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Resumen

Introduccion- Realizar una estimacion de esfuerzo lo mas precisa y adecuada para proyectos de desarrollo de software, se
ha convertido en pieza fundamental para favorecer el éxito y desarrollo de los mismos, sin embargo, aplicar este tipo de estimacion en
proyectos de desarrollo &gil, en donde los cambios son constantes, la convierte en una tarea muy compleja de implementar.

Objetivo- El objetivo de este estudio es proveer un estado del arte sobre técnicas de estimacion de esfuerzo en desarrollo de
software 4gil, la evaluacion de su desempefio y los inconvenientes que se presentan en su aplicacion.

Metodologia- Se desarrollé un mapeo sistematico que involucrd la creacion de preguntas de investigacion con el fin de
proveer una estructura a seguir, analisis de palabras relacionadas con el tema de investigacion para la creacion e implementacion de
una cadena de busqueda para la identificacion de estudios relacionados con el tema, aplicacion de criterios de exclusion, inclusion y
calidad a los articulos encontrados para poder descartar estudios no relevantes y finalmente la organizacion y extraccion de la
informacion necesaria de cada articulo.

Resultados- De los 25 estudios seleccionados; los principales hallazgos son: las técnicas de estimacion mas aplicadas en
contextos agiles son: Estimacién por medio de Puntos de Historia (SP) seguidos de Planning Poker (PP) y Juicio de Expertos (EJ).
Soluciones soportadas en técnicas computacionales como: Naive Bayes, Algoritmos de Regresion y Sistema Hibridos; también se ha
encontrado que la Magnitud Media del Error Relativo (MMRE), la Evaluacion de la Prediccion (PRED) y Error Absoluto Medio
(MAE) son las medidas de evaluacion de desempefio mas usadas. Adicionalmente, se ha encontrado que parametros como la viabilidad,
la experiencia y la entrega de conocimiento de expertos, asi como la constante particularidad y falta de datos en el proceso de creacién
de modelos para aplicarse a un limitado nimero de entornos son los desafios que mas se presentan al momento de realizar estimacion
de software en el desarrollo de software agil (ASD)
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Conclusiones- Se ha encontrado que existe un aumento en la cantidad de articulos que abordan la estimacion de esfuerzo en
el desarrollo agil, sin embargo, se hace evidente la necesidad de mejorar la precision de la estimacién mediante el uso de técnicas de
estimacion soportadas en el aprendizaje de maquina que han demostrado que facilita y mejora el desempefio de este.

Palabras clave - Estimacion del Esfuerzo; Desarrollo Agil de Software; Retos y Desafios; Aprendizaje Automético;
Métricas de Desempefio

Abstract

Introduction- Making effort estimation as accurate and suitable for software development projects becomes a fundamental
stage to favor its success, which is a difficult task, since the application of these techniques in constant changing agile development
projects raises the need to evaluate different methods frequently.

Objectives- The objective of this study is to provide a state of the art on techniques of effort estimation in agile software
development (ASD), performance evaluation and the drawbacks that arise in its application.

Method- A systematic mapping was developed involving the creation of research questions to provide a layout of this study,
analysis of related words for the implementation of a search query to obtain related studies, application of exclusion, inclusion, and
quality criteria to filter nonrelated studies and finally the organization and extraction of the necessary information from each study.

Results- 25 studies were selected; the main findings are: the most applied estimation techniques in agile contexts are:
Estimation of Story Points (SP) followed by Planning Poker (PP) and Expert Judgment (EJ). The most frequent solutions supported in
computational techniques such as: Naive Bayes, Regression Algorithms and Hybrid System; also, the performance evaluation measures
Mean Magnitude of Relative Error (MMRE), Prediction Assessment (PRED) and Mean Absolute Error (MAE) have been found to be
the most commonly used. Additionally, parameters such as feasibility, experience, and the delivery of expert knowledge, as well as the
constant particularity and lack of data in the process of creating models to be applied to a limited number of environments are the
challenges that arise the most when estimating software in agile software development (ASD)

Conclusions- It has been found there is an increase in the number of articles that address effort estimation in agile
development, however, it becomes evident the need to improve the accuracy of the estimation by using estimation techniques supported
in machine learning that have been shown to facilitate and improve the performance of this.

Key Words - Effort Estimation; Agile Software Development; Issues and Challenges; Automatic Learning; Performance
Metrics

I INTRODUCTION

Effort estimation is the process used to predict the required effort for a given task [1] , it is a complex and
essential task for the management of software projects, specifically for planning and monitoring [2]; when they are
executed correctly, the chances that the project achieves its cost and time objectives are raised considerably [3].

Today, a significant increase in the use of agile methodologies in different software development organizations
around the world can be noticed [4] , considering the characteristics of agile approaches such as iterative, incremental,
short development cycles, active involvement of the customer with requirements that are changing frequently, demanding
a quick, flexible and collaborative response by the development team [4], [5], therefore, effort estimation becomes a
continuous challenge, requiring to be constantly adjusted [6].

Recent research has shown that high accuracy rate in predicting effort estimation has greatly increased the chance
of obtaining a successful and quality product. [1] Consequently, inaccurate estimates negatively impact the development
of a software project [7] , generating two results namely: underestimates, which can lead to the termination of projects
since budgets and schedules are exceeded or overestimates, where resources can be wasted.[8]

Taking into account the above, effort estimation plays an essential role evaluating the success or failure of
software projects, [8] it is necessary to be in consistent exploration of the current state of literature related to the effort
estimation processes of software in agile development, such as those reported in [9], [10], among others, which have
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focused on exploring techniques, datasets and cost directors, considering this, the aim for this research is also to explore
the current state of the topic with the addition of an analysis on how the present problems in the estimation process have
been addressed.

With the purpose of contributing to the field of computing, more specifically in the effort estimation subject, this
article presents a systematic mapping on the current knowledge state of the different techniques of estimation of effort
in ASD, the performance measures used and the problems and challenges that arise in the subject. For the development
process the steps proposed by Petersen [11] were included: construction of 4 research questions, one of which involves a
small bibliometric analysis, definition of keywords and the search string used in the databases ACM, IEEE Xplore,
Springer, Scopus and Web of Science, where a total of 708 articles were found; application of inclusion, exclusion and
quality criteria and finally the implementation of snowball sampling with the help of the tool Connected Papers that helps
with the exploration of relevant documents, to finally select 25 articles, which were used to answer the implemented
research questions.

The main contributions of this research are: An update on the most used techniques for effort estimation in ASD,
and an exploration on the most common problems when performing effort estimation in ASD.

The rest of the article is structured as follows: Section 2 presents related works. Section 3 describes the research
protocol used. The results of the study are detailed in Section 4. Finally, some conclusions and future work are presented
in Section 5.

1. RELATED WORKS

At present there is a growing interest in the estimation of effort in agile software development projects, which is
understood by the tendency to use agile approaches such as XP, SCRUM or others; this has motivated the generation of
studies that group the current state of the literature on the subject, favoring new methods or techniques, metrics, cost
predictors, and the addressing of challenges and issues encountered on a daily basis. Table I lists with relevant details
some studies that were found in the area, below are their scopes.

In 2022, [10] they present an SLR (Systematic Literature Review) on data-driven techniques for effort estimation
with user stories, covering aspects of techniques, method performance evaluation, independent effort factors (personnel,
product, process and estimation) and datasets features; as a result, it was found that it is crucial to include user stories.
for the estimation of effort in ASD projects. Also in 2022, [6] develops a survey on effort estimation techniques in ASD,
its benefits, reasons why the estimates are not precise and their repercussions; they obtained 53 responses from 7 countries;
the techniques reported in the survey were Bucket System, Dot Voting, Expert Estimation, Planning Poker, Team
Estimation Game, Swimlane Sizing, Use Case Point, Story Point used in development approaches such as SCRUM,
Combinations devOps and Scrum (DS), DevOps, XP, Kanban and Scrum (DXKS); among the benefits are: guiding the
team to successfully complete the project; identifying accurately resources and the scope of the project; helping with the
identification of early important events: winning precision, among others. The reasons why the estimates are imprecise
were also grouped into five categories: related to requirements (complexity, uncertainty, changing, losses, not having
non-functional requirements in mind, poor user stories), project management (poor change control, deviant scope, no
SCRUM master guidance, unstructured processes), team (distribution, dominant personalities, inexperience), excess
optimism (consideration of the best scenario, underestimation of work) and others (hardware issues, ignored effort tests,
lack of stakeholder involvement).

In 2020, [12] they conducted an SLR that updates the SLR presented in [13] with studies from 2014 to 2022, the
research questions focus on methods of effort estimation, predictors, dataset features in agile development. They analyze
73 articles and compare them with the results obtained in [13] finding a significant number of articles both in the evolution
of time and in SP, Cosmic FP, Lines of Code, data sets, application area, among others. They also identified a significant
number of cost factors, which were grouped into five categories: Project (Complexity, Risk, Clarity of requirements,
Novelty, Quality), Team (Experience, Developer skills, Familiarity, Speed, Communication, size, Work by hours or days
and Availability of developers), Techniques (software and development tools, Impact of existing systems), User Stories

© The author; licensee Universidad de la Costa - CUC.

INGE CUC Vol. 19. No. 1, Enero - Junio, 2023.
Barranquilla. ISSN 0122-6517 Impreso, ISSN 2382-4700 Online



INGE CUC, Vol. 19, No. 1, Enero — Junio, 2023 (IN PRESS)

(Priority, Sprint, Type of development) and Others (textual information, COCOMO cost drivers, process maturity and
others not reported).

In 2018, [9] they updated the SLR created in [13] through a systematic review where they selected 24 articles,
the research questions were based on estimation techniques, metrics and their accuracy, effort predictors, datasets features,
for agile development projects, planning levels and development activities that have been investigated, finding that XP is
little mentioned in new articles, solutions based on Artificial Intelligence and Machine Learning (Bayesian networks and
optimization algorithms) mostly, and identified 10 cost managers (cost driver) for effort estimation (Quality requirements,
task size, integration, priority, complexity, stakeholder delay, team composition, work environment experience and
technical skill). Also in 2018, [14] developed an SLR whose research questions focus on size estimation methods such
as Function Points (Simplified, NESMA, IFPUG, Cosmic), story points, use case points, Web Objects and User points;
and challenges for agile software development such as misinterpretation of size measurements, difficulties in the
application, acceptance of the measurement and estimation process. Likewise, in 2018, [15] elaborated an SLR on the
estimation techniques, predictors, their precision, and efficiency used in agile development processes and contrast them
with those used in mobile applications finding estimation techniques such as COSMIC FSM, Function Points, FISMA
FSM, Expert Judgment, Analog Estimation, Regression; additionally, they reviewed the cost directors, the development
environments, the types of datasets used, and the development activities carried out.

Table 1. Description of Related Works

Ref [10] [12] [9] [14] [15]
Authors Alsaad_l & _Fernandez- Dantas et. al Haca!oglu & Altaleb & Gravell
Saeedi Diego, et. al Demirors
Year 2022 2020 2018 2018 2018
Time 2011-
period 2019 2014-2020 2014-2018 Not Not
Class SLR SLR Review SLR SLR
Research
Protocol [16] [17] [18] [16] [19]
Questions 4 4 4 2 3
Databases  IEEE,SD,SP ACKH SCP,|EEE,SD,A IEEE,ACM,SCP,WO
R IEEE,SCP,Wo GS,SCP CM. WOS s.cpl
L,WLY ,Wos S ' '
Num 1 73 24 40 21
studies
Item type REV,CFR REV CFR REV,CFR REV,CFR,WSH REV,CFR,WSH

WOS: Web of Science (WOS), Science Direct (SD), IEEE Explore (IEEE), SCOPUS (SCP), WILLEY (WLY),
SPRINGER LINK (SPR L), Google Scholar GS), Magazine (REV), Conference (CFR), Workshop (WSH), No
specified (NE), Compendex and Inspec (CPI)
Source: authors

The present research contributes by presenting an update of the effort estimation techniques and the most used metrics in
ASD, in addition to the identification of more relevant problems.

1. METHODOLOGY

As mentioned in the Introduction, the main objective of this study is to review the current state of the literature
on software estimation in SDA. The design of this document is based on the steps proposed by Petersen [11] and for its
development 4 research questions presented in the following subsection were formulated:

A. Research Questions

In response to the objective of this document, a review was made of the current knowledge state of the techniques
or methods and metrics used for effort estimation of software in agile environments, as well as the problems or challenges
present in its use. Therefore, four research questions presented in Table Il were posed, where the motivation of each one
is indicated:
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Table 2. Research Questions

ID Research Opportunities
Question Motivation
RQ1 How has the literature on software Identify the most cited, the periods of time in
estimation (effort) in agile development which they have been most reported, the
evolved in the period between 2018 - types of works and their participants
20227
RQ2 What techniques (methods) have been Reveal the techniques that have been most
used in estimating software in agile explored and developed.
development in the period between 2018
- 20227
RQ3 What metrics have been used to measure Reveal the metrics that have been used the
accuracy in estimating effort in software most

development within an agile
environment?
RQ4 What are the most relevant problems Synthesize the challenges and drawbacks that
and their causes in the estimation of have arisen
effort in software development within
an agile environment?
Source: authors

B. Search

For the identification of keywords related to the study, the PICO strategy (Population, Intervention, Comparison
and Outcomes) presented by Kitchenman is applied [20] , for this study, the strategy is composed of: Population: Studies
that involve agile methodologies for software development. Intervention: techniques/methods of estimation of effort
such as Planning Poker, User History Points, among others. Comparison: Compare different software estimation
techniques applied to effort estimation in agile environments, issues, and challenges. Results: techniques, metrics,
challenges, problems in estimating effort in agile development projects.

The study began with an exhaustive literature search in different databases identifying words that are aligned
with the interest of the research and thus cover the largest number of articles related to the topic of interest. In Table I,
the keywords are presented:

Table 3. Description of Keywords and Related Words

Main Word Related Words
Effort Estimation Cost Estimation
Machine Learning Artificial Intelligence

Planning Poker Agile Development, Agile
Challenge Difficulties, Failures,
Issues, Gaps

Source: authors

This provides the necessary information to build the search query as follows: ("Effort Estimation” OR "Cost
Estimation™) AND ("Machine Learning" OR "Artificial Intelligence) AND ("Agile Development” OR "Agile") AND
("Challenge" OR "Difficulties” OR "Failures" OR "lIssues" OR "Gaps"). The search query was modified to meet the
requirements of each database and in order to find only articles relevant to the study, the search was limited to include
only articles published in the last four years (2018 to 2022). Table IV shows the databases selected for the search process,
the search string, and the obtained studies. A total of 708 articles were found which were analyzed according to the
criteria, described in the following subsection.
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Table 4. Results obtained from the implementation of the search string on each database

Database Search String No.

1EEE Xplore ("Effort Estimation” OR "Cost Estimation™) AND 2
("Machine Learning" OR "Artificial Intelligence™) AND
(“Agile Development" OR "Agile" OR "Scrum") AND
("Challenge" OR "Difficulties" OR "Failures" OR
"Issues" OR "Gaps")
Springer ("Effort Estimation" OR "Cost Estimation™) AND 142
Link ("Machine Learning" OR "Atrtificial Intelligence™) AND
("Planning Poker" OR "Agile Development" OR "Agile"
OR "Scrum™) AND ("Challenge" OR "Difficulties” OR
"Failures" OR "lIssues" OR "Gaps")/
Web of ALL=(("Effort Estimation" OR "Cost Estimation™) AND 5
Science ("Machine Learning" OR "Atrtificial Intelligence™) AND
(WOS) ("Planning Poker" OR "Agile Development” OR "Agile"
OR "Scrum™) AND ("Challenge” OR "Difficulties” OR
"Adversities" OR "Failures" OR "Issues" OR "Gaps")))
Scopus ALL ( ( "Effort Estimation" OR "Cost Estimation") AND 527
("Machine Learning" OR "Artificial Intelligence™ ) AND
("Planning Poker" OR "Agile Development” OR "Agile"
OR "Scrum™ ) AND ("Challenge” OR "Difficulties” OR
"Adversities” OR "Failures" OR "lIssues" OR "Gaps"))
AND PUBYEAR > 2017
ACM Digital [[AIl: "effort estimation™] OR [All: "cost estimation"]] 20
Libray AND [[All: "machine learning"] OR [All: "artificial
intelligence™"]] AND [[All: "planning poker"] OR [All:
"agile development™] OR [All: "agile"] OR [AIl:
"scrum"]] AND [[All: “challenge™] OR [All:
"difficulties"] OR [All: "failures”] OR [All: "issues"] OR
[All: "gaps™]] AND [Publication Date: (01/01/2018 TO
12/31/2022)]
Source: authors

C. Selection of Studies and Quality Analysis

The exclusion criteria defined for the selection of articles were: CEL: The title, abstract and content is not related
to the search query used. EC2: The study was not written in English. CE3: Studies focused on the estimation of the
effort for maintenance, testing and analysis of failures in the field of software. EC4: The complete paper was not available.

The inclusion criteria applied were: CI1: Studies related to effort estimation in agile development. CI12: Papers
published in scientific journals and conferences related to effort estimation in SDA. CI3: Studies published between
January 2018 and April 2022.

The quality criteria defined were: CC1: The Content Validity Index (CV1) [21], [22] with 4 experts and a Likert
scale with 4 options for 3 defined criteria: Relevance (1- Not significant, 2- Not relevant, 3- Relevant, 4-Very relevant),
Clarity (1- Not clear, 2- Presents ambiguity, 3- Clear, 4-Very Clear), Specificity (1- Doubt, 2-Very general, 3- Specific,
4- According to what is required). CC2: The citation index of studies Cl which is made up of the number of citations of
the study so far over the number of years of publication of the study, where NC is the number of citations of the study
and A is the number of years of the study so far and is calculated according to equation (1) , which presents an egalitarian
environment in which recent articles are not penalized in a restrictive way.

IC—NC 1
- - M
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CC3: Relationship Index with Research Questions or IRPI [23], is calculated according to equation (2),where
NP is the number of research questions that relate to the study and TPI is the total number of research questions

IRPI—NP 2
—m()

Table 5 presents the results of the search and selection process once the criteria mentioned above were applied.

Table 5. Selection of Studies

Final
Applying criteria Selected particip
Database ation
Excl. Incl. Qty. Snow
IEEE 2 2 2 0 2 8%
Xplore
Springer 26 14 6 0 6 24%
Link
Wos 4 3 1 4 1 4%
Scopus 70 26 14 8 15 60%
ACM 6 2 1 0 1 4%
Total 108 47 24 12 25 100%

Source: authors

Considering that the snowball sampling is based on the selection of papers according to their citations and
references this procedure was applied to all selected studies with the help of the website Connected Papers
(http://connectedpapers.com), which brings articles with their citations and references helping to identify additional
studies of interest for this work.

D. Information Extraction

Is important to consider that all studies were provided identified from the beginning of the search process, Table
6 presents the format used for the extraction of the selected studies with its corresponding reference.

Table 6. Data Extraction

ID Title Year Publication  Questio

type ns
1 An Intelligent Recommender and 2020 Magazine RQ1,
Decision Support System (IRDSS) for RQ2,
Effective Management of Software RQ3,
Projects[24] RQ4
2 A deep learning model for estimating 2019 Magazine RQ1,
story points[25] RQ2,
RQ3,
5 A Comparative Analysis on Effort 2020 Magazine RQ1,
Estimation for Agile and Non-agile RQ2,
Software Projects Using DBN-ALO[26] RQ 3,
6 An ensemble-based model for predicting 2019 Magazine RQ1,
agile software development effort[27] RQ2,
RQ3
8 A predictive model to estimate effortina 2021 Magazine RQ1,
sprint using machine learning RQ2,
techniques[2] RQ3
12 Effort estimation in agile software 2019 Magazine RQ1,
development using experimental RQ2,
validation of neural network models[28] RQ3,
RQ4
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68 Efficient Approaches to Agile Cost 2021 Conference RQ1,
Estimation in Software Industries: A RQ2,
Project-Based Case Study[29] RQ3,
RQ4
83 Quality Requirements Challenges in the 2018 Conference RQ1,
Context of Large-Scale Distributed Agile: RQ4
An Empirical Study[30]
147 Story Point-Based Effort Estimation 2020 Magazine RQ1,
Model with Machine Learning RQ2,
Techniques[31] RQ3
179 Effort Estimation in Agile Software 2022 Conference RQ1,
Development: A Exploratory Study of RQ2,
Practitioners’ Perspective[6] RQ3,
RQ4
241 Playing planning poker in crowds: 2021 Conference RQ1,
Human computation of software effort RQ4
estimates[32]
246 A State of the Art Regressor Model's 2021 Conference RQ1,
comparison for Effort Estimation of RQ2,
Agile software[33] RQ3
339 Linear Regression Model for Agile 2020 Conference RQ1,
Software Development Effort RQ2,
Estimation[34] RQ3
363 Extended Planning Poker: A Proposed 2020 Conference RQ1,
Model[35] RQ4
424 DevOPs project management tools for 2020 Magazine RQ1,
sprint planning, estimation and execution RQ2,
maturity[36] RQ3
529 Enhancing User-Stories 2019 Conference RQ1,
Prioritization Process in Agile RQ4
Environment[37]
551 Effort prediction in agile software 2019 Conference RQ1,
development with Bayesian networks[38] RQ2,
RQ3
554  An effort estimation support tool for agile ~ 2019 Conference RQ1,
software development: An empirical RQ2,
evaluation[39] RQ3,
RQ4
566 Effort estimation in agile software 2019 Magazine RQ1,
development using evolutionary cost- RQ2,
sensitive deep Belief Network[40] RQ3
600 A Novel Hybrid ABC-PSO Algorithm for 2018 Magazine RQ1,
Effort Estimation of Software Projects RQ2,
Using Agile Methodologies[41] RQ3
610 Using developers' features to estimate 2018 Conference RQ1,
story points[42] RQ4
629 Software process measurement and 2018 Conference RQ1,
related challenges in agile software RQ2,
development: A multiple case study[43] RQ3,
RQ4
640  An agile effort estimation based on story 2018 Conference RQ1,
points using machine learning RQ2,
techniques[44] RQ3
655 Empirical Study on Commonly Used 2020 Magazine RQ1,
Combinations of Estimation Techniques RQ4
in Software Development Planning[45]
698 An Empirical Investigation of Effort 2019 Magazine RQ1,
Estimation in Mobile Apps Using Agile RQ4

Development Process[46]

Source: authors
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E. Analysis and Classification

The studies were organized and analyzed from two perspectives: 1) A small bibliometric analysis on the year of
publication, type of publication, keywords, authors and their countries, and 2) the studies were grouped and analyzed to
answer the RQ2 to RQ4, as can be seen in the results section.

F. Validity Assessment

For this research, three types of validations have been carried out: 1) Descriptive Validation: The defined
research protocol was rigorously applied to avoid biases in the selection of studies, its application was carried out and
supervised by all the authors of the study, so that the selection and classification process was transparent and traceable by
all the authors. This is evidenced in Table 5 2) Theoretical Validation: To avoid biases in the selection of articles, cross-
review by the evaluators was implemented in each of the steps of the protocol. Likewise, to avoid the loss of studies, the
search was carried out in five (5) databases with high scientific impact and the search chain was built considering
keywords of interest and its relationship with similar words. Additionally, snowball sampling was carried out with the
selected studies to identify lost studies from references and citations. 3) Generality: The research protocol was rigorously
followed, which is based on the steps proposed by Petersen [11] a study that has been applied in a variety of mappings in
the research area. 4) Interpretative Validation: The results obtained in the study are clear and represent a contribution
in the topic of interest, additionally, they were supervised by all the authors, who have experience in the development of
this type of studies and extensive experience in the subject matter of this study. 5) Repeatability: Section 3 and 4, present
a detailed description of the process followed by its results and description of the applied actions to make the study valid.
The defined process based on Petersen, favors the [11] repeatability of the study for future updates or expansion of its
scope

V. RESULTS
In this section, the answers to the constituted research questions are presented:
A. RQ1 How has the literature on software estimation (effort) in agile development evolved over time?

Of the 25 selected studies, a bibliometric analysis of their characteristics has been carried out, which focuses on
year of publication, type of publication, geographical distribution by author and publisher and keywords. (Fig. 1) presents
the distribution of selected studies considering whether they are journal articles or conferences and the year of their
publication. 52% were published in conferences and 48% in journals.

B 2rucle [ Conference
5

Num Articies

Figure 1. Studies published in magazines and conference by year
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Regarding the geographical distribution of the articles (Fig. 2), 25.8% of the authors are originally from India
from a total of 31 countries and the rest of the authors are distributed almost homogeneously.

I Num Articles
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Figure 2. Country distribution by author

In Fig. 3, of the 24 publishers that publish the selected studies, the majority are from the United States, followed
by Germany.

Figure 3. Country distribution by publisher

Fig. 4, shows the frequency of citations of the selected studies, study number 2 has the most quantity of citations
and a large difference is observed compared to studies presented in the same year such as 6 and 8. This shows that the
relevance of the most cited studies has remained counted compared to new published studies. It can also be observed that
the highest number of citations are presented in studies of the Journal type with 108 citations compa red to
Conferences with 43.

Fig. 5 shows a keyword cloud, where the words that stand out the most are Effort Estimation with 12 repetitions,
Agile Software Development with 7, Machine Learning with 5, Planning Poker, Agile and Software Effort Estimation
with 4, all these words are within the search chain used, this confirms the relevance of the search process and its relevance
to the research topic of this study.
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Figure 5. Word cloud with keywords

RQ2 What techniques (methods) have been using in estimating effort in agile development?

As can be seen in Table 7jError! No se encuentra el origen de la referencia. , there are many studios
that use Story Points (SP) in ASD projects.
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Table 7. Effort Estimation Techniques

No. Technigque Quantity ID/[Ref]
1 History Points - SP 17 2 [25],5[26], 6 [27], 8 [2],12
[28], 83 [30], 147 [31], 246
[33], 339 [34], 529 [37], 551
[38], 554 [39], 566 [40],
600[41] , 610 [42], 629 [43],
640 [44]
2 Planning Poker - PP 7 1[24], 68 [29], 241 [32],
363 [35], 424 [36], 655 [46],
698 [46]
3 Expert Judgment - EJ 4 1[24], 68 [29], 655 [45],
698 [46]

Source: authors

The use of SP is reflected in more than 50% of selected studies being the main technique used for the estimation
of effort, followed by PP mentioned in 7 articles and EJ with a total of 4. Additionally, several articles found in the
literature take an approach to a better estimation by the use of computational solutions or machine learning techniques,
taking this into account the computational solutions proposed in Table VIII are also presented:

Table 8. Computational Solutions

No.  Technique Quantity Compared to Studies
1 NB 2 Estimated values 424 [36],551 [38]
2 KNN- 1 Estimated values 1[24]

Kmeans
3 LSTM- 1 Estimated values 2 [25]

RHN-DR
4 DBN-ALO 1 DBN, PSO, FLANN, FA, RBFN, IFCM 5 [26]
5 MLP 1 KNN, LR, DT, SVR, 812]
6 FNN 1 ENN 12 [28]
7 GBA 1 RFR, GBR, MLP 147 [31]
8 CatBoost 1 DT, LR, RF, AdaBoost, XGB 246 [33]
9 LR 1 SGB, RF, DT 339 [34]
10 German 1 N/A 554 [39]
11 ECS-DBN 1 FFPB-ENN, SVM-GLM 566 [40]
12 ABC-PSO 1 ABC, PSO 600 [41]
13 SVM 1 N/A 610 [42]
14 ANM 1 ANFIS, GRNN, RBFNs 640 [44]

Naive Bayes (NB), K Nearest Neighbour (KNN), Long Short-Term Memory (LSTM), Decision Tree
(DT), Particle Swarm Optimization (PSO), Deep Belief Network (DBN), Multilayer Perceptron
(MLP), Gradient Boosting Algorithm (GBA), Categorical boosting (CatBoost), Linear Regression
(LR), Evolutionary Cost-Sensitive Deep Belief Network (ECS-DBN), Artificial Bee Colony (ABC),
Support Vector Machines (SVM), Recurrent Highway Net (RHN), Antlion Optimization Algorithm
(ALO), Differentiable Regression (DR), Feedforward back-propagation Neural Network (FNN)
Source: authors

As can be seen in Table 8 , the studies that presented a computational solution in order to improve the
estimation of effort used different computational techniques based on machine learning and artificial intelligence
with the use of Naive Bayes in two articles, the use of hybrid methods in 5 articles and the use of different types
of neural networks in 4 articles.

C. RQ3 What metrics have been used to measure accuracy in estimating software in agile development?
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Fig. 6 shows the percentage distribution of the most used precision measures in ASD, with the Mean Magnitude
of Relative Error (MMRE) and the Prediction Evaluation n% (PRED (n)) being the most used, followed by the Mean

Absolute Error (MAE).

@ PRED evaluation (PRED)
@ Mean Magnitude of Relative Error
(MMRE)
@ Mean Absolute Error (MAE)
@ Standardized Accuracy (SA)
@ Magnitude of Relative Error (MRE)
@ Prediction Accuracy (PA)
@ Root Mean Square Error (RMSE)
@ Root Relative Squared Error (RRSE)
@ Relative Absolute Error (RAE)
Mean Squared Error (MSE)
Mean Square Error (MSE)
Mean Absolute Residual (MAR)
Mean Magnitude of Error Relative
(MMER)
Median Absolute Error (MdAE)
R square (RS)
Correlation Coefficient (CC)

Figure 6. Accuracy measures

D. RQ4 What are the most relevant problems and their causes in the estimation of effort in agile
development?
Among the most relevant challenges for effort estimation, it has been found:

Since effort estimation in agile environments is mostly done by experts, as can be seen in [24],
[25] and [30], the suitability, experience, and domain of knowledge of experts, can affect the
estimation process in software development projects as seen in [29]. Additionally,
communication between estimators greatly affects the estimation process since there is a big
number of variables necessary for a correct estimation process, [30], [36], [37] not only in with
environments that estimate effort based on expert judgment but also estimation based on
machine learning techniques for example [41]

Even with the implementation of machine learning techniques for effort estimation there is
always limitations on the amount of information available and the generality of the created
model. [26], [28], [33], [39] as a tuned model can be used for one project but can become very
difficult to apply on another, this affects the process of testing validity of the model in different
applications [35], [38].

In Planning Poker there may be a case of domination meaning that users with less experience
will decide to follow the steps of the users who have more experience affecting the overall
estimation process [29]

There is a lack of information for a good effort estimation process, the main reason for this
lack of information is due to incorrect consolidation of needed information, required for an
accurate estimation[43], [45].

V. CONCLUSIONS

This paper presents an exploration to identify effort techniques in ASD, metrics and problems carried out through
systematic mapping that included studies that show how the estimation of effort in ASD has evolved on both the number
of methodologies used and the new implementation of machine learning techniques both to propose new models to
estimate more accurately the effort applied and to automate the estimation .process
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Most of the studies implemented validations and comparisons of their results with various techniques or by using
empirical data calculated as a result of the experience and performance of projects.

Regarding precision measures, we found that more studies are starting to use a specific type of measure for
example MMRE and PRED(n), however there is still a need for comparison with other studies, as there is still not a
process for a correct estimation of these type of models.

Among the problems identified, there is a deficit and ambiguity of information for the application of cased based
effort estimation methodologies and the implementation of computational models for an accurate estimation process , this
generates limitations in the improvement of current estimates.

The above highlights the changing and evolutionary nature of the work on this topic, at the same time as the
relevance and seriousness that is being given to the topic, therefore, there is an opportunity to make proposals both to
support traditional methods and to propose new ways to improve the accuracy of estimates in ASD projects by the
implementation of machine learning techniques.

As future work, we plan to deepen the analysis elaborated in this mapping through an SLR as well as to extend
the search chain in order to cover most of the new articles that are published on the subject and thus address in more detail
the different challenges and solutions presented by effort estimation in software development projects, especially in agile
environments.
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