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Abstract. Human resources management is one of the most overriding
parts of organizations. They are always willing to hire individuals who
meet their requirements while do not impose high costs on the organiza-
tion. Hence, most organizations, in particular, those which are engaged
in Computer Engineering industry are inclined to find and employ in-
dividuals who are characterized by their deep disciplinary knowledge in
one single area, and their ability to collaborate across different aspects
of projects due to their general knowledge in other areas. Nowadays,
Community Question Answering i.e. CQA websites are among the best
places to find experts. In this study, we propose two models to find and
then rank experts with specialty in a specific skill area, as well as gen-
eral knowledge in the other skill areas i.e. T-shaped users. We estimate
the profile diversity of users in our models to detect those who have the
aforementioned feature in CQAs, particularly Stackoverflow. Our exper-
iments on three real test collections generated from Stackoverflow’s pub-
lished data indicate the efficiency of the proposed models in comparison
with the state-of-the-art expertise retrieval approach.

1 Introduction

Human resources management (HRM) is one of the most precious assets of any
organization. A considerable amount of organizations’ budget is dedicated to the
employment of human resources. The process of hiring new employees is costly,
hence human resources departments are always looking for less costly ways to
recruit new members. Recruiting the right person is crucial since if the new
employee’s skills do not satisfy the minimum requirements of the job position,
it might cause a delay or even failure in projects.

There are many available resources for organizations to find the right per-
son for their needs. One of these resources is Community Question Answering
(CQA) networks such as Stackoverflow1 and Stackexchange2 which are special-
ized in specific domains [1, 2]. CQA networks create a community of users by
encouraging them to answer and ask questions which are related to different

1 https://stackoverflow.com
2 https://stackexchange.com



topics. Users can provide feedback to the community by accepting answers, giv-
ing up-vote and down-vote, and also commenting [3]. Moreover, CQA websites
employ gamification approaches to motivate users and accordingly improve the
quality of their contribution [4]. As a renowned CQA website, Stackoverflow
has become one of the most useful resources for developers and software engi-
neers to find answers to their questions, as well as for recruiters to find talented
candidates in specific areas of software engineering [5].

Different elements should be combined together to make a software solu-
tion and deliver an end-to-end service. A typical software project is composed
of different layers including data access layer, business logic layer, and also the
user interface layer. In a software development team, there are also different
roles including designers, analyzers, back-end/front-end developers, DBAs (i.e.
database administrators), DevOps, and also testers, all who are responsible to
develop different facets of a project. Various skills are required to play these
roles to deliver a project on time and within budget. As an instance, to develop
a flawless Java web-based application, front-end developers should be expert
in client-side frameworks/languages such as javascript, jquery, and html while
back-end developers should be professional in dealing with server-side frame-
works/languages like hibernate, spring, j2ee and so forth.

Nowadays, most IT companies adopt agile methodologies as their software
development process [6]. In agile software development, the size of DevOps teams
is usually small (typically less than 5) and team members are required to com-
municate and interact with each other effectively. One approach to form agile
teams is to hire people with multiple expertise areas (i.e. full-stack developers).
Although this approach can enhance the communication between team members,
it imposes high costs on the company since those who are expert in multiple
areas are usually experienced professionals and accordingly they demand high
salaries. A superior approach to overcome this problem is to appoint people who
are expert in a single area and have general knowledge in other areas with which
the project is involved [6]. To be more specific, suppose a scenario in which a
company wants to get its two positions filled. The first position is involved with
back-end technologies whereas the second one is related to front-end. As a matter
of fact, this company has the following variety of options to choose:

1. Exploiting a full-stack developer who takes the responsibility of the two
positions.

2. Hiring two full-stack developers and assigning them to the positions.
3. Recruiting a “generalizing specialist”3 for one of the positions, and a full-

stack developer for another position.
4. Employing two specialists to fill the two positions.
5. Appointing two generalizing specialists for each of the positions.

The best choice would be the fifth option. That is, in the first option, the
project becomes individual-centric and there is not any backup person for that

3 In our example, a person who is specialized in front-end development, but also has
general knowledge in back-end technologies (or vice versa) is called generalizing
specialist.



individual. The second and third options inflict relatively higher costs on the
company. That is, a full-stack developer demands much more salary than a gen-
eralizing specialist4. Moreover, the fourth option is in contrast with the mani-
festo of modern software engineering as agile teams’ members are expected to
collaborate across different aspects of projects if needed.

Over the recent years, several research studies have been made on the sub-
ject of analyzing user behavior patterns in CQAs [2, 7, 8]. Following generalizing
specialists concept introduced in [6, 7], in this paper, we propose two models to
label Stackoverflow’s users as non-experts, T-shaped users, and C-shaped (i.e.
Comb-shaped) users. T-shaped users are those with deep knowledge in a par-
ticular skill area (the area of specialization, expressed as the vertical bar of the
T) and also general knowledge in more than zero area (the areas of general-
ization, expressed as the horizontal bar of the T) whereas Comp-shaped users,
as the name implies, have deep knowledge in several skill areas. As mentioned
before, recruiters of agile teams prefer to hire T-shaped candidates rather than
C-shaped as T-shaped candidates are more affordable. Additionally, in modern
IT industry, T-shaped employees are extremely in demand due to an increasing
convergence of technologies and changes in software development. Our experi-
ments indicate that although the state-of-the-art model proposed by Balog et
al. [9] can retrieve T-shaped users to some extent, it is biased towards C-shaped
users. In this study, we propose two models to promote T-shaped users to better
ranks, compared to the document-based model proposed in [9].

2 Related Work

Expert finding has been an active area of research in Information Retrieval
[10, 11]. Different approaches to this problem including candidate-based and
document-based models are discussed in [9].

The earliest allusion to T-shaped people was coined by David Guest [12].
More recently, with the advent of agile methodologies, a need has emerged for
finding T-shaped people who can work interdisciplinarily in software project
teams [6], according to the manifesto of the agile software development.

Moreover, Kumar and Pedanekar [7] introduced the idea of mining shapes
of user expertise in a Community Question Answering (CQA). They found that
expertise in CQA forums often involves making contribution in a variety of areas
of expertise rather than a single area. They defined different expertise shapes
including I-, T-, and C-shaped, however, in their study, they merely proposed a
method to label each candidate, but not to rank them. In our study, we aim to
propose a practical retrieval model to find T-shaped users on Stackoverflow and
also name expertise of users in our golden set.

4 Assuming that a full-stack developer is expert in multiple areas.



3 Mining the Shape of Expertise

In this section, in order to generate our golden set, we first explain the skill
area’s concept and the ways of generating them for each data collection. Then,
in each skill area, we divide users into three groups according to their knowledge
level. Finally, we determine users’ shape of expertise based on their knowledge
level in the set of their associate skill areas.

3.1 Skill Areas

Each question in Stackoverflow is associated with one or more tags which can be
used to explore and search relevant questions. A set of related tags can represent
a skill area in terms of programming language. For example, swing, jtable, user
interface, jpanel, and jframe, which are semantically related tags, form Java
User Interface skill area. In other words, each skill area contains multiple tags.
Recruiters usually prefer to find experts on specific skill areas since skill areas
are rather broader topics.5

Stackoverflow contains questions and answers which are related to differ-
ent programming languages. We have divided the entire collection of posts into
smaller collections which are related to specific programming languages. In order
to identify skill areas, we went through three steps. Firstly, we extracted top-200
frequent tags from each collection. Secondly, we employed agglomerative cluster-
ing (average linkage) algorithm to obtain an initial clustering of tags. To set up
this algorithm, the similarity between each pair of tags (t1 and t2) is calculated
using Jaccard Coefficient [13] as follows:

Similarity(t1, t2) =
| Qt1

⋂
Qt2 |

| Qt1

⋃
Qt2 |

(1)

where Qt is the set of questions containing tag t. Finally, in order to have a more
precise clustering, we asked a group of recruiters to revise the initial clustering
according to the most demanding skill areas they are interested in hiring. Table
1 indicates some of these skill areas for java, and android collections.6

3.2 Knowledge Levels in Stackoverflow

In the realm of Stackoverflow, the accepted answers associated with a skill area
can be considered as an evidence of the author’s knowledge in the corresponding
skill area. For a given skill area sa, the knowledge of a user e can be rated into
three different levels including beginner, intermediate, and advanced. In order
to define these knowledge levels, we define precision and recall of the answers
provided by user e as follows:

5 For example, recruiters are looking for experts on User Interface rather than jtable
or jframe or etc.

6 The complete list of skill areas with associated tags is made publicly available at
http://bit.ly/tshaped-mining



Table 1. Sample of skill areas for Java and Android collections

Java Android

OOP Spring User Interface Game

inheritance spring textview unity3d
class spring-mvc relativelayout libgdx

object spring-security scrollview andengine

– Precision(sa, e): The ratio of the accepted answers associated with user e
to all answers provided by him on those which are associated with skill area
sa.

– Recall(sa, e): The normalized ratio7 of the accepted answers provided by
user e to the total number of accepted answers associated with skill area sa.

To combine these two measures, we have utilized F-measure as follows:

F =
2 ∗Recall ∗ Precision
Recall + Precision

(2)

Users of each skill area are sorted in descending order according to their
F-measure value and then top 5% of the ranking is marked as users who hold
advanced knowledge, the next 20% possess intermediate knowledge, and the rest
have beginner knowledge on the corresponding skill area. To put it another way,
we have considered top 25% intermediated or advanced users and the rest as
beginners.

3.3 Categorization of Users

Stackoverflow’s users can be categorized into three groups depending on their
count of associated skill areas and depth of knowledge in such areas as follows.8

– Non-expert: The users who do not have advanced knowledge in any skill
areas are known as non-expert users.

– T-shaped: Those users who possess advanced knowledge in one single skill
area, as well as intermediate knowledge in one or more skill areas, are char-
acterized as T-shaped users.

– C-shaped: Those users who hold advanced knowledge in more than one
skill areas are known as C-shaped users.

Based on these definitions, we have labeled the users who have posted in
three communities of Java, Android, and C#. The categorization of users and
the portion of each type in Java collection are shown in Fig. 1. As mentioned in
Sect. 1, rather than C-shaped experts, recruiters usually prefer to hire T-shaped
experts since they are more affordable. Thus, T-shaped expert finding is a
practical and industry-motivated problem in expert retrieval.

7 Min-Max Normalization has been applied
8 It has to be noted that other shapes of knowledge (e.g. I-shape, Π-shape) can be

defined but for the sake of simplicity, we leave them out in this paper.



C-shaped     2%

T-shaped    2.95%
Non-expert    95.05%

Fig. 1. The share of expertise shapes in Java collection

4 Modeling Expertise Retrieval

Expert finding task is defined as retrieving a list of candidates which are ranked
according to a given query (i.e. skill area). In this section, we first introduce the
preliminaries and the baseline approach proposed by Balog et al. [9] and then de-
scribe entropy-based approach alongside the extended entropy-based approach.

4.1 Preliminaries

For a given skill area sa, the problem of detecting T-shaped users can be formu-
lated using generative probabilistic model which expresses the probability of can-
didate e being T-shaped and relevant to skill area sa i.e. P (R = 1, T = 1|e, sa)
where R and T are binary random variables indicating the relevancy and T-shape
likeness of candidate e, respectively. By assuming conditional independence be-
tween R and T, this likelihood is calculated as shown in Eq. 3

P (R = 1, T = 1|e, sa) = P (R = 1|e, sa).P (T = 1|e, sa) (3)

in which P (R = 1|e, sa) denotes the probability that candidate e be relevant
to skill area sa and can be obtained using the state-of-the-art document-based
model proposed by Balog et al.. Additionally, P (T = 1|e, sa) indicates the prob-
ability of being T-shaped, assuming that candidate e holds an advanced knowl-
edge in skill area sa. A significant amount of this paper is devoted to estimate
the likelihood of P (T = 1|e, sa).

4.2 Document-based Approach (DBA)

As mentioned in previous section, P (R = 1|e, sa) can be determined by the
model proposed by Balog et al.[9]. This probability is conceptually equivalent to
P (e|sa). In this model, for a given skill area sa, the relevance probability of a
user e is determined by the following equation:

P (R = 1|e, sa) = P (e|sa) =
P (e)P (sa|e)

P (sa)
(4)



where P (e) denotes the prior relevance probability of user e and is considered
to be uniform in document-based model, P (sa) is constant and does not af-
fect ranking and will be ignored in the calculations. Therefore, P (e|sa) can be
estimated by P (sa|e) which is calculated using Eq. 5.

P (sa|e) =
∑
d∈De

∏
t∈sa

{
(1− λd).P (t|d) + λd.P (t)

}n(t,sa)

.P (d|e) (5)

where sa is the concatenation of the related tags representing skill area sa,
P (sa|e) denotes the relevance probability of candidate e to query sa according
to the document-based model, De is the set of answers associated with candidate
e, λd is the parameters of the model, and P (d|e) is the binary association strength
between document d and candidate e.

4.3 Entropy-based Approach (EBA)

As mentioned in Sect. 4.1, we aim to estimate P (T = 1|e, sa) which can be
obtained using Bayes’ Theorem as follows:

P (T = 1|e, sa) =
P (T = 1)

P (e, sa)
.P (e, sa|T = 1) (6)

=
P (e)

P (e, sa)
.P (T = 1|e).P (sa|e, T = 1) (7)

in which P (e)
P (e,sa) is constant for a given candidate e and skill area sa. Therefore,

it can be omitted from the calculations, P (T = 1|e) denotes the probability
that candidate e is T-shaped. Moreover, P (sa|e, T = 1) is the likelihood that
candidate e is T-shaped and have advanced knowledge on skill area sa 9. In
this method, this probability is set to be uniform for all skill areas, for a given
candidate e (i.e. P (sa|e, T = 1) ≈ 1).

In order to estimate P (T = 1|e), we should take two indicators into consid-
eration. First, the expertise of a T-shaped user is deeper than a non-expert user.
So, this probability is proportional to the answer counts associated with the user
(i.e. |De|)10 as each answer is an evidence of his expertise. Second, diversity of
a T-shaped user is less than a C-shaped user. Therefore, this probability nega-
tively correlates with user’s diversity which can be estimated using his entropy
(i.e. H(e)).

P (T = 1|e) ∝ log |De|
H(e)

(8)

Entropy is a measure of how ”mixed up” a variable is and refers to the impu-
rity of the variables. Indeed, it shows uncertainty or randomness [13]. Answers

9 It is worth noting that this probability semantically exposes that skill area which
cause candidate e to be T-shaped.

10 Logarithm is used to dampen the importance of document count
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Fig. 2. Share of T-shaped and C-shaped users according to their entropy range frag-
mented in 10 bins. Non-expert users have been excluded for the sake of simplicity.

associated with a user are usually distributed on several skill areas. Intuitively,
the more diverse answers of a user, the higher the uncertainty is and accordingly
the associated entropy would be higher. In order to compute Entropy of a user,
we follow three steps:

1. Prior to receiving query, we can estimate a distribution of a user’s associated
skill areas using the following equation.

Psa,e =
|De ∩Dsa|
|De|

(9)

where Dsa denotes the all answers associated with skill area sa, and Psa,e is
the occurrence probability of answers associated with user e in skill area sa.

2. The uncertainty of user e for each skill area sa is calculated as follows:

Uncertainty(sa,e) = −Psa,e logPsa,e (10)

3. Consider n distinct skill areas with probabilities Psa1,e, Psa2,e, ... , Psan,e.
By attributing uncertainty (calculated by Eq. 10) to the i-th skill area, total
uncertainty i.e. entropy can be calculated as shown in Eq. 11.

H(e) = −
n∑

i=1

Psai,e logPsai,e (11)

As mentioned before, C-shaped users are expected to have a higher diversity
than T-shaped users. According to the direct correlation between diversity and
entropy, it can be inferred that C-shaped users have much higher entropy than T-
shaped. Fig. 2 confirms this intuition and illustrates that with increasing amount
of entropy, the number of T-shaped users tend to be decreased while the number
of C-shaped users tend to be increased, and conversely. In this figure, we clustered
expert candidates into 10 equal-length bins according to their entropy value.



4.4 Extended Entropy-based Approach (XEBA)

As mentioned before, we should estimate the probability P (T = 1|e, sa) to embed
into Eq. 3 to obtain an optimal ranking of users. In our first attempt to approx-
imate the mentioned probability, we estimate P (T = 1|e, sa) by P (T = 1|e) . In
other words, we estimate the probability of being T-shaped for candidate e in-
dependent of the given skill area. In this section, we propose a better estimation
for the mentioned probability by estimating P (sa|e, T = 1) in Eq. 7 as follows:

P (sa|e, T = 1) ≈ Psa,e

max({Psai,e : i = 1, ..., n})
(12)

where Psa,e is computed using Eq. 9, and n denotes the number of skill areas.
Mathematically speaking, suppose a T-shaped candidate e who has advanced
knowledge in skill area sa′. The probability of P (sa|e, T = 1) for him, according
to Eq. 12, is estimated as follows:

P (sa|e, T = 1) =

{
1 if sa = sa′

β otherwise
(13)

in which β ∈ [0,1) and for a T-shaped user, it approaches 0.

5 Experimental Setup and Evaluation Metrics

In this section, we give details of our datasets and parameter settings.

5.1 Dataset

The dataset we have used is downloaded from Stackoverflow and spans the period
from August 2008 up to March 2015 and includes information of about 4 million
users and 24,120,523 posts.

Table 2. General Statistics of data collections

Dataset #Q #A #U #SA #C-shaped #T-shaped

C# 763,717 1,453,649 84,095 23 1783 2707
Android 638,756 917,924 58,789 18 1074 1830

Java 810,071 1,510,812 83,557 26 1673 2465

To generate three separated data collections, we have exploited questions and
their associated answers which are tagged by “C#”, “Android”, and “Java”. It is
also worth mentioning that we took the approach discussed in Sec 3 to generate
the golden set. Table 2 represents general statistics of these data collections in-
cluding number of questions (#Q), answers (#A), users (#U), skill areas (#SA),
C-shaped users (#C-shaped), and T-shaped users (#T-shaped).



Table 3. Evaluation and Comparison of the proposed model with Document-based retrieval model.
DBA: Document-based approach, EBA: Entropy-based approach, XEBA: Extended entropy-based
approach

Model NDCG MRR ERR
C
#

DBA [9] 0.647 0.230 0.334
EBA 0.658 0.328 0.381
XEBA 0.696 0.382 0.431

A
n
d
r
o
id DBA [9] 0.592 0.129 0.191

EBA 0.616 0.278 0.320
XEBA 0.668 0.307 0.352

J
a
v
a DBA [9] 0.653 0.215 0.402

EBA 0.655 0.339 0.432
XEBA 0.704 0.416 0.480

Relative Improvements (%)

C
#

EBA / DBA 1.7% 42.61%∗ 14.07%∗
XEBA / DBA 7.57%∗ 66.09%∗ 29.04%∗
XEBA / EBA 5.78%∗ 16.46%∗ 13.12%∗

A
n
d
r
o
id EBA / DBA 4.05% 115.5%∗ 67.54%∗

XEBA / DBA 12.83%∗ 137.98%∗ 84.29%∗
XEBA / EBA 8.44%∗ 10.43%∗ 10.00%∗

J
a
v
a EBA / DBA 0.31% 57.67%∗ 7.46%∗

XEBA / DBA 7.81%∗ 93.49%∗ 19.40%∗
XEBA / EBA 7.48%∗ 22.71%∗ 11.11%∗

∗indicates the improvement is statistically significant

5.2 Evaluation Metrics and Parameter Setting

For evaluation of the expert finding, we use three metrics to compare the per-
formance of our proposed models with the document-based model. These met-
rics include Normalized Discounted Cumulative Gain (NDCG), Mean Reciprocal
Rank (MRR), and also Expected Reciprocal Rank (ERR). NDCG assigns rele-
vance score (i.e. gain) to each retrieved user based on his shape in golden set. We
assign 0 for non-experts’ gain, 1 for C-shaped users’ gain, and also 2 for T-shaped
users’ gain. The reciprocal rank of a query is the inverse of the rank of the first
relevant result (i.e. first retrieved T-shaped user). The MRR is described as the
mean of the reciprocal ranks of results for a set of queries. In addition, we have
used the ERR measure to compare the performance of proposed models with
baseline. The ERR was introduced in [14] and is inspired by cascade models, the
list of returned candidates is read down to the rank in which a T-shaped user is
found.

We also tried different settings for λd (used in Eq. 5) and finally used λd =
0.5 for all of our experiments.11

6 Experimental Results and Analysis

The results of our experiments are summarized in Table 3. According to this ta-
ble, while the EBA method can slightly improve the NDCG measure on all

11 The implementation of our models is available at http://bit.ly/tshaped-mining
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Fig. 3. Comparison of proposed models with document-based approach in terms of
retrieved T-shaped users

datasets, in comparison with DBA method, this method can improve MRR
and ERR measures significantly. This observation indicates that although EBA
method does not affect the whole ranking remarkably, it can retrieve the first
T-shaped user in extremely better ranks, in comparison with DBA. In other
words, the DBA method is biased towards C-shaped users and retrieves them,
rather than T-shaped users, in much better ranks.

Interestingly, the XEBA approach can improve our performance metrics ex-
ceedingly in comparison with both the DBA and EBA approaches. This obser-
vation indicates that the estimation of P (sa|e, T = 1) is crucial in the ranking
of T-shaped candidates in our data collections. Specifically, XEBA method has
improved EBA by 7.23%, 16.53%, 11.41% on average of three data collections
for NDCG, MRR, and ERR metrics, respectively.

In order to compare proposed models visually, the top 50 retrieved candidates
for each method are demonstrated in Fig. 3 for a sample skill area (i.e. maven).
Non-expert users are shown by light gray, C-shaped by medium gray, and T-
shaped by black. With regard to this figure, the XEBA method significantly
enhances the ranking of T-shaped users. The EBA method can slightly improve
the overall ranking, however, it markedly can retrieve the first T-shaped in a
better rank.

7 Conclusion

In a typical Community Question Answering (i.e. CQA) platform, each question
covers multiple tags which can be used to explore similar questions. The set of
similar tags in these networks can be considered skill areas. Users’ knowledge
levels in the domain of each skill area can be classified into three levels including
advanced, intermediate, and beginner. With regard to these levels, users are
categorized into three groups which include non-experts, T-shaped users, and C-



shaped users. In this paper, we propose a model to retrieve and rank T-shaped
users who have advanced knowledge on a single skill area and simultaneously
have intermediate (i.e. general) knowledge in other skill areas. Rather than C-
shaped users, recruiters are inclined to find and employ T-shaped users as they
are more cost-effective and affordable. Furthermore, an increasing convergence
of technologies in software development gets companies interested in hiring T-
shaped users.
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