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Abstract. Many research initiatives have been developed in the field of Software Engineering, including
the area of software estimation. Software effort estimation techniques based on analogy are applied from
historical data of projects, obtained in the early stages of software development. In this context, this paper
presents a systematic mapping of the literature, aim to elicit the state of the art on analogy-based software
effort estimation techniques , indicating challenges and research opportunities. The mapping was done
for the period from 2007 to 2017 and was conducted separately for each of the selected sources. The ar-
ticles found were reviewed according to previously established research and selection criteria, according
to the study objectives. Note that the model of estimation by analogy has received more attention and
is presented as a promising and feasible technique in relation to the others. The techniques of Adaptive
Neuro-fuzzy Inferences (ANFIS), Collaborative Filtering (FC), Radial Basis Functions (FBR) and Deep
Learning present a gap to be explored. The results point to a demand for simple and practical estimation
techniques, with emphasis on the estimation based on analogies and for the exploration of the artifacts
generated in the initial phase of development, mainly in the textual format.
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1 Introduction

Estimating software effort is a challenging and impor-
tant activity in the software development process. This
activity depends on the success of other crucial aspects
of a project that directly impact the quality of the soft-
ware product developed, predominantly the time under
which the software was developed and the budget con-
straints. The success of any particular software project

depends greatly on the accuracy of its effort estimates
[39]. An accurate estimate assists in contract negotia-
tions, scheduling and synchronization of project activ-
ities and efficient allocation of resources. [75], shows
an increase in the rate of software design flaws –espe-
cially in the year 2012 –which resulted in budget and /
or schedule overflows.

There are currently different types of development
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processes that have differing impacts on planning and
estimating software projects. Ways to generate effort
estimates to achieve better results have been one of the
focuses of the Software Engineering industry for quite
some time [31, 11, 41, 7, 10, 4]. These experiments
have continuously explored computational techniques
individually or in combination, seeking to achieve bet-
ter levels of precision in effort estimation.

Several classifications for software effort estimation
models have been proposed in the last decade and in-
clude small differences according to the authors’ point
of view. For instance, [69] classifies software effort es-
timation in algorithmic/parametric and non-algorithmic
terms. The former includes those that use mathematical
or algorithmic models (applied to project attributes) to
calculate their estimate, e. g. COCOMO II [15] and
Function Point Analysis [24]. The latter relies on ma-
chine learning techniques, and uses historical project
data to generate learning models to predict future es-
timates [49], for example, the use of regression models
[2, 81] e classification algorithms [46, 59].

Shepperd et al.[67], in contrast, classifies effort es-
timates in software projects into three categories: 1.
Human-centric (e.g. expert judgment); 2. model-based
(e.g. COCOMO); and 3. induced prediction techniques
[53, 2]. Although they are widely used - especially in
agile models, techniques relying on human determina-
tion problems because they become very subjective, of-
ten generating distorted estimates with excess of opti-
mism, for example. Model-based techniques, by con-
trast, use replicable methods to produce estimates and
can be more objective than those with [45]. Among
the many induced predicted techniques, the main types
used are linear regression, neural networks, and analogy
[46, 59]. In order to use these techniques, it is interest-
ing that the training data available are independent of
algorithmic/parametric models.

Chiu et al.[21] highlight a fourth model: the
analogy-based effort estimation (ABEE). This method
has been widely used and aims to identify similarity
between projects already carried out, thus generating
the most approximate estimate for a new project. The
origin of this method can be attributed to a study per-
formed by [72], which identifies it as a viable approach
to predicting estimates. Studies involving ABEE are
commonly associated with Artificial Intelligence tech-
niques (also associated with historical project data).

According to [37], the accuracy of the estimate is
improved when the analogy is combined with another
technique to generate estimates. Artificial Intelligence
techniques are useful regardless of the mode used to
approximate similar data. Fuzzy systems, genetic algo-

rithms, case-based reasoning, and collaborative filtering
are techniques that improve ABEE performance.

Approaches based on analogy have shown promise
in the field of software effort estimation, and its use has
increased among researchers in this area [39]. Authors,
such as [37], classify analogy-based technique as a ma-
chine learning technique. This technique has been ad-
vocated as a potential method for efficient effort estima-
tion, since it allows modeling the complexity between
the effort and the variables included in the context of
the software project (e.g. team data, project data), el-
ements which have a relationship that is normally not
linear. Wen et al.[78] carried out a systematic review
of the literature in which they identified eight types of
machine learning techniques. The Case-based reason-
ing (CBR) and artificial neural networks (ANN) were
the most used techniques for estimating effort, repre-
senting 37% and 26%, respectively.

Idri et al. [37] in turn performed a systematic lit-
erature review on ABEE and found out that these tech-
niques outperform other prediction techniques. Some
advantages of this estimation technique as highlighted
by the authors include: 1) they present a tendency to
produce acceptable estimates, surpassing other estima-
tion techniques (e. g. human-centered models and
model-based estimates); 2) they generate models that
relate the effort and attributes of the project context, de-
spite the inherent complexity, resulting in reproducible
models to produce estimates [46] (e. g. linear regres-
sion, neural networks and analogies [68, 50] and 3) un-
like prediction techniques such as Artificial Neural Net-
works –such as black boxes –ABEE techniques are sim-
ilar to human reasoning, which makes use of analogies
in previous experiences in facilitating effort estimation.

However, ABEE techniques are still limited because
they can not adequately handle categorical attributes
measured on a nominal or ordinal scale, such as the
complexity level of a requirement and/or the area of a
project [39]. For this reason, the study considers the
application of complementary techniques, such as ma-
chine learning.

ABEE is fit for both agile and traditional models as
long as the estimation approach is based on previous
team experiences to estimate software projects. A more
latent disadvantage in agile models is that the estima-
tion process is usually conducted in discussion among
team members, as there are no formal conventions for
the use of historical data. Another disadvantage of both
development models is that there could be some inat-
tention to exact detail in the process, these data may
not have been properly recorded and could generate im-
proper results.
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Another challenge (especially in agile models) is the
scarcity of data and project requirements available in
the early stages of the development process. The ba-
sic requirement specification used in these models is
the user history (or user requirements), and is generally
written without formal convention [35]. A user story is
a brief specification of user needs [25]. Informality is
related to the lack of standardization in the specification
of user stories, which are usually presented as unstruc-
tured text, which generates the need for adequate text
exploration techniques in order to generate good char-
acteristics to be used by techniques of Artificial Intelli-
gence.

This paper presents a systematic mapping of the lit-
erature on the application of ABEE techniques in dif-
ferent contexts, looking at the discovery of research op-
portunities in the estimation of software effort. This
systematic mapping is a necessary step to elicit the state
of the art in ABEE, considering that the studies in this
category of estimation have increased considerably in
recent years.

The main goals of this paper are: 1. to provide a
mapping of the studies in ABEE regarding: publication
sources, research approach, types of contribution, tech-
niques used, etc. and 2. to identify the resources used
as inputs to the ABEE estimation process in order to
identify other possible research gaps.

The next section presents the study plan developed
to conduct this systematic mapping, followed by the
presentation of the answers to the research questions
and the discussions about the results and possible ar-
eas for ABEE research. Finally, the conclusion about
this mapping is presented.

2 Methodology

The systematic mapping process followed the guide-
lines of [58] for drawing up the study. This plan spec-
ifies search expressions, search strategies, search en-
gines, inclusion/exclusion criteria of studies, and data
systematization, analysis and synthesis.

Systematic mapping studies are a type of system-
atic literature review that aims to collect and organize
research articles related to a specific topic [58, 3, 42].
This type of study requires a careful and detailed search
process, with well-defined inclusion and exclusion cri-
teria [18]. According to [58], a systematic mapping
usually presents broader research questions than a sys-
tematic review, primarily concerned with the structur-
ing of a research area.

2.1 Research questions

Goal: this systematic mapping aims to identify studies
related to ABEE techniques, being designed to provide
answers to the following research questions:

• Q1.What is the distribution of
ABEE publications over time?
Justification: to verify how ABEE in research has
evolved in the last years.

• Q2.What are the most common publica-
tion sources for ABEE publications?
Justification: identify sources of publication
that are more relevant to the topic.

• Q3.What are the countries of origin of
ABEE publications and its main authors?
Justification: to monitor the research carried out in
the area and enable the exchange of experiences.

• Q4.What types of contributions
do the ABEE studies present?
Justification: to verify the volume of practi-
cal and theoretical work carried out in ABEE.

• Q5.What databases are used
in the selected studies?
Justification: to know the characteristics of
the databases used in the studies carried out

• Q6.What solutions (methods, techniques,
models) have been proposed in ABEE?
Justification: to map the diversity of ABEE
solutions available in the literature, independent
of the development process adopted, and classify
them to identify trends and / or common aspects
within this area.

• Q7.What resources are used as input to the mapped
estimation techniques in order to generate ABEE?
Justification: to identify resources used as inputs
to prediction techniques already studied.

2.2 Search strategy

The search was planned to cover the largest number of
studies about software effort estimation, without speci-
fying, at that moment, the estimation and development
process model. Thus, the search expressions presented
in Table 1, for each search engine, were selected and
calibrated. These search engines were used because
they appeared as the main sources of search and as
the most used digital libraries for systematic studies
[17, 26, 37].
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Table 1: Search expressions

IEEE Explorer Number
of articles
returned

((âestimating softwareâ OR
âestimation softwareâ OR
âeffort estimationâ OR âes-
timation of softwareâ OR
âsoftware effortâ) AND ("Ab-
stract":âestimation softwareâ
OR "Abstract":"estimating
softwareâ OR "Ab-
stract":"effort estimationâ)
AND ("Document Ti-
tle":âestimating softwareâ
OR "Document Title":âeffort
estimationâ OR "Document
Title":âsoftware effortâ OR
"Document Title": âestimation
softwareâ OR "Document Ti-
tle":âestimation of softwareâ))

580

ACM Digital Library
(+estimating +software +esti-
mation +software +effort +esti-
mation +estimation +of +soft-
ware +software +effort) AND
acmdlTitle:(+estimating +soft-
ware +effort +estimation +soft-
ware +effort +estimation +soft-
ware +estimation +of +soft-
ware)

91

Science Direct
- With at least one of the
words in the title: "estimating
software" OR "estimation soft-
ware" OR "estimation of soft-
ware" OR "effort estimation"
OR "estimating software" OR
"software effort"

109

Springer
- With at least one of the
words in the title: "estimating
software" OR "estimation soft-
ware" OR "estimation of soft-
ware" OR "effort estimation"
OR "estimating software" OR
"software effort"

174

The research considered papers published from
2007 to the 2017, including the first quarter of 2018,
and was conducted separately for each search source.
Other relevant search sources such as Google Scholar
and DBLP were not used because their results were in-
cluded in the other sources consulted.

2.3 Inclusion/Exclusion Criteria

The selection of the studies occurred from the reading
of the title, summary and keywords of the resulting pub-
lications. Two filters were applied on the 954 studies

retrieved by the search expressions (see Table ??) fol-
lowing inclusion criteria were applied in the 1st filter
(CI1F):

• CI_1F–1: The study defines and/or presents theo-
retical and practical aspects aimed at the recovery/
generation of effort estimates in software projects.

• CI_1F–2: The study investigates, compares or
evaluates proposed methods for the recovery/ gen-
eration of effort estimates in software projects.

• CI_1F–3: The study analyzes the application of
methods aimed at the recovery/generation of effort
estimates in software projects.

Figure 1: Selection process of publications

The following exclusion criteria for the first filter
(CE_1F) were applied excluding papers that:

• CE_1F–1: Does not address an estimate of effort
or time in software development projects.
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• CE_1F–2: Uses only parametric or algorithmic
models.

• CE_1F–3: Presents only future works.

• CE_1F–4: Are duplicates of a study already se-
lected.

• CE_1F–5: Do not present any type of investi-
gation, comparison, evaluation or application of
methods aimed for ABEE in software projects.

When there were duplicates of articles referring to
the same study, the most recent one was considered.
For the first filter, the title, abstract and keywords were
read, if necessary, the whole text was analyzed. For the
remaining 234 articles inclusion criterion of the second
filter (CI2F), considered the entire publication (full ar-
ticle and summary article published in conferences or
journals), should have contained at least one of the fol-
lowing elements for the recovery/generation of effort
estimates in software projects:

• CI_2F–1: are practical studies in ABEE;

• CI_2F–2: General (includes surveys, reviews and
systematic mapping in ABEE).

When applying the criteria of the second filter, 78 rel-
evant articles were retrieved, distributed among the se-
lection criteria presented, of which 62 are classified as
practical studies, which will be explored in the results of
this mapping. The Figure 1 shows the search method-
ology used in this mapping, as well as the number of
studies returned for each search in their respective dig-
ital library and the amounts of studies remaining after
the application of the first and second filters.

2.4 Extraction of data

To answer the research questions of this systematic
mapping was defined a set of data to be extracted from
the selected articles was defined. Table 2 presents the
data extracted from the selected articles.

2.5 Threats to Validity

This systematic mapping draws on a protocol theoret-
ically advocated by [58], enabling a correct and con-
sistent research process, guaranteeing aspects such as
generability and descriptive validity. Moreover, it is im-
portant to cite potential threats to the validity of the re-
search: i) the use of search expressions and ii) the theo-
retical validity when evaluating inclusion and exclusion
criteria and data extraction.

Table 2: Data to be extracted from publications

Attributes Research
questions

Article title Q1
Year of publication Q1
Source of publication Q2
Name (s) of the author(s) Q3
Country of publication Q3
Type of contribution (theoretical, system-
atic review of literature, systematic map-
ping, Surveys, practice - tool, model,
method, technique, comparison)

Q4

Database used in the search: name, pub-
lic/ private

Q5

IA techniques applied to the estimation:
Fuzzy Systems, Fuzzy Analogy, Genetic
Algorithms, Artificial Neural Networks,
Statistical Models, Decision Trees, Naive
Bayes, Case-based Reasoning (CBR),
Regression Models â CART, MLR, SWR,
Collaborative Filtering, Bees Algorithm,
Similarity Measures , Support Vector
Machines, Radial Base Function, Dif-
ferential Evolution, Classical Analogy,
Bayesian Regression

Q6

By Analogy (Yes/No): Consider the ex-
istence of historical data with or without
the use similarity measures

Q6

In agile process model: Yes / No Q6
Resources used as input in estimation
techniques: numerical, textual, mixed

Q7

Regarding the search expressions it should be noted
that it was not possible to use the same search expres-
sion on all search engines due to differences in the in-
put format for this expression, which may not guaran-
tee complete coverage of all related, relevant studies
that were returned. Regarding the theoretical validity,
different interpretations for the inclusion and exclusion
criteria may occur, as well as for the data to be extracted
from the studies, which depends on the researcher’s
bias, which is common when this analysis is done in-
dividually by the researchers.

3 Mapping Results

This section presents the results related to the proposed
systematic mapping, according to the research ques-
tions previously defined. Throughout the presentation
of the results, the necessary discussions are develop-
ment, highlighting data and techniques used and point-
ing out to research gaps.

Regarding the distribution of ABEE publications
over time (Q1), Figure 2 shows the distribution of se-
lected publications over the last ten years. It can be
observed that there has been a growth in research in the
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field of software effort estimation, mainly in ABEE, the
focus of this mapping, especially perceived from 2014,
and rising in the following years, especially in 2016.
This can be partially explained by the increasing need to
improve software development processes and, because
of this, the importance of an estimate of quality.

According to [29], the model of analogy-based es-
timation has received more attention and is presented
as a promising and viable technique compared to other
methods. One of the latent research aspects of analogy-
based effort estimation is how to predict the effort of
software projects when they are described by mixed nu-
meric and categorical data [4]. In addition, [38] cites
that models by analogy can be easily understood by
users, as they resemble the human approach to problem-
solving, unlike "black-box" models such as artificial
neural networks.

The Table 3 presents the most common publica-
tion sources for ABEE studies (Q2), showing that 22%
of the selected publications were published in a small
set of journals and another 5% on specific confer-
ences/symposium, with the most outstanding journals
being the Journal of Systems and Software (JSS), In-
formation and Software Technology (IST), Institution
of Engineering and Technology (IET) and Applied Soft
Computing. Another 73% was published in various
newspapers and conferences, with only few occurrence
in each.

Among the countries with the highest number of
publications in ABEE, (Q3) are Marocos (12), Canada
(10), India (8), China (6) and Iran (6), Jordan and USA
appear with 5, United Arab Emirates e Japan appear
with 3, Malaysia, Thailand and United Kin appear with
2 publications.

Figure 2: Number of publications by year after 2nd filter

For responding to Q4, which refers to the types of
contributions presented by the studies in ABEE, it is re-

Table 3: Publication sources vs. occurrence

Title Type Number %
Journal of Systems
and Software (JSS)

Journal 6 10

Institution of Engi-
neering and Tech-
nology (IET)

Journal 4 6

Applied Soft Com-
puting

Journal 3 5

Symposium On
Applied Computing
(SAC)

Symposium 3 5

Other Journals
and Con-
ferences

46 74

sults show that: 79% (62 publications) of them are prac-
tical contributions, especially those that are classified
as methods/techniques, be they innovations or improve-
ments of existing methods/techniques. Only 21% (16
publications) of the contributions are theoretical (sys-
tematic reviews of the literature, systematic mapping,
surveys).

Figure 3: Databases used in surveys

In order to answer Q5, about the databases used in
the studies, it was observed among the practical se-
lected studies that approximately 94% (135) of them
Figure 3 used historical data from public databases
available for research on the development of software
projects (e.g. ISBSG, Desharnais, Albrecht). Only
6% (9) of the studies were carried out using private
databases obtained from software development organi-
zations. The studies, carried out specifically with agile
effort estimation techniques, were based on data pro-
vided by industry engineers and other academic studies
performed. The study of [?] points out that their study
was the first time a database was used and was made
available for future studies involving requirements in
agile models. As specified in Table 2 and Figure 4,
the most used techniques in ABEE are Statistical Mod-
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els (STM) and Fuzzy Systems (FS), followed by Clas-
sical Analogy (CA), Regression Models (RM), Case
Based Reasoning (CBR) and Artificial Neural Network
(ANN).

Figure 4: Most used techniques

The Figure 4 relates to the content to Q6, about the
solutions presented by the studies analyzed. Upon re-
view of the studies presented, which included the use
of Adaptive Neuro-fuzzy Inferences (ANFIS), Collab-
orative Filtering (FC), Radial Basis Functions (FBR)
and Deep Learning, it is possible to identify gaps in re-
search particularly the exploitation of textual artifacts.
The study by [22, 23], which applied deep learning to
explore the texts of requirements in order to obtain an
estimate of the effort of software projects. Other tech-
niques that only have one occurrence and have poten-
tial for further research (included in âOtherâ) in which
[62] analyzed the Firefly Algorithm and [52] which an-
alyzed the Satin Bower Bird Optimization Algorithm.
These three studies present a gap in research, especially
in relation to the exploration of textual exploitation.

Considering Q7, only 11% (7 studies) are applied to
the agile models of development Table 4, all of which
are practical studies, including theoretical and practical

studies on estimation by analogy.
The Table 3 presents the practical studies devel-

oped in the context of software estimation by analogy
and that make use of textual requirements in the initial
phase. Each study listed has the techniques used, the
development model and its objective.

The Q8 investigates the type of data used as input in
the estimation techniques studied Figure 5. Only 13%
(8) of the practical studies analyzed use the text explo-
ration of artifacts generated in the initial stages of de-
velopment (e.g. user stories or other requirements doc-
uments) as input to the ABEE. From these, 50% (4) ap-
ply to the context of agile models and another 50% to
traditional models of development.

The other 87% (54) of the studies presented in this
table use other basic design attributes and software size
metrics (e.g. points per function, points per story, COS-
MIC functional size).

Figure 5: Input data for the estimation process

Table 4: Studies in effort estimation by analogy/development process
model

Number
of stud-
ies

% Identification of the
publication

Agile
models

7 11 [22, 30, 51, 2, 57,
27, 40]

Others 55 89 [45, 69, 20, 21, 10,
11, 9, 37, 82, 38, 39,
12, 73, 61, 29, 4, 49,
48, 9, 28, 43, 46, 47,
7, 19, 55, 81, 56, 6,
66, 32, 1, 63, 52, 5,
8, 14, 80, 79, 62, 59,
70, 77, 54, 38, 71,
13, 65, 34, 60, 36,
33, 64, 74]
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Table 5: Studies on software effort estimation using textual requirements

Publication
ID

Techniques used Exploited data Development
model

Overview

[51] ME, AM (various algo-
rithms)

user history text
+ history attributes
(id, project, esti-
mate)

agile An automated estimation method-
ology called "Self-Estimating" was
proposed, complementing the Ag-
ile Planning Poker model. The
Self-Estimating Leverage features ex-
tracted from user stories and their ac-
tual effort time. The approach is jus-
tified by evaluating alternative ma-
chine learning algorithms for predic-
tion. It was shown that the selected
machine learning methods performed
better than Planning Poker’s estimates
in later phases of a project. This esti-
mation approach is evaluated for accu-
racy, applicability and value, and re-
sults are presented in real-world envi-
ronment.

[2] linear regression, SVM,
RBF

text of user stories agile A method was proposed to predict
the effort based on user stories pro-
duced from agile models. The pro-
posed method is based on the extrac-
tion of predictors from user histories
and was applied to two agile software
projects in the industrial context. It
has been shown that this effort esti-
mate works reasonably well if the user
stories are written in a structured way.

[35] Stanford Parser [44] (tag-
ger POS of Brill [16] and
a morphological stem-
mer), classifiers Naive
Bayes, and a logistic
classifier

requirement text traditional This work aims to develop a tool
that automatically realizes a faster ap-
proach of the COSMIC size without
requiring the formalization of the re-
quirements, demonstrating its applica-
bility in popular agile processes.

[22] Deep learning: Long
Short Term Memory
(LSTM) and Recurrent
Highway Networks
(RHN)

user story text agile The model consists of a combination
of two powerful deep learning archi-
tectures: long-term memory (LSTM)
and recurrent road network (RHN).
The forecasting system is trainable
from start to finish with raw input data
for forecast results without any man-
ual resource engineering. The model
learns from the point estimates of the
team’s previous story to predict the
size of new stories. It is used in
conjunction with (rather than a sub-
stitute for) existing estimation tech-
niques practiced by the team.

[81] Semantic analysis of
block and word-level
requirements and regres-
sion algorithms

requirement text traditional An initial software size estimation
method has been proposed which can
extract semantic features from natural
language requirements automatically
and construct size estimation models
for a project by analogy.
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[40] Artificial neural net-
works

requirement text agile The proposed method uses tech-
niques, such as word merges, to create
a system that can estimate effort using
only basic project management met-
rics and textual task descriptions. An
artificial neural network was used to
automate the task of estimating effort.
The method was evaluated with real
data from industrial software projects.
The results outweigh some of the re-
lated libraries.

[56] Decision tree C 4.5,
bayesian networks

requirement text traditional From a UML use case diagram or a list
of use-case names, automate the COS-
MIC and IFPUG FPA functional size
approximation. The proposed method
consists of a two-step process to ap-
proximate the functional size of appli-
cations based on use-case objectives.
First, the names of the use cases, ex-
pressed in natural language, were as-
signed to each of the thirteen cate-
gories. In the second step, informa-
tion on use-case objective categories
and historical data was used to con-
struct prediction models and use them
to approximate size in COSMIC and
Function Points.

[6] multiple regression anal-
ysis

requirement text traditional To streamline measurement of size
and effort estimation, this study ex-
plores the correlations between mea-
sures in the problem domain, such as
the number of distinct nouns and dis-
tinct verbs in the requirement artifacts,
and the solution domain measures,
such as the number of classes and
methods in the corresponding object-
oriented software. Twelve com-
mercial software projects were ana-
lyzed and multiple analysis were im-
plemented to develop an estimation
model for solution domain metrics
in terms of problematic domain met-
rics. The results suggest that for the
projects examined, it is possible to use
problematic domain measures to make
plausible predictions for solution do-
main metrics.

INFOCOMP, v. 17, no. 2, p. 07-22, December, 2018.



Favero et al. Analogy-based Effort Estimation: A Systematic Mapping of Literature 10

All studies presented in Table 5 make use of textual
requirements of the initial phases of the development
process, of which, three specifically explore user histo-
ries [51, 2, 22]. Moreover, five of these studies explore
the text of other initial requirements [35, 81, 40, 56, 6].

Of the studies presented in Table 3, it is interesting
to note that only one of them integrates data extracted
from initial textual requirements with attributes of user
history (e.g. complexity, priority) and none of the stud-
ies integrates data extracted from the text of the initial
requirements with attributes of the project and develop-
ment team.

4 Challenges and Opportunities

The systematic mapping has identified other studies (re-
search, mapping or systematic review of literature), but
none of them is a specific review of studies presenting
techniques in ABEE.

Regardless of the development model adopted, the
existing techniques vary greatly at their precision level,
with little consensus in relation to different develop-
ment contexts. For [76], more studies are needed on
estimates in the context of the development of agile
software that, also takes into account other predictors
of effort, which can be checked as the results of the ar-
ticle.

Considering software development in general, ini-
tial requirements are generally textual and, therefore
appear as a potential resource to be explored to ob-
tain estimates based on a model by analogy. In agile
processes (such as Scrum) –as in many traditional pro-
cesses –the estimation is usually completed by human
participation and is usually based on the experience and
historical data of past projects; these projects generally
focus on the development effort of each functionality
without considering the context in which these projects
were conducted.

It should be considered that human factors can also
affect the development of projects, because they in-
volve subjective aspects (e. g. the turnover of team
members, the lack of experience of one or more team
members in certain types of projects or technologies,
etc). Such aspects are difficult to measure, and increase
the likelihood of possible estimation errors. Therefore,
both project-related factors and human factors should
be considered when making estimations. However, the
systematic mapping study revealed an absence of both
factors in the estimation process.

When analyzing the databases used in the estimation
studies Figure 3, it was observed that most of them store
data from the project context, with little emphasis on the
human data involved in development. In addition, only

one study used a requirements-based database, which is
geared to agile models and is in English. It would be
invaluable if this study was made available in other lan-
guages and accompanied by the consideration of other
facts besides the development effort.

From the point of view of the artifacts used in the es-
timation process, a considerable portion (50%, 4 stud-
ies) of studies within the agile context and others por-
tion of 50% in the traditional context aim at the ex-
ploration of textual artifacts to estimate development
effort. These studies used the text of requirements
and their estimation metric, both individual and used
in combinationâas attributes in the initial requirements.
Both variants (individual or in combination) neglected
to consider data extracted from the text of user stories
to the context of the project (especially human factors)
–fundamental in estimating effort.

Most of the studies presented use Artificial Intelli-
gence techniques based on learning in the estimation of
software effort. These techniques present limitations in
the use of variables, either in terms of quantity or its for-
mat (numerical or textual). For this reason, models for
automatic generation of estimates fail to consider some
variables or do not use textual variables; some even still
are semi-automatic models and employ the experience
of the project manager and the team to insert these vari-
ablesâa subjective process with room for error. Thus,
an opportunity would be to integrate AI techniques ap-
propriately in order to include all the variables involved
in the estimation process. Retrieving the most approx-
imate estimate from historical data of projects (ABEE)
presents itself as a promising field of research, always
aiming at better results.

ABEE methods require human intervention, either
in the recording of previous project data, in the analysis
and implementation of the requirements, in the valida-
tion of the results obtained from the estimation, among
other activities.

Based on the results from the mapping, it is possi-
ble to identify critical aspects involved in ABBE. Fig
6 draws on the Organizational Onion to show that these
aspects are related to different aspects of formality in an
organization, where technical aspects are part of formal
aspects that exist in the context of informal activities
and practices.

As Figure 6 suggests, informality seems to play an
important role in software estimation. Activities car-
ried out in a random manner, that is, there is not nec-
essarily a pre-established pattern for its realization, not
for its registration. For example, when done manually,
estimates depend on discussions among team members
about their experience in similar projects to arrive at
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Figure 6: Informal, formal and technical levels of the agile estimation process

the most accurate estimate possible, and for this, histor-
ical data are not always available, nor are ways to mea-
sure the effort destined to these meetings to estimate
a project. As previously mentioned, involving human
aspects makes estimation somewhat subjective, since
it involves different experiences, expectations, motiva-
tions, points of view, etc.; for this reason, the impor-
tance of the formalization of the activities carried out
at the informal level is important, and detailed more
specifically in Figure 6. Especially in agile process
models, the role of personal decision making is an im-
perative because it ensures the dynamics and agility
intrinsic to the development process. In this process
model, the estimation of effort for the realization of a
functionality usually occurs through the use of algo-
rithmic models (e.g. estimation of points by history or
points by use cases), which are assigned by the mem-
bers of the development team [57]. When historical
data is available, estimate is done in an analogous way,
often manually or semi-automatically, which does not
rule out the human role in this process, at least to eval-
uate the resulted estimate.

Therefore, an important contribution would be the
formalization of the development process, as shown in
the Formal level of Figure 6, which would allow all
these aspects to be considered in the generation of the
estimates, thus reducing the human effort in the estima-
tion process, resulting in more accurate estimates gen-
erated from actual data based on the context of each
project (e.g. type of project, complexity, level of devel-
oper experience, technology, among others).

On the hand, involving human aspects makes esti-
mation somewhat subjective, since it involves different
experiences, expectations, motivations, points of view,
among others. On the other hand, it is a rich source
of information that carries relevant knowledge from the
context where the software development takes place, in-
cluding people, the environment, organizational struc-
ture, stakeholders and so on. Therefore, the formaliza-
tion of the activities carried out at the informal level is
important to help taking advantage from this informal
richness. Especially in agile process models, the role of
people in decision making becomes critical in order to
ensure the dynamics and agility intrinsic to the process.
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In agile models, requirements are defined in a rather
lean way, with minimal bureaucracy. In the case of gen-
erating a feasible estimate from data extracted from sys-
tem’s requirements (e.g. from user stories texts), this
specification of requirements requires a standard struc-
ture. According to [22], although some initiatives can
be found, this standard structure is still non-existent
or not widley accepted in agile models, suggesting the
need for research to reduce this gap.

Such an structure may make it to formalize require-
ments in order to ensure that they present the informa-
tion necessary to generate a consistent estimate, pre-
serving the richness of the informal context without
overloading or restricting the activity.

Approaches for the automatic or semi-automatic
generation for agile estimation, based on artifacts cre-
ated in the initial phase of development, are still pre-
sented as a challenge. It is important to be aware of not
losing the essence and principles of agile models, tak-
ing advantage of their flexibility and paving room for
formal and automatic approaches.

5 Conclusion

This paper presented the main results from a system-
atic mapping of Analogy-based software effort estima-
tion studies. The mapping covered studies published
from 2007 to 2017 (including the first quarter of 2018),
indexed by the main digital libraries (IEEE-Explorer,
ACM Digital Library, Springer, Science Direct) avail-
able for Computer Science research.

Based on the results of the mapping, it was possible
to observe that the model of estimation by analogy has
received more attention and is presented as a promis-
ing and feasible technique in relation to other methods.
One possible reason for that is its similarity with tech-
niques that use classic analogies. The techniques of
Adaptive Neuro-fuzzy Inferences (ANFIS), Collabora-
tive Filtering (FC), Radial Basis Functions (FBR) and
Deep Learning present a gap to be explored, as they
have still been little explored for estimation purposes.

In agile models, the estimate is usually gener-
ated based on the experience of the people involved
in the development process, even if there is a de-
velopment history. Typically, the development
history stores only data from the individual project
itself, with little or no data on human aspects in-
volved. This can be explained because the estimation
process in agile environments is still essentially
manual, with direct human intervention. In addi-
https://www.overleaf.com/project/5b046030c607fd77e118d281tion,
there are limitations in existing project management
tools for the effective exploitation of this historical

data. Therefore, there is a demand for research on the
software effort estimation process by analogy in the
agile context allied to the use of data extracted from
real agile contexts.
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