝑚𝑂𝑝𝑡 = 1
𝑛

𝑛
∑

𝑃𝑜𝑠𝑂𝑝𝑡(𝜚), (8)
8
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Table 2
Summary of datasets statistics.
Dataset #Skill-areas #Posts #Users

#Questions #Answers #Experts #Non-experts

#T-shaped #Non-T-shaped

C# 20 763,717 1,453,649 1,976 2,514 79,605
Java 26 810,071 1,510,812 1,744 2,394 79,419

where 𝑃𝑜𝑠𝑂𝑝𝑡(𝜚) determines how cost-effective candidate 𝑐𝑎(𝜚)𝑡 is based on the number of skill-areas in the collection in which
he/she has expert knowledge:

𝑃𝑜𝑠𝑂𝑝𝑡(𝜚) =

⎧

⎪

⎨

⎪

⎩

1
|𝐺𝑒

𝑐𝑎(𝜚)𝑡
|

2 , if ∃𝑠𝑎 ∈ 𝑆, 𝑐𝑎(𝜚)𝑡 ∈ 𝐺𝑒
𝑠𝑎,

0, otherwise.
(9)

F-measure. This measure indicates a trade-off between the mentioned measures by calculating their harmonic mean as follows:

𝑇 𝑒𝑎𝑚𝐹 = 3
1

𝑇 𝑒𝑎𝑚𝐶𝑜𝑣 + 1
𝑇 𝑒𝑎𝑚𝐶𝑜𝑚 + 1

𝑇 𝑒𝑎𝑚𝑂𝑝𝑡

. (10)

We evaluate the overall performance of agile team formation methods using this measure.

.2. Datasets

In this paper, we use two datasets C# and Java generated by Rostami and Neshati (2019), which are augmented versions of
wo of the three datasets generated by Gharebagh et al. (2018). Both datasets contain a large number of documents posted on
tackOverflow from August 2008 to March 2015. A summary of general statistics of both datasets is presented in Table 2.

Dataset C# comprises 763,717 questions that have been tagged with c# and 1,453,649 answers to those questions. Each of
hese documents is associated with one or more of the 20 skill-areas related to c# language programming that have been extracted
y Gharebagh et al. (2018).3 In each skill-area, each user is classified into three categories of expert, possessor of general knowledge,
nd possessor of beginner knowledge based on the number of his/her accepted answers posted in response to questions related to
his skill-area. Then, according to his/her level of knowledge in various skill-areas, his/her shape of expertise is determined. In
otal, there are 84,095 users, 1,976 of whom are T-shaped experts and 2,514 of whom are non-T-shaped experts. We use 5-fold
ross-validation to make sure that every user will be tested. The description of dataset Java is similar to the description of dataset
#.

It is worth noting that, as can be perceived from the description of the datasets, in the golden set, we only know what shape
f expertise each candidate has and what level of knowledge he/she has in each skill-area. Therefore, we cannot extract the actual
utput of model DLM directly from the golden set. In order to calculate the actual output, we use the harmonic mean of the functions
𝑜𝑠𝐶𝑜𝑣(𝜚), 𝑃𝑜𝑠𝐶𝑜𝑚(𝜚), and 𝑃𝑜𝑠𝑂𝑝𝑡(𝜚) presented in Section 4.1 because it can determine how relevant a given candidate is to the
-th position of an agile team according to the golden set.

.3. Baseline methods

We use two state-of-the-art methods XEBM and RDM proposed in Rostami and Neshati (2019) as the baseline methods. XEBM
s an entropy-based method that employs two main approaches simultaneously to select the right candidates for an agile team:
1) calculating the diversity among candidates’ level of knowledge in various skill-areas and (2) comparing candidates’ level of
nowledge in the required skill-areas with the average level of knowledge in those skill-areas per candidate. RDM, similar to XEBM,
s a non-machine learning method that picks out the right candidates to build an agile team by employing two main approaches
imultaneously: (1) estimating the relative deepness of candidates’ knowledge in their strongest skill-area and (2) an approach
imilar to the second approach employed in XEBM. In both XEBM and RDM, the number of documents is used as the resource for
stimating the knowledge.

.4. Implementation details and parameter settings

We have used Keras4 library to implement our proposed model DLM. For training, we have used RMSprop optimizer with a
earning rate of 0.005 and a batch size of 512. In addition, we have used mean absolute error as the loss function. Gensim5 library

3 Each extracted skill-area represents a set of related tags.
4 https://keras.io/
5 https://radimrehurek.com/gensim/
9
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has been used to extract LDA topic distribution of documents, and PULP_CBC_CMD solver in PuLP6 library has been used for solving
the integer linear programming problem.

In this work, we have used answers posted by candidates as their documents. We have considered size of an agile team, 𝑛, to
be 3 and we have set number of LDA topics, 𝑛𝑑 , to 100. In addition, number of units in each LSTM cell has been set to 32; hence,
number of output neurons of TFE, 𝑛𝑡, is also 32. Moreover, number of output neurons of KRE, 𝑛𝑘, and size of vector representation
of shape of expertise of candidate 𝑐𝑎, 𝑛𝑠, have been set to 8.

The LSTM layer uses both a dropout rate and a recurrent dropout rate of 0.6. The fully connected networks used in SHE and KRE
contain a hidden layer with 16 neurons, followed by a batch normalization layer, and then a dropout layer with a dropout rate of
0.6. Moreover, we have performed batch normalization and dropout at a rate of 0.3 after the output layers of these networks. Also,
the last fully connected network used in DLM contains two hidden layers with sizes 16 (first hidden layer) and 4 (second hidden
layer), each of which is followed by a batch normalization layer.

In Section 4.5, we will examine how effectiveness of our proposed method varies by changing (1) maximum number of documents
selected for candidate 𝑐𝑎𝑖 and each of the skill-areas of set 𝑆𝑡, 𝑚, (2) number of top candidates selected from model 𝑅𝐷𝑀 , 𝑘, and
(3) parameter 𝜆 in Eq. (1).

4.5. Results and discussion

In this section, we intend to answer the following research questions by designing several experiments:

RQ1: In DLM, we used two ways to estimate candidates’ knowledge in the required skill-areas: (1) dot product and (2)
concatenation. How do these two variants affect the performance of our proposed method?
RQ2: How does the performance of our proposed method vary by changing the parameters 𝑚, 𝑘, and 𝜆?
RQ3: Which measures can our proposed method influence the most compared to other methods? Does it have the best overall
performance?
RQ4: In terms of the shape of expertise of candidates selected for agile teams, how does our proposed method perform compared
to other methods? Does it use T-shaped experts more than others to form agile teams?

We will answer research questions RQ1 to RQ4 in Sections 4.5.1 to 4.5.4, respectively.
It is worth mentioning that in this section, by the proposed method, we mean method DLM + RDM. In addition, whenever we

mention the overall performance, we mean the performance in terms of F-measure.

4.5.1. Analysis of approaches used in KRE
Fig. 3 shows the effects of using dot product and concatenation in KRE on the overall performance of our proposed method on

two datasets C# and Java. In this figure, by F-measure, we mean the value of the best F-measure obtained by testing all values of the
parameter 𝑘 from 3 to 50 and all possible values with an accuracy of 2 decimal places for parameter 𝜆. The following observations
can be made from Fig. 3:

• In general, using the dot product of vector representations of candidates and skill-areas in KRE has a greater impact on the
performance of our proposed method than using a fully connected network fed by the concatenation of these two representations.

• Although the performance of the concatenation variant is generally weaker than the dot product, the simultaneous use of these
two variants can perform better than each one alone. This shows that each of these variants can complement the other.

It should be noted that since the performance changes in these three variants (i.e., dot product, concatenation, and simultaneous
use of the two variants) with respect to m are almost similar and we want to analyze the parameter m completely in the next
sub-section, we will skip this analysis for now.

4.5.2. Parameter sensitivity
Fig. 4 shows the effects of changes in parameters 𝑚 and 𝑘 on the overall performance of our method on two datasets C# and

Java in the form of two heatmap diagrams. In each diagram, the value (i.e., color) of each cell represents the value of the best
F-measure for a particular 𝑘 and 𝑚. The best F-measure is obtained by testing all possible values with an accuracy of 2 decimal
places for parameter 𝜆. The following observations can be made from Fig. 4:

• For any value of 𝑚, despite the fluctuations observed in the performance of our method at small 𝑘, from one point onward, in
general, the higher the value of 𝑘, the weaker the performance of our method. Therefore, the performance of our method at
relatively small 𝑘 is better than the performance when 𝑘 is large. This shows that if the number of top candidates selected from
model RDM is relatively small, our method has more power to select the best of them to form an agile team.

6 https://coin-or.github.io/pulp/
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Fig. 3. The effects of using dot product and concatenation in KRE on the performance of our proposed method.

Fig. 4. Sensitivity analysis of our proposed method to changes in parameters 𝑚 and 𝑘.

• Up to 𝑚 = 100, the higher the value of 𝑚, the better the performance of our method. For values of 𝑚 greater than 100, the
performance is worse than when 𝑚 = 100 but it is generally better than when 𝑚 is less than 100. This shows that if we feed a
maximum of 100 documents associated with each candidate and skill-area into DLM, we can find more qualified candidates to
form an agile team. If the maximum number of selected documents is more than 100, because of the large number of learnable
parameters, DLM is prone to overfit and is therefore unable to generalize better than when the maximum number of selected
documents is 100.

It should be noted that as shown in Fig. 4, in dataset C#, our method performs best when 𝑚 = 100 and 𝑘 = 13, and in dataset
Java, it performs best when 𝑚 = 100 and 𝑘 = 6. In the rest of this section, we will perform our experiments based on these settings.

Fig. 5 shows the effects of changes in parameter 𝜆 on the performance of our method in terms of Coverage, Communication,
Optimality, and F-measure on both datasets C# and Java. Based on this figure, we can make the following observations:

• In general, the smaller the value of 𝜆, the higher the performance of our method in terms of Coverage and Communication; hence,
since according to Eq. (1), the smaller the value of 𝜆, the larger the effect of RDM, RDM performs better in terms Coverage and
Communication.

• In general, the larger the value of 𝜆, the higher the performance of our method in terms of Optimality; hence, since according
to Eq. (1), the larger the value of 𝜆, the larger the effect of DLM, DLM performs better in terms of Optimality.

• With respect to the above observations, finding the best trade-off point that simultaneously uses RDM to increase Coverage and
Communications and DLM to increase Optimality is crucial because at this point, the best overall performance of our method
(i.e., the best performance in terms of F-measure) will be achieved.
On dataset Java, 𝜆 = 0.41 is the point that leads to the best possible trade-off between Coverage, Communication, and Optimality.
Here, the closer the value of 𝜆 is to 0.41, the better the overall performance of our method. In addition, the farther away the
value of 𝜆 is from 0.41, the weaker the overall performance of our method, because if 𝜆 → 0, F-measure decreases as Optimality
decreases, and if 𝜆 → 1, it decreases as Coverage and Communication decrease. Moreover, on dataset C#, 𝜆 = 0.36 is the best
possible trade-off point. The analysis of the changes in F-measure on dataset C# is similar to the changes on dataset Java, with
the difference that from the best trade-off point (i.e., 𝜆 = 0.36) to 𝜆 = 0.8, the value of F-measure fluctuates slightly,7 but as
expected it decreases when 𝜆 is greater than 0.8.

7 Due to the enlarged scale, the fluctuations seem large despite their small size.
11
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Fig. 5. Sensitivity analysis of our proposed method to changes in parameter 𝜆.

4.5.3. Performance comparison
Table 3 shows the performance of methods XEBM, RDM, DLM, and DLM + RDM on two datasets C# and Java in terms of

Coverage, Communication, Optimality, and F-measure. For DLM and DLM + RDM, we use the parameters set in Section 4.5.2. The
following observations can be made from Table 3:

• RDM vs. XEBM: On datasets C# and Java, the performance of RDM in terms of F-measure is superior to XEBM by 21.2% and
9%, respectively. More precisely, on dataset C#, although RDM performs worse than XEBM by 3.8% in terms of Coverage, it
outperforms XEBM by 9.5% and 25.1% in terms of Communication and Optimality, respectively; hence, its overall performance
is better than XEBM. In addition, on dataset Java, RDM performs worse than XEBM by 10% and 4% in terms of Coverage and
Communication, respectively, but it outperforms XEBM by 18.4% in terms of Optimality; hence, its overall performance is also
better than XEBM.

• DLM vs. RDM: DLM and RDM are generally not superior to each other. In terms of F-measure, RDM outperforms DLM by 1%
on dataset C#, whereas on dataset Java, DLM outperforms RDM by 3.9%. RDM has achieved this performance with a focus on
Coverage and Communication, while DLM has achieved this performance with a focus on Optimality. These show that the content
of candidates’ documents can be very important in estimating the candidates’ shape of expertise. In contrast, using the content
to estimate candidates’ level of general/expert knowledge in the required skill-areas is more challenging than estimating based
only on the number of documents in those skill-areas.

• DLM + RDM vs. DLM and RDM: DLM + RDM has the best overall performance among the methods presented in Table 3.
Due to the simultaneous use of DLM and RDM, DLM + RDM is able to cover the weaknesses of DLM in terms of Coverage and
Communication by utilizing the strengths of RDM in terms of Coverage and Communication, and it is able to cover the weaknesses
of RDM in terms of Optimality by utilizing the strengths of DLM in terms of Optimality. More precisely, on dataset C#, DLM +
RDM outperforms DLM by 8.6% and 13.1% in terms of Coverage and Communication, respectively, and outperforms RDM by 28%
12
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Table 3
Performances of the baselines methods (i.e., XEBM and RDM) and the proposed methods (i.e., DLM and DLM+RDM) on two
datasets C# and Java in terms of Coverage, Communication, Optimality, and F-measure.
Dataset Method Evaluation measures

Coverage Communication Optimality F-measure

C#
XEBM 0.952 0.399 0.474 0.419
RDM 0.917 0.437 0.593 0.508
DLM 0.835 0.360 0.747 0.503
DLM + RDM 0.907 0.407 0.762 0.549

Java
XEBM 0.902 0.368 0.408 0.378
RDM 0.820 0.354 0.483 0.412
DLM 0.738 0.318 0.626 0.428
DLM + RDM 0.792 0.347 0.632 0.459

Fig. 6. The distribution of candidates selected for agile teams based on their shapes of expertise and the methods used. Here, by the shapes of expertise, we
mean Non-experts, Non-T-shaped experts, and T-shaped experts.

in terms of Optimality; hence, in terms of F-measure, it is superior to RDM and DLM by 8.1% and 9.1%, respectively. In addition,
on dataset Java, DLM + RDM outperforms DLM by 7.3% and 9.1% in terms of Coverage and Communication, respectively, and
outperforms RDM by 30.8% in terms of Optimality; hence, in terms of F-measure, it is superior to RDM and DLM by 11.4% and
7.2%, respectively. As a result, it can be said that the simultaneous use of the number and content of candidates’ documents can
play an important role in accurately estimating the relevant knowledge of candidates seeking to join an agile team.

4.5.4. Analysis of shapes of expertise
Fig. 6 shows the distribution of candidates selected to form agile teams based on their shapes of expertise and the methods

used. In general, the smaller the number of selected Non-experts (i.e., the blue part) and the larger the number of selected T-shaped
experts (i.e., the green part), the better. Based on Fig. 6 and referring to Table 3, we can make the following observations:

• Although XEBM has used more experts than other methods to form agile teams, it has used fewer T-shaped experts than other
methods. This is because XEBM has the best performance in terms of Coverage, but it has the worst performance in terms of
Optimality.

• Compared to XEBM, RDM has used more T-shaped experts for agile teams. This is because RDM outperforms XEBM in terms of
Optimality.

• Although DLM has used fewer experts than XEBM and RDM, it has used more T-shaped experts than them. The reason is that
DLM is inferior to XEBM and RDM in terms of Coverage, but instead, it is superior to them in terms of Optimality.

• Similar to RDM, DLM + RDM has used experts more than DLM because it outperforms DLM in terms of Coverage. Also, similar
to DLM, it has used T-shaped experts more than RDM because it outperforms RDM in terms of Optimality.

5. Implications

Here, we clearly describe the theoretical and practical implications of our research and discuss how our research differs from
existing work.

Existing studies on the agile team formation problem can be criticized from two perspectives: (1) They have used some heuristic
non-machine learning methods to solve the problem, while machine learning has been successful in similar tasks such as expert/T-
shaped expert ranking, and (2) Their main resource for estimating candidates’ relevant knowledge was only the number of the
candidates’ documents in the required skill-areas, while the content of the candidates’ documents is also a valuable resource to
estimate the required knowledge from the candidates’ profile. Our main proposed method (i.e., DLM + RDM) not only remedies
13
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learning model called DLM, which examines the distribution of topics extracted from the content of candidates’ documents over time
to estimate how relevant the candidates are to the positions of a given agile team. We then combined DLM with the best existing
method called RDM to make use of both models that can be complementary.

We practically compared our method with two existing related methods, namely XEBM and RDM, using two datasets extracted
rom StackOverflow. We showed that the baseline methods perform better in terms of Coverage and Communication, but on the
ther hand, DLM performs much better in terms of Optimality. For this reason, the proposed method DLM + RDM, which is a
ombination of DLM with the best baseline method (i.e., RDM), is able to take advantage of the strengths of each to cover the
eaknesses of the other and thus lead to forming better agile teams. According to the results, we also found that using the content
f candidates’ documents can be very important for estimating their shape of expertise that requires a deep understanding of their
rofile. For this reason, DLM and DLM + RDM use more T-shaped experts than baseline methods to form agile teams.

In the future, researchers can develop new methods using our framework. In our opinion, they can take at least three approaches
o better form agile teams:

1. Providing a new model instead of RDM:
We have shown that the number of documents is a valuable resource for estimating the knowledge of candidates who want
to work in an agile team. Therefore, if researchers can propose a new model instead of RDM to better estimate candidates’
knowledge based on the number of their documents, they can possibly improve the performance of the main proposed method
(Eq. (1)).

2. Providing a new model instead of DLM:
We have shown that the content of documents is also a valuable resource for estimating candidates’ knowledge for agile
teams. Therefore, if researchers can propose a new model instead of DLM to better estimate candidates’ knowledge based on
the content of their documents, they can possibly improve the performance of the main proposed method (Eq. (1)).

3. Extending Eq. (1):
Researchers can extend Eq. (1) by adding a new model that uses a different valuable resource of knowledge to estimate
candidates’ knowledge in agile teams. For example, the network of candidates, which can be created through questions
and answers exchanged among candidates on CQA sites, can possibly be a valuable resource of knowledge to find the best
candidates for agile teams.

. Conclusion and future work

In this paper, we addressed the agile team formation problem, where the input is a set of skill-areas required for a project and
he ideal output is the best agile team possible for carrying out the project. To solve the problem, we presented an integer linear
rogramming model to select the best group of T-shaped experts who can form the given agile team. In addition, a multi-step iterative
ethod, which simultaneously applies baseline model RDM and proposed model DLM, was used to determine whether a candidate

s relevant to a given position in the agile team. RDM is a heuristic non-machine learning model that estimates candidates’ relevant
nowledge by focusing on the number of their documents in various skill-areas. In contrast, DLM is a proposed deep learning model
hat uses the content of candidates’ documents to estimate the knowledge they need to work in a given agile team. More precisely,
LM estimates whether a candidate has the relevant knowledge to work in an agile team by estimating his/her shape of expertise,

evel of expertise, and level of general knowledge in parallel. To estimate the shape of expertise, it uses a recurrent neural network
hat learns the candidate’s temporal profile by analyzing the process of changing the distribution of topics of his/her documents
ver time. In addition, to estimate the general/expert knowledge, DLM uses a deep neural network that compares the candidate’s
emporal profile with the expected temporal profile of a candidate having general/expert knowledge in the required skill-areas. RDM
as able to improve the performance of our method in terms of Coverage and Communication, while DLM improved its performance

n terms of Optimality. For this reason, the simultaneous use of these two models could improve the overall performance of our
ethod. On datasets C# and Java, our method outperforms RDM, which is considered the best baseline method, by 8.1% and 11.4%

n terms of F-measure, respectively.
For future work, we intend to use more resources to better estimate candidates’ knowledge to work in an agile team. In addition

o the number and content of candidates’ documents, using the network of candidates may also be useful. To create this network,
e can use the questions and answers exchanged among candidates on StackOverflow.
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