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Abstract

Context: Taxonomies have been proposed for a range of knowledge areas in Software Engineering
(SE), and they are seeing as important because they can serve as valuable tools for advancing the SE
field's maturation. They present many advantages, such as the means to handle/reduce ambiguity, foster
communication between different stakeholder groups, management of complex domains and identifi-
cation of gaps.

Objective: To present a synthesis of evidence on the state of the art on taxonomies for Software Effort
Estimation (SEE); such synthesis is driven by four main research questions that aim to present and
compare the taxonomies for SEE identified, and to which software application domains they relate to.

Method: A Systematic Literature Review (SLR) was employed to identify and synthesise the primary
studies describing taxonomies for SEE. This SLR was mainly driven via the SEGRESS SLR guidelines;
and after detailed screening over two large databases, six taxonomy papers for SEE were included and
used to answer four research questions.

Main results (SLR): The taxonomies varied significantly in structure and did not cater for any emerg-
ing software application domains. Some taxonomies included categories such as effort predictors, esti-
mation techniques and contextual factors, whereas others included only one category (e.g. size
measures, or contextual factors, or estimation techniques). A semantic similarity comparison revealed
that only 36 categories (44.4%) and 62 characteristics (17%) are shared across taxonomies at a 90%
semantic similarity threshold, with 303 characteristics being unique to individual taxonomies. Five of
the six taxonomies lacked external validation.

Conclusions: The main aspects identified through the SLR are the absence of taxonomies for emerging
application categories (e.g. mobile apps, artificial intelligence); fragmentation across categories and
characteristics, even between taxonomies targeting at the same software application domains; and lack
of external validation. Future work in this area is needed to either extend existing taxonomies for SEE,
or to propose a single taxonomy that properly caters for all the software application domains, presents
no/controlled fragmentation and is validated in industry.

Keywords: Systematic Literature Review, Taxonomy, Knowledge classification, Taxonomies for Ef-
fort Estimation, Software Engineering, Software Effort Estimation



1 Introduction & Motivation

A cornerstone of software project management is Software Effort Estimation (SEE), the process by
which effort is predicted and used as basis to forecast costs and to allocate resources effectively, thus
supporting software projects to be delivered on time and within budget [1]. SEE is a very complex
domain because the relationship between software effort drivers, and effort itself, is non-deterministic
and exhibits an inherently uncertain nature [1],[2].

Over the past 50 years, a large body of SEE research has been published and there have been several
attempts via secondary studies (Systematic literature reviews, Mapping Studies) and tertiary studies to
provide either syntheses of evidence regarding the entire SEE area [3],[4],[5],[6],[7], or evidence syn-
theses focusing upon specific perspectives pertaining to SEE, such as machine learning techniques used
for prediction and Agile software development (please see [10] for details).

Despite such attempts, their data syntheses were characterized by scientometrics and research trends,
with great differences between studies’ research questions (in the case of SLRs) and syntheses of evi-
dence. Furthermore, these SLRs overlooked important methodological and wide-ranging contextual as-
pects fundamental to better understand under what conditions and how effort predictions can be im-
proved [11].

The existing body of SEE research is large, with hundreds of published primary studies. To consider
carrying out a systematic literature review covering the past 50 years, and to present numerous very
large and detailed summary tables will neither genuinely support the knowledge representation of the
area nor provide a detailed understanding about under which conditions & scenarios accurate estima-
tions are obtained. In addition, summary tables are static displays of evidence synthesis that include
vote counting at best; they do not embed any probabilistic reasoning that could inform decision-making
via, for example, ‘what-if” scenarios [99].

In the medical field Bayesian Network (BN) (e.g. [96],[97],[98]) have been employed for evidence
synthesis of SLRs (e.g. [96],[91],[92],[93]), and using data from meta-analysis combined with simula-
tion (e.g. [97],[98]). A BN is a probabilistic technique that supports the modelling of knowledge as a
directed acyclic graph, where nodes represent the variables of interest, edges their causal relationships,
and with a conditional probability table attached to each node [100]. Nodes, edges and probabilities can
be learnt from data, via expert-knowledge, or using a hybrid-approach. BNs have been distinguished
for providing the means to inform and support decision-making in Software Engineering (e.g.
[100],[94],[101]), and to synthesise/encode knowledge and data, identify knowledge/data gaps, explor-
atory and “what-if” scenario analysis, and to improve system understanding (e.g. [100]). Despite their
wide use in SE, to date they have not yet been employed in SE for evidence synthesis. As part of a
larger research project, and setting the motivation for carrying out this SLR on taxonomies for SEE, we
aim to build a BN model for SEE probabilistic evidence synthesis [90], where the model’s nodes are
informed by a SEE Taxonomy.

Therefore, we needed to first identify the existing taxonomies for SEE so to assess whether any of them
could be readily used in the project as is, or whether another taxonomy would need to be proposed and
validated. Note that the decision as to whether we will use a single pair SEE taxonomy & BN model
for SEE, or diverse pairs catering to different SEE contexts & software application domains is outside
the context of this paper.

Figure 1 presents an overview on how our research will use a taxonomy for effort estimation to inform
the building of a Bayesian network model for probabilistic synthesis of evidence in software effort
estimation. Once a Taxonomy has been proposed and validated, then an LLM & prompt can be used in
a multi-label text classification task, to identify the number of studies that have used each of the taxon-
omy’s characteristics (leave nodes). With such information and additional information on accuracy re-
sults, we can build the node probability tables for parent nodes and to also use LLMs to impute proba-
bilities for some of the child nodes. The detailing of this project and some of the formal experiments
being currently conducted using LLMs are provided in [102],[103].
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Figure 1 — Overview of the research on probabilistic synthesis of evidence for SEE that motivated the
SLR detailed in this paper.

Ralph [14] and Usman et al. [12] argued for the importance of taxonomies in SE because they can serve
as valuable tools for advancing the SE field's maturation. Their motivations for the need to create tax-
onomies in SE are as follows [12],[14]:

o Structured frameworks organise information into categories, so helping practitioners and researchers
manage complex domains.

e Reduced ambiguity improves clarity, making it easier to researchers and practitioners to understand
concepts and their connections.

e C(lassification systems establish common terminology, facilitating effective communication and re-
ducing misunderstandings.

o Well-defined classifications simplify knowledge dissemination, spreading best practices and inno-
vations.

o (lassifying knowledge helps researchers identify gaps and guide the development of new theories
and methods.

e Structured analysis of problems through classification supports informed and systematic decision-
making in both research and practice.

o (lassified knowledge enables easier selection of appropriate tools and methods, enhancing problem-
solving efficiency in industry.

Taxonomies have been proposed for a range of knowledge areas in Software Engineering (SE) (see
[18]), such as: Software Construction, Software Design, Software Requirements, Software Mainte-
nance, Software Testing, Software Quality, SE Models and methods, SE process, Software Manage-
ment, Software Economics; Software Professional practice [12], and Software Effort Estimation (e.g.
[27],[28],[29]).

Examples of additional fields, outside of Software Engineering (SE), for which taxonomies also exist
include astronomy [23],[24], medicine [25], and quantum computing [26]. However, the best-known
example is the biological tree of life [15]. This taxonomy is regularly updated as new species are dis-
covered [16],[17] and such practice should also be embraced with regard to any other taxonomies that
are not considered deprecated.



With regard to SEE, despite the clear benefits that taxonomies can bring (e.g. [12],[14]) and the im-
portance of SEE for Software Engineering (e.g. [30]), to our knowledge no fully refereed secondary
study on Taxonomies for SEE has been published to date. We were only able to identify a technical
report that misleadingly argued to provide evidence on taxonomies for SEE [31]. Further details are
given in the Related work and Discussion sections.

Herein the phenomenon of interest, as well as population, and outcome are all properly specified; there-
fore, we can carry out an aggregative review [32] using as method a Systematic Literature Review. An
SLR method includes an objective and systematic selection criteria, which helps to mitigate authors’
biases when detailing findings. Furthermore, we also wanted to employ research questions precisely
formulated, detailed quality assessment of taxonomies, and clear inclusion & exclusion criteria. These
were all fundamental to support the SLR’s reproducibility, and to provide scientific evidence. Given
these criteria, other existing methods such as narrative reviews [33], critical interpretive synthesis [34],
and scoping reviews [35] are not applicable as alternative choices.

Therefore, the main goal and contribution of this paper is to detail a Systematic Literature Review (SLR)
that identifies and synthesizes evidence on existing taxonomies for SEE, focusing specifically on:

(1) The categories & characteristics of these taxonomies;
(2) Their target software application domain(s);
(3) (if applicable) the detailing of taxonomies that are evolutions of previously published ones;

(4) The similarities and differences across the identified taxonomies in terms of structure and content;
and

(5) Their quality, in terms of a given set of attributes proposed in [40].

The remainder of the paper is organized as follows: Section 2 introduces some background knowledge,
followed by Section 3 where related work is described; next, the SLR’s methodology is detailed in
Section 4. Results are presented in Section 5, followed by a Discussion in Section 6. Finally, conclu-
sions and directions for future work are given in Section 7.

2 Background

2.1 Software Effort Estimation: Main Concepts

Every delivered solution within the context of software/software intensive systems (e.g. desktop appli-
cation, Website, mobile application, services) materializes within the scope of a project and is managed
via a development process (e.g. traditional, iterative, agile) [36]. Software effort estimates (e.g., per-
son/hours) are a core input for project and contract management, project budgeting, staffing, scheduling,
and trade-off analyses (e.g. [30]). Thus, estimation accuracy is a must.

A Software Effort Estimation (SEE) process (see Figure 1) aims to forecast the effort needed to accom-
plish a given task, within the context of a software/software intensive development project; such esti-
mation can be carried out solely by humans (expert-based) or in combination with the use of statistical
and/or Artificial Intelligence techniques. In general, the actual effort spent on similar finished projects,
plus size measure(s) characterizing what is to be developed, and additional factors that are seen as in-
fluential upon effort (cost drivers) are combined to obtain an effort estimate for a new project. An ex-
ample of a size measure and a cost driver can be, respectively, a Website’s estimated number of new
Web pages and developers’ programming experience [37]. As effort is the main component of project
costs, so the terms cost and effort are often used interchangeably [30].



Please note that recently there have been several studies investigating the use of Large Language Mod-
els to support different SEE tasks such as the automatic measurement of size (e.g. function points [37]),
Agile Story Points (e.g. [38]), and to directly estimate effort (e.g. [39]). However, such proposals to
automate parts of, or the entire estimation process, do not contradict the main steps that characterise a
SEE process, as outlined in Figure 2.

Estimated Step 3 Step 4
size Deriving -
* estimate
I Step 2 —

/ / Data

Process

Optional
Step 1 Process

Data/knowledge Ve 7
A { { Stored data/
on past finished | \ Tacit knowledge
projects N X,

Figure 2: Steps used to obtain an effort estimate [100]

2.2 Taxonomy Terminology

The taxonomy terminology used herein has been presented in Unterkalmsteiner & Abdeen [40], and
was adopted in order to be aligned with the framework for taxonomy quality assessment we are em-
ploying - also proposed in [40]. Note that this framework is detailed in sub-section 2.3, next.

In general, a Taxonomy is structured using a tree structure, containing nodes and relationships between
nodes — edges. These edges represent a parent-child relationship between nodes. Every tree has three
types of nodes, as follows:

e Root node: a tree has a single root node, from which all the other nodes originate.
Leaf nodes: nodes from which no other nodes originate. Herein these nodes are called charac-
teristics [40].

o Intermediate nodes: nodes positioned between root and a leaf node. Herein these nodes are
called categories [40].

Every node, except for the topmost node, always has a single parent node. The topmost node has no
parent node. The number of edges between a node n and a tree’s root node is n’s depth. Each category
node can be considered itself as a tree, which is also called a dimension of a taxonomy. Therefore, a
taxonomy can have several dimensions; one representing the entire tree structure, and then others for
each of the categories part of that taxonomy.

2.3 Framework for Taxonomy Quality Evaluation

The Framework for Taxonomy quality assessment used within the context of this SLR was proposed
by Unterkalmsteiner & Abdeen [40]. This study was one of two studies we identified that proposed
concrete metrics for data analysis. However, it was the only one putting forward several objective met-
rics that could be measured without relying on user-feedback/user studies. The other study was by
Kaplan et al. [41], who also suggested metrics for taxonomies’ quality assessment; however, these met-
rics are subjective and, in order to be measured, depend upon input from domain experts, which is often
not straightforward to obtain and may also lead to biased results.

Unterkalmsteiner & Abdeen [40] developed a comprehensive framework for taxonomy quality evalua-
tion by synthesizing quality attributes from 324 publications across software engineering and infor-
mation systems research. From an initial set of 43 different quality attributes identified in the literature,



they consolidated overlapping concepts into seven distinct, non-overlapping quality attributes with cor-
responding measurements (see Table 1). These seven quality attributes were organised according to the
measurement framework introduced by Fenton and Pfleeger [42]. Such framework is used to drive the
identification of the entities that are the focus of one’s measurement goal, their corresponding attributes
and how each attribute is to be measured.

Entities can represent processes, products or resources [42]. Processes are collections of activities usu-
ally associated with some timescale. An example of a process would be ‘the process used to build a
Taxonomy for SEE’. Products are any artefacts, deliverables or documents that result from a process
activity; thus, an example of a product could be a ‘Taxonomy for SEE’. Finally, resources are entities
required by a process activity; an example of a resource could be ‘a domain expert’, who is contributing
towards the building of a taxonomy for SEE.

Each attribute can be either internal, or external [42]. An internal attribute of a product, process or
resource is that which can be measured by examining the product, process or resource on its own, sep-
arate from its behaviour. For example, if we were interested in measuring the product ‘Taxonomy for
SEE’, and its attribute ‘depth’, then this attribute could be measured by solely examining the Taxon-
omy'’s tree structure. As for an external attribute of a product, process or resource, the working of the
product, process or resource is what is important, rather than the details pertaining to the entity itself.
For example, if we were interested in measuring the product ‘Taxonomy for SEE’, and its attribute ‘case
of use’, then this attribute could only be measured by means of some use case involving users, who
would then assess how easy the product ‘Taxonomy for SEE’ is for use in their context(s).

Each of the seven quality attributes, proposed in [40], to assess the quality of a Taxonomy will be
detailed next.

Comprehensiveness: Measures to what extent a taxonomy does fully classify the domain knowledge
for which it has been created. This attribute measures the quality of the process employed to create the
taxonomy and employs two metrics: 1) Design process quality, which measures the quality of the pro-
cess that was used to create the taxonomy; and ii) Count of unclassified objects, which measures the
number of objects that are part of a knowledge domain which are not represented in the proposed Tax-
onomy. The authors in [40] do not explain what is meant for ‘objects’. However, within the context of
this work, we assume that objects represent knowledge, facts, concepts, and terminology pertaining to
a knowledge domain.

Robustness: Measures how well the taxonomy differentiates between related and unrelated character-
istics. The method analyses two key properties: cohesiveness (related characteristics grouped together)
and orthogonality (unrelated characteristics in separate groups). The approach identifies groups of char-
acteristics within the taxonomy and calculates the semantic similarity within each group using word
embeddings (Metric ‘Semantic proximity and distance’). For each group, the minimum pairwise simi-
larity establishes a cohesiveness threshold. An "intruder" is detected when a characteristic from outside
the group shows higher similarity to any group member, below this minimum threshold. The robustness
score ranges from O to 1, where 1 indicates perfect separation with no intruders detected. Note that
herein we are using the term ‘intruder’ because this is the term employed in [40].

2’?groups( 1o Mc )
=1 ngc*(Mac—Nngc)

R(T) = )

Ngroups

The Robustness of a Taxonomy - R(T), is calculated using Equation (1), where:

— Ngroups 1 the number of groups of characteristics within the taxonomy (Metric ‘Count of Tax-
onomy constructs’)

— n;c 1s the number of intruder characteristics (Metric ‘Count of misclassified objects’).
— ng. is the number of group characteristics.

— Ng 18 the number of all characteristics in the taxonomy.



Note that this attribute also aligns with Ralph's [14] requirement that taxonomies should enable clear
distinctions between instances.

Conciseness: This attribute measures to what extent a taxonomy has classified objects using the mini-
mum number of dimensions, categories, and characteristics needed. In other words, it measures a tax-
onomy’s conciseness by evaluating the structural efficiency of the classification hierarchy. Equation 2,
below, calculates the sum of inverse depths for all categories and characteristics, where deeper elements
(higher depth values) contribute less to the total sum. This approach penalizes overly deep taxonomies,
as they require more navigation steps and increase users’ cognitive load. Conciseness’ score ranges
from 0 to 1, where higher values indicate more efficient taxonomy structures that balance breadth and
depth effectively. This metric reflects the principle that effective taxonomies should minimize the num-
ber of steps required to locate specific characteristics while maintaining logical organization.

1

c(T) =
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The Conciseness of a Taxonomy — C(T) is calculated using Equation 2, where:

— In is a logarithmic transformation, which ensures that taxonomies with moderate complexity
receive higher conciseness scores, while extremely shallow or deep structures are penalized.

— Near 18 the number of categories (Metric ‘Human memory heuristic’, ‘Amount and depth of
constructs’).

— d(Cat;) is the depth of category i (Metric ‘Amount and depth of constructs’).
— Nenar 18 the number of characteristics (Metric ‘Human memory heuristic’).
— d(Char;) is the depth of category j (Metric ‘Amount and depth of constructs”).

Extensibility: This attribute characterises the ability to modify the taxonomy's structure by adding,
changing, or removing dimensions, categories, or characteristics. The two metrics used are: i) ‘Docu-
mented extension points’, which is measured by checking whether the documentation provided with a
taxonomy includes information on how the taxonomy can be extended; and ii) ‘Rate of change’, which
measures the frequency with which a taxonomy is changed.

Explanatory: This attribute is characterised by to what extent users can locate objects in a taxonomy
based on this taxonomy’s existing characteristics (Metric ‘Location support’); or to deduce an object’s
characteristics based on its location in the taxonomy’s structure (Metric ‘Orientation efficiency and
effectiveness’).

Mutual exclusiveness: This attribute is used to assess to what extent each object in the knowledge
domain embedded in a taxonomy appears in only one category per dimension, providing unique iden-
tification. In is measured using two metrics: 1) ‘Classification constraint’, which relates to whether the
accompanying documentation provides explicit instructions on how to handle a violation of mutual
exclusiveness; and ii) ‘Ambiguous objects’, which relates to whether an object can be classified in
different categories.

Reliability: This attribute represents the extent to which consistent classification results are obtained
across different uses. It is measured using two metrics: i) ‘Inter-rater reliability’, which measures the
consistency with which two or more raters classify the same object (are the classification rules under-
stood in the same way by different raters?; Does a single object lead to the same classification, given
two or more raters?); and ii) ‘Intra-rater reliability’, which measures the consistency with which a single
rater classifies the same or similar objects at different times.

Table 1 presents the attributes and measurement options proposed by Unterkalmsteiner & Abdeen [40] to
measure the quality of taxonomies. This information is a subset of what is shown in [40] as Table 4.



Finally, the seven quality attributes abovementioned address different aspects of taxonomy utility and
exhibit important interrelationships, as follows:

e Trade-offs: Unterkalmsteiner & Abdeen [40] identify key trade-offs between attributes, partic-
ularly between robustness and conciseness: increasing the number of dimensions and charac-
teristics (robustness) typically reduces conciseness, though this trade-off is not absolute.

e Complementary relationships: Some attributes work together to support a taxonomy’s effec-
tiveness. For instance, explanatory power supports reliability by helping users make consistent
classification decisions, while comprehensiveness and mutual exclusiveness both address con-
tent adequacy but from different perspectives - completeness versus uniqueness.

e Use-case dependent prioritization: Unterkalmsteiner & Abdeen [40] emphasize that the attrib-
utes’ importance may vary according to a taxonomy’s context of use. Regarding automated
classification systems, robustness and mutual exclusiveness may be prioritized, while human-
centred applications might emphasize explanatory power and conciseness.

Entity: Product | Quality Attributes Metrics used to measure the quality at-
tributes
Name Nature Metric Scale
Comprehensiveness | External Design process quality Nominal
Count of unclassified ob- Absolute
jects
Robustness External Count of taxonomy con- Absolute
structs
Semantic proximity and Ratio
distance
Taxonomy for Count of misclassified ob- | Absolute
SEE jects
Conciseness External Human memory heuristic Absolute
Amount and depth of con- | Ratio
structs
Count of unused constructs | Absolute
Extensibility Internal Documented extension Nominal
points
Rate of change Ratio
Explanatory External Location support Nominal
Orientation efficiency and | Ratio
effectiveness
Mutual exclusive- External Classification constraint Nominal
ness Ambiguous objects Ratio
Reliability External Inter-rater reliability Ratio
Intra-rater reliability Ratio

Table 1: Attributes and measurement options proposed by Unterkalmsteiner & Abdeen [40] to measure the
quality of taxonomies. This information is a subset of what is showing in [40] as Table 4.

2.4 Validation of the Primary Studies

To identify the validation employed by the primary studies included in this SLR, we employed the
classification framework proposed by Wieringa et al. [43]. This framework - initially developed for use
in Requirements Engineering research, distinguishes between research activities (which generate new
knowledge) and design activities (which create new artifacts or techniques).

Wieringa et al. [43] identify six types of research papers according to the type of evaluation they in-
clude:



e Evaluation Research: Investigates problems in practice or implementations of techniques already
deployed in real-world settings.

¢ Solution Proposal: Proposes a solution to a problem without a full-blown validation. Typically
includes proof-of-concept demonstrations.

e Validation Research: Investigates the characteristics of proposed solutions that have not yet been
validated in practice, and in general employs methods such as experiments, simulations, prototyping,
or mathematical analyses/proof of properties.

o Philosophical Papers: Presents a new conceptual framework describing a new way of looking at a
problem.

e Opinion Papers: Expresses the author’s opinion about what they see as good or not so good regard-
ing a particular problem.

o Personal Experience Papers: Describes the author’s personal experience regarding a problem.

The use of this classification enabled us to identify the type of validation employed by the primary
studies in this SLR.

2.5 Software Application Domains

Taxonomies in SEE can cover different software application domains and we use the classification
proposed by Pressman & Maxim [44] to identify the domains that correspond to those targeted by the
primary studies included herein.

Pressman & Maxim [44] propose seven broad categories:

System software: Refers to software solutions that support other programs, such as compilers, operat-
ing systems, and networking software.

Application software: Involves standalone software solutions designed to meet specific business re-
quirements and handle business or technical data.

Engineering/scientific software: Covers data science and computational software solutions spanning
various fields from astronomy to automotive stress analysis.

Embedded software: Refers to software solutions integrated into products or systems to enable control
features and functions.

Product-line software: Involves reusable software solutions and components built to deliver specific
capabilities for multiple customers.

Web/mobile applications: Includes network-focused software solutions such as browser-based apps,
cloud computing, and mobile device software.

Artificial intelligence software: Applies heuristics to address complex problems in fields such as ro-
botics, machine learning, and pattern recognition.

We note that the SWEBOK (Software Engineering Body of Knowledge) was not adopted as a reference
framework for evaluating SEE taxonomy coverage. The SWEBOK chapter on Software Engineering
Economics addresses estimation at a conceptual level, providing only a single high-level "Estimation"
entry that lists possible ways to obtain an estimate, without detailing specific effort predictors (such as
size measures and cost factors) at the characteristic level required for meaningful taxonomy evaluation.
For example, the largest taxonomy in our SLR contains 164 characteristics across 12 categories, repre-
senting specific effort predictors, a level of granularity that SWEBOK does not provide for the SEE
domain. Furthermore, the SWEBOK estimation entry omits the use of machine learning and Al methods
for effort estimation. Pressman & Maxim's classification [44], with its seven software application do-
main categories, provides a more appropriate and directly relevant framework for assessing how well
existing SEE taxonomies cover the diversity of modern software development contexts.

2.6 Methodology for comparing Taxonomy elements

Taxonomies can be constructed and deconstructed from word embeddings (e.g. [45],[46],[47]). The use
of text embeddings for comparing taxonomy categories and characteristics is grounded in the distribu-
tional semantic hypothesis, which establishes that words appearing in similar linguistic contexts tend to



have similar meanings [49]. Modern embedding models operationalize this principle at scale, and have
been empirically validated for qualitative research tasks involving terminology comparison [50]. In our
analysis, embeddings are used specifically for a term-matching task, that is identifying lexically and
semantically similar terms across taxonomies rather than for deep definitional analysis. This approach
follows Unterkalmsteiner & Abdeen [40], who explicitly recommend the use of "natural language pro-
cessing techniques to measure Robustness via semantic proximity." We acknowledge that embeddings
cannot capture all definitional nuances; however, when combined with conservative similarity thresh-
olds and transparent reporting of matched pairs, they provide a systematic and reproducible method for
initial identification of potentially equivalent terms, while human expert judgment remains essential for
any actual taxonomy merging decisions.

To support full reproducibility, the following technical specifications were employed in our semantic
similarity analysis. The embedding model selected was jina-embeddings-v3 [54]. It produces 1024-
dimensional embeddings with task-specific LORA adapters, when using the task parameter 'text-match-
ing' and default inference configuration. This model was selected based on published benchmark per-
formance, where it achieved 65.56 average score on the MTEB benchmark, outperforming text-embed-
ding-3-large (64.59) and Cohere-embed-v3 (64.47) [54]. In relation to the preprocessing that was done,
we retained full characteristic phrases as input (e.g., "Team Experience Level"), with no stemming or
lemmatization applied, and using UTF-8 encoding. The similarity metric employed was the cosine sim-
ilarity between embedding vectors, where a threshold of 90% cosine similarity (Table 27) was applied.
This was deliberately a conservative threshold choice that was chosen because it identifies only high-
confidence near-identical terms, minimizing false positives.

3 Related work regarding taxonomies in SEE

We only identified a technical report by Vera et al. [31] when searching for secondary studies detailing
syntheses of evidence on taxonomies for SEE.

This report details a survey of primary studies obtained from searches using several databases — IEEE
Xplore, ACM, ScienceDirect, and Springer, and within the timeframe 2000 to 2017. They state that 17
taxonomies for SEE were identified, as will be detailed in Section 6; however, none of the included
primary studies proposed any taxonomy for SEE. The studies included by Vera et al. were solely pri-
mary studies in effort estimation (e.g. studies comparing machine learning techniques) that did not pro-
pose any taxonomy for SEE. Vera et al. themselves decided to create post-hoc hierarchical structures
based upon each of the primary studies, and then to argue that the primary studies they included pro-
posed taxonomies for SEE. These made-up structures focus primarily on categorizing estimation meth-
ods rather than analysing the taxonomies themselves as knowledge organization structures.

Furthermore, this technical report also revealed additional significant methodological mistakes regard-
ing adherence to systematic literature review guidelines, study selection procedures, and evidence syn-
thesis approaches that compromise even further the reliability of its findings. These methodological
issues are discussed in detail in Section 6 alongside our discussion.

We chose to present Vera et al. [31] work in the related work section for the sake of transparency, and
also in support to our previous statement that this SLR is the first to aggregate the evidence pertaining
to taxonomies in SEE, which is a novel research contribution not only to research in SEE but also to
practice.

4 Systematic Literature Review

This section details the SLR that we carried out. It was executed using primarily the SEGRESS guide-
lines in SE [55] (Table 22 in Appendix A), as well as the PRISMA checklist [56]; however, it also
considered the SLR guidelines by Kitchenham & Charters [57].

An SLR is defined as a method that enables the evaluation and interpretation of a significant sample of
available research relevant to a proposed question, and a specific subject matter or interest; it generally
comprises the following steps [57]:

1. Identification of the need for carrying out a systematic review.
2. Formulation of focused research question.
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A comprehensive, exhaustive search for primary studies.
Quality assessment of included studies.

Identification of the data needed to answer the research question.
Data extraction.

Summary and synthesis of study results.

Interpretation of the results.

Report-writing.

A e

The SLR protocol is provided in Appendix C and the replication package in our Github repository!

4.1 The Motivation for a systematic literature review

As previously stated, the aim of the SLR detailed herein is to identify the existing taxonomies for SEE
so to assess whether any of them could be readily used as input to build a BN model for SEE probabil-
istic evidence synthesis [90], or whether another taxonomy would need to be proposed and validated.
Furthermore, although the first author has (co-)proposed Taxonomies for SEE, the most recent of these
taxonomies was published in 2017, and therefore it was important to identify whether additional Tax-
onomies for SEE have been published afterwards.

As previously stated, given that the phenomenon of interest, as well as population, and outcome are all
properly specified, we can carry out an aggregative review [32] using as method a Systematic Literature
Review. An SLR method includes an objective and systematic selection criteria, which helps to mitigate
authors’ biases when detailing findings. Furthermore, we also wanted to employ research questions
precisely formulated, detailed quality assessment of taxonomies, and clear inclusion & exclusion crite-
ria. These were all fundamental to support the SLR’s reproducibility, and to provide scientific evidence.

In addition, an SLR on taxonomies for SEE can provide the means for an in-depth analysis relating to
the identified primary studies, how these taxonomies compare to one another, their quality and type of
validation. Furthermore, such an SLR also provides the means to identify, for example, specific types
of software application domains that may lack representation, as well as to put forward suggestions for
future work in taxonomies for SEE.

4.2  Research questions
Table 2 below presents the SLR’s research questions and their corresponding motivation.

Research Question Main Motivation

RQ1: What are the categories and char- | A concise examination of the categories and character-
acteristics used in the existing taxono- istics in the existing taxonomies is of utter importance.
mies for SEE? With this information we can assess to what degree of
specificity do these taxonomies capture the complexities
of software effort estimation, and how representative
they are regarding the landscape of applications being
developed worldwide.

RQ2: What ahre the software applica- Such understanding will provide the means to know the
tion domains targeted by the taxonomies | extent to which all the different types of applications are
identified in this SLR? represented in the existing taxonomies for SEE; it also
supports the identification of potential limitations and
applications for which a taxonomy needs to be elabo-
rated/extended. We use the software application do-
mains proposed by Pressman & Maxim [44], which was
introduced in sub-section 2.4.

RQ3: (if applicable) Which of the tax- Here the goal is to determine whether taxonomies are
onomies identified in this SLR are an evolving from earlier versions, and, if applicable, to also
evolution of previously published ones? | identify the specific changes being made that represent
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Which aspects were changed? such evolution. This is a way of understanding advance-
ments in this field and whether there are patterns relating
to such changes.

RQ4: What are the similarities and dif- | Within the context of this question, structural aspects

ferences across the identified taxono- represent dimensions, categories and depth; whereas
mies for SEE in terms of their structures | content aspects represent shared versus unique catego-
and content? ries and characteristics. The understanding of similari-

ties and differences between taxonomies will help un-
derstand whether these taxonomies are characterising
the SEE phenomenon in a similar or diverse way.

Table 2: SLR’s Research Questions

4.3  Developing a search strategy

Following the definition of the research questions, a concise search strategy was developed, comprising
the following steps:

1. Conduct a comprehensive search using a carefully constructed search string across selected, reputa-
ble databases.

2. Screen titles and abstracts to identify potential studies, applying predefined inclusion and exclusion

criteria.

Assess the inclusion of studies that appear relevant based on the initial screening.

4. Resolve disagreements among reviewers through discussion. If consensus cannot be reached, in-
volve a third reviewer for arbitration.

5. Whenever studies’ relevance remains unclear, review the full text to make a final determination.

W

4.4  Study selection
4.4.1 Inclusion & Exclusion criteria

The study selection was carried out by applying an inclusion and exclusion criteria to each of the studies
that were retrieved via one or more databases searches. Please note that both inclusion and exclusion
must be explicitly stated, and detailed as best as possible, so to enable the possible replication of this
study and the clear specification on how to identify primary studies that are/are not relevant to be se-
lected for this SLR. A primary study herein is a study that proposes/uses a taxonomy for SEE. This
means that studies that solely investigate the SEE phenomenon, e.g., via comparing the accuracy of
effort estimation techniques, without explicitly proposing a taxonomy for SEE, are not to be included
in this SLR. Also note that we did not constrain the search to any specific time range because we wanted
to include taxonomies for SEE proposed at any point in time.

V' Inclusion criteria: (IC1) Studies that propose and/or use a taxonomy for software effort estimation
(AND) (IC2) Studies published at peer-reviewed journals and conference papers (IC3) Studies writ-
ten in English.

X Exclusion criteria: (EC1) Studies that are not related to software effort estimation (OR) (EC2)
Studies that do not propose or discuss a taxonomy for SEE (OR) (EC3) Studies that are Grey litera-
ture (OR) (EC4) Studies not written in English.

It is important to stress that the research goal of this SLR 1is to present an evidence synthesis of taxono-
mies for SEE; therefore, despite the large body of research in SEE, only primary studies that have
proposed/used a taxonomy for SEE were included herein. Such distinction drove both the formulation
of the inclusion and exclusion criteria above, and the detailed screening of titles and abstracts carried
out. Furthermore, note that IC4 imposes no temporal restriction, meaning that any taxonomy for SEE
published at any point in time, including before the year 2000, would have been included had it been
identified in our search. Note that while reading titles and abstracts, if at any point these were not suf-
ficient to identify whether a paper was to be included or excluded, then the full text was also employed.
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4.4.2 Quality assessment

The quality assessment of primary studies’ taxonomies for SEE was performed using the framework by
Unterkalmsteiner & Abdeen [40] (See sub-section 2.3). This framework proposes metrics that can be
used to assess both the process employed to build a taxonomy, and the product that is the result of such
process — the taxonomy itself. Note that our assessment of existing taxonomies for SEE is mostly based
upon the reporting provided in the conference/journal papers describing such taxonomies. The excep-
tion is for Comprehensiveness, where we also searched for authors’ backgrounds online.

We note that our approach combines quantitative methods (semantic similarity analysis, structural met-
rics, R(T) and C(T) calculations) with qualitative methods (thematic analysis of taxonomy content, sys-
tematic quality assessment, and validation, type classification), constituting a mixed-methods analysis.

Measurement Implementation:

Our evaluation focuses on attributes where reliable structural assessment is possible:
e Robustness: Calculated using semantic similarity analysis with jina-embeddings-v3
e Conciseness: Measured through structural complexity calculations

e Comprehensiveness: Partially assessed through available documentation. If a taxonomy paper
did not provide any background information for its author(s), we searched for it online.

Following Unterkalmsteiner & Abdeen [40], we employed natural language processing techniques to
measure Robustness via semantic proximity. We used the jina-embeddings-v3 model, a multilingual,
multi-task text embedding model that has demonstrated superior performance compared to proprietary
models from OpenAl, Cohere, XLM-R, and mBERT on both monolingual and multilingual tasks [54].

Furthermore, in addition to using Unterkalmsteiner & Abdeen’s taxonomy quality assessment frame-
work [40], we also employed the classification by Wieringa et al. [43] (See sub-section 2.4) to analyse
the type of taxonomy validation employed by each primary study included in our SLR. In both cases,
each paper was classified by the second author and revised by the first author.

4.5 Data collection & Extraction

To define an appropriate search strategy for identifying primary studies, we first constructed a compre-
hensive search string (detailed in Sub-section 4.5.1). To achieve this, we selected relevant keywords
(see Table 3) derived from some previous literature on taxonomies in SE ([12],[14] ); and taxonomies
in SEE that we were already aware of [27],[28],[29].

Keyword Source(s)

Taxonomy [12],[14],[27],[28],[29]
Estimation [27],[28],[29]
Software [12],[14],[27],[28],[29]
Classification [12],[14],[29]
Knowledge Classification [28]

Effort estimation [27],[28],[29]

Software Engineering [12],[14],[27],[28],[29]

Table 3: Table of relevant keywords collected from known literature.

In addition to the abovementioned keywords, and following the SLR guidelines that were used to guide
our work, we also included relevant synonyms (see Table 4), identified via the Cambridge Thesaurus
[61]. The inclusion of synonyms is critical, as different authors may employ varying terminology when
addressing similar or related concepts. By incorporating synonyms, we ensured the broadest possible
retrieval of studies, irrespective of the vocabulary used.
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Keyword Synonym(s)

Taxonomy Classification, grouping, sorting

Estimation Forecast, forecasting, prediction, assessment

Software Application, program

Classification Taxonomy, grouping, sorting

Knowledge classification Classification

Effort estimation Effort forecast, effort forecasting, effort prediction, effort assess-
ment, cost forecast, cost forecasting, cost prediction, cost assess-
ment

Software Engineering —

Table 4: Table of synonyms

The data collection process was performed using two major academic databases: Scopus [62] and
Google Scholar [63]. Scopus indexes a wide variety of journals including those published by the ACM
[64] and IEEE [65], and contains thus an extensive database of peer-reviewed journals, conference
proceedings, and other scholarly content, making it a reliable source for high-quality academic publi-
cations [66]. Google Scholar was selected for its broad accessibility and its ability to index a wide range
of academic documents published by the ACM, IEEE, and other publishers (e.g. articles, theses, books,
and conference papers), thus ensuring a comprehensive review of the literature [67]. Forward snowball-
ing was not performed as we did not fix the search period on any of the two databases used. Backward
snowballing was performed by the first author, and no additional studies were included.

4.5.1 Data collection from Scopus

Using the identified keywords and their synonyms we formulated a search query designed to scan titles
and abstracts in the Scopus database. The query was constructed to be sufficiently broad to yield rele-
vant results, while also being narrow enough to avoid retrieving an excessive number of false positives:

TITLE-ABS ((taxonomy OR classification OR grouping OR sorting) AND ("effort estima-
tion" OR "Effort Forecast" OR "Effort Forecasting” OR "Effort Prediction" OR "Effort
Assessment" OR "Cost Estimation” OR "Cost Forecast” OR "Cost Forecasting” OR "Cost
Prediction” OR "Cost Assessment”) AND ("Software Engineering” OR software OR appli-
cation OR program))

4.5.2 Data collection from Google Scholar

To further ensure a comprehensive coverage, we conducted a parallel search in Google Scholar using
the Scholarly package [68] in Python. Given the inherent limitations of Google Scholar, such as restrict-
ing the retrieval of results to the first 1,000 entries and offering less refined search functionality, when
compared to Scopus, we performed multiple searches using simpler search queries, which were defined
jointly by both authors:

"Taxonomy and Effort Estimation”
"Taxonomy and Cost Estimation"
"Taxonomy and Effort Prediction"
"Taxonomy and Cost Prediction"

Duplicates were removed by comparing the titles of the retrieved papers, and Python was used to auto-
mate the deduplication process.
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Following the collection of relevant papers, we proceeded with data extraction. A data extraction sheet
was created (see Table 23 in Appendix A) and used to guide the systematic extraction of key information
from each selected study.

5 SLR Results

The Scopus search retrieved a total of 356 articles. Both authors screened separately through all the
titles and abstracts for relevant taxonomies in SEE; they also afterwards checked whether all previously
known relevant SEE taxonomy papers were included in the search results; only one paper required a
discussion until consensus was reached:

Karadimos and Anthopoulos [70] = This study, entitled ‘A taxonomy of machine learning tech-
niques for construction cost estimation’ was selected by one of the authors but later discarded be-
cause it investigated effort estimation for building construction projects, not software projects (EC1).

Regarding the Google Scholar search, a total number of 3125 documents was selected, after removing
duplicates. Of these, the first 1000 were screened separately by both authors. This screening led to the
preliminary selection of 11 primary studies for inclusion in this SLR; however, when comparing both
authors’ level of agreement, the following five papers were removed from the preliminary list of 11
papers:
Vera et al. [31] = This study, entitled ‘Survey Of Software Development Effort Estimation Taxon-
omies’, was removed because it is not a primary study (EC5). However, this technical report, which
is a secondary study, is discussed and compared to our SLR in Section 6.6.

Britto et al. [59] = This study, entitled ‘An Extended Global Software Engineering Taxonomy’ [60]
was excluded due to being a taxonomy for global software engineering, and not focusing on software
effort estimation (EC1).

Usman et al. [12] = This study, entitled ‘Taxonomies In Software Engineering: A Systematic Map-
ping Study And A Revised Taxonomy Development Method’ was removed because it is not a pri-
mary study (EC5).

Sanchez-Morcilio & Quiles-Torres [70] = This study, entitled ‘The Taxonomy Of Estimation In
Software Development Projects’ was removed because it did not in fact propose a taxonomy (EC2),
but rather a process model on how to do an estimation. Prior to excluding the paper, we contacted
Morcilio and Torres so to understand the diagram they presented and claimed to be a taxonomy;
However, their reply made it clear that the diagram they used was a process model, not a taxonomy;
and the paper was therefore excluded.

Smite et al. [71] = This study, entitled ‘An Empirically Based Terminology And Taxonomy For
Global Software Engineering’ was excluded due to being a taxonomy for global software engineer-
ing, and not focusing on software effort estimation (EC1).

The remaining 2125 papers were screened by the second author but no further primary studies were
selected for inclusion. Figure 3 illustrates the process that was followed.

The inter-rater agreement was high (Cohen’s x = 0.83, observed agreement = 99.6%). Disagreements
(n = 6) were resolved through discussion.

After the complete screening of papers, six papers were selected for inclusion in this SLR. Backward
snowballing was applied on each by the first author, resulting in no additional primary studies to in-
clude. Therefore, the final set of primary studies is as follows:

Towards a Taxonomy of Hypermedia and Web Application Size Metrics, by Mendes et al. [29]

A Specialized Global Software Engineering Taxonomy for effort estimation, by Britto et al. [27]

A Taxonomy of Web Effort Predictors, by Britto et al. [28]

An effort estimation Taxonomy for Agile Software Development, by Usman et al. [59]

A Software Cost Estimation Taxonomy for Global Software Development Projects, by Bajta & Idri
[72]

A Taxonomy of Approaches and Methods for Software Effort Estimation, by Dashti & Gandomani
[73]
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Figure 3: Diagram illustrating the data collection process.

Table 5 shows the year of publication and publication venue for each of the primary studies. The earliest
study was published in 2005 by Mendes et al. [29], and the most recent one was published in 2022 by
Dashti & Gandomani [73]. These results show that since the publication of the first taxonomy for SEE
by Mendes et al., there was a gap of 11 years until other taxonomies for SEE were published. Then
there was some sort of steady flow, with taxonomies for SEE being published every year/second year,
until 2022. We speculate that the interest in taxonomies for SEE from 2016 onwards might have been
related to the increase in the number of SEE studies, which was in part motivated by the use of a wide
range of statistical and machine learning techniques for building forecasting models. Furthermore, as
Mendes was also a co-author in some of the more recent studies proposing taxonomies for SEE, this
also suggests that some of these more recent publications could indeed have been prompted by Mendes
work in the SEE area.

The primary studies included herein were published in a range of venues including international con-
ferences (e.g. ICSOFT, ICWE, ICGSE, ICICSE) and specialized journals (e.g. Journal of Web Engi-
neering, International Journal of Software Engineering and Knowledge Engineering). Such range may
suggest a wider interest in taxonomy research within SEE and SE.

Finally, IC4 imposed no temporal restriction on the search, yet the earliest taxonomy identified dates
from 2005, indicating that no taxonomies for SEE, written in English, have been published on peer
reviewed venues for the first three decades of research in this field. This could be understood as a
research gap related to the systematic organisation of the SEE knowledge.
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Taxonomy gg::r of publica- | b 1 lication venue
Mendes et al. [29] 2005 Web Engineering (ICWE 2005)
th ~
Britto et al. [27] 2016 IEEE 11 .Inte1fnat10nal Conference on Global Soft-
ware Engineering
Britto et al. [28] 2017 Journal of Web Engineering
International Journal of Software Engineering and
Usman et al. [59] 2017 Knowledge Engineering Vol.27, No.4
. . 14th International Conference on Software Tech-
Bajta & Idri [72] 2019 nologies (ICSOFT)
Dashti & Gandomani 2001 4th International Conference on Interdisciplinary
[73] Computer Science and Engineering (ICICSE)

Table 5: Summary Table with the year and publication venue for the primary studies included in this
SLR.

5.1 Quality Assessment
5.1.1 Taxonomy quality assessment

We applied the guidelines & corresponding attributes proposed by Unterkalmsteiner & Abdeen [40]
(See sub-section 2.3) to measure the quality of the taxonomies for SEE included herein. The results are
shown in Table 6 and discussed below.

One of the first observations is that most taxonomies originated from a diverse set of data sources.

The robustness value R(t), which uses the semantic similarity of a taxonomy’s contents to indicate
varying degrees of reliability, is relatively high throughout all studies. Here, Mendes et al. [29] pre-
sented the highest score (0.9094), which translates as the most robust taxonomy according to the spec-
ified measurement criteria. In contrast, Britto et al. [27] has the lowest robustness (0.8733), likely due
to its construction method, which includes repeated terms to improve readability and conciseness.

Conciseness varies significantly among the taxonomies in terms of dimensions, categories, and charac-
teristics. Britto et al. [27] has the highest number of dimensions (6) while Mendes et al. [29] has the
lowest (1); Bajta & Idri [72] has the highest number of categories (23), while Britto et al. [27] and
Dashti & Gandomani [73] have the lowest (6); Britto et al. [28] has the highest number characteristics
(164), while Dashti & Gandomani [73] has the lowest (12).

Finally, Dashti & Gandomani [73] present the highest taxonomy depth (5), while all remaining studies
share the same depth - three.

When it comes to a taxonomy’s overall conciseness, taxonomies containing less elements might be
more straightforward to present but potentially less detailed, while others may offer extensive detail and
nuances but at the cost of clarity. This is reflected in the C(t) values, where taxonomies containing more
categories and characteristics score lower than the ones having fewer elements, indicating that simpler
taxonomies are easier to understand but may sacrifice robustness.

Extensibility measurements are sparse across taxonomies. Only Britto et al. [28] mentions about spe-
cific aspects of change processes and extensions. Mendes et al. [29] and Britto et al. [27] document
possible future changes, but guidelines for adaptation or customization are not given.

None of the taxonomies provide structured elements besides dimensions or support for selecting cate-
gories, thus highlighting a gap in explanatory capabilities. The absence of data on the classification
constraint for mutual exclusiveness points to a weakness in the clarity of taxonomy structures. Here,
there are several attributes that could not be measured as they were not documented in the studies (e.g.
authors’ background, support for choosing dimensions, classification constraint, structuring elements
besides dimensions, customization of the taxonomy). The fact that none of the studies provided any
information in relation to these attributes may perhaps suggest that these were not seeing by the primary
studies’ authors as core taxonomy quality attributes. However, such lack of information should not, in
our view, be taken to mean that the abovementioned attributes are irrelevant. Future research could
include the quality measurement of other taxonomies in SE, so to understand further how existing SE
taxonomies have or have not catered for the quality attributes proposed in [40].
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With regard to presenting data on real world use, only Usman et al. [58] explicitly states that their
taxonomy has been applied in industry, while Britto et al. [27] uses solely a proof of concept. These
results suggest that real-world validation is an area that needs further attention.

While comprehensiveness and robustness were the two attributes documented the most in the studies
included herein, the lack of external evaluations across most taxonomies raises concerns. While some
of the included studies propose internal evaluation methods like orthogonality, none have been evalu-
ated by third parties. In addition, another potential area for future work relates to a taxonomy’s reliabil-
ity, which has only been measured in Britto et al. [27].

Limited data on extensibility calls for more flexible taxonomies that can evolve over time. Developing
specific guidelines for customization could improve the practical utility of these taxonomies and their
resilience through time.

The absence of any information relating to mutual exclusiveness and explanatory attributes suggest the
need for both usability studies on the use of such taxonomies (for mutual exclusiveness) and guidelines
on how/whether characteristics could be moved within a taxonomy’s structure.
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Quality Attribute Measurement Bajta & Idri [72] | Britto et al. [28] Britto et al. [27] ][)7231‘“ & Gandomani |y e et al. [29] Usman et al. [58]
Comprehensiveness Does the taxonomy originate from a | Yes Yes Yes Yes Yes Yes
diverse set of data sources?
Do the taxonomy creators have a di- | Not mentioned Not mentioned No Not mentioned Not mentioned Not mentioned
verse background?
Were diverse data analysis methods | Yes Yes Yes Yes Yes Yes
used to create the taxonomy?
Has the taxonomy been evaluated by | No No No No No No
external experts?
Robustness R(T) 0.8955 0.8956 0.8733 0.8417 0.9094 0.8759
Conciseness Dimensions 4 2 6 2 1 4
Categories 23 12 6 6 8 26
Characteristics 63 164 17 12 26 83
Maximum Depth 3 3 3 5 3 3
C(T) 0.2400 0.2077 0.3645 0.3812 0.2815 0.2270
Extensibility Change process covers the following | Not mentioned Can be extended to account for pre- | Dimension Extension Methods Web applications Not mentioned
constructs dictors that also impact quality, de-
sign, and maintenance of Web appli-
cations
Change process covers the following | Not mentioned Web predictors, effort estimation | Software testing, Soft- | Methods Web applications Not mentioned
change types techniques, accuracy metrics, within | ware Quality
the Web resource estimation context
Mandate to change the taxonomy Not mentioned Authors Authors Not mentioned Not mentioned Not mentioned
Customization of the taxonomy Not mentioned Not mentioned Not mentioned Not mentioned Not mentioned Not mentioned
RoC Cannot calculate Cannot calculate Cannot calculate Cannot calculate Cannot calculate Cannot calculate
Explanatory Structuring elements besides dimen- | Not mentioned Not mentioned Not mentioned Not mentioned Not mentioned Not mentioned

sions?

Support for choosing dimensions or
categories?

Not mentioned

Not mentioned

Not mentioned

Not mentioned

Not mentioned

Not mentioned

Mutual exclusiveness

Classification constraint

Not mentioned

Not mentioned

Not mentioned

Not mentioned

Not mentioned

Not mentioned

Reliability

(Requires the application of the taxonomy)

Yes, taxonomy has
been applied

(Requires the application of the taxonomy)

Table 6: Summary Table with the measured quality attributes
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5.1.2 Taxonomies’ Type of Validation

The type of validation associated with each of the taxonomies for SEE included herein was categorised
according to Wieringa et al.’s classification [43]. Table 7 summarizes the classification given to each
paper; each paper was classified by the second author and the classification later checked by the first
author.

Taxonomy Classification of the paper
Bajta & Idri [72] Solution Proposal

Britto et al. [28] Solution Proposal

Britto et al. [27] Evaluation Research
Dashti & Gandomani [73] Solution Proposal

Mendes et al. [29] Solution Proposal

Usman et al. [58] Solution Proposal

Table 7: Summary Table with classification of each of the collected papers.

All papers, except for Britto et al. [27] belong to Wieringa et al.’s solution proposal category, which
was identified as such based upon the clarity of the problem stated, the novelty or improvement of the
proposed technique, and the logical argumentation for its relevance. Although they do not include a
validation in a real setting, they address the criteria included in [40] by clearly stating the problem they
intend to solve and detailing their methodology. In solution proposals, Wieringa et al. emphasize the
need for sufficient detail in describing the technique so that it can later be validated by others, and these
studies achieve such requirement.

Britto et al.’s taxonomy [27] fits in Wieringa et al.’s evaluation research class. Here Wieringa et al. state
that practical evaluations should validate the performance of the solution proposed, with criteria focus-
ing on real-world applicability, relevance, and soundness of the method. The study conducts an empir-
ical assessment of their taxonomy in an industrial setting and analyse their impact, thus confirming the
practical effectiveness of the proposed solution and complying with Wieringa et al.'s criteria for a paper
to be classified as evaluation research.

These assessments are also in line with the taxonomies’ quality assessment shown in Table 6, specifi-
cally in relation to their reliability.

5.2 Addressing the Research Questions
5.2.1 RQ1: What are the categories and characteristics used in existing taxonomies for SEE?

Figure 4 to Figure 9 below display the hierarchies pertaining to each of the six Taxonomies for SEE
included in this SLR). Due to space constraints, only levels 1 and 2 are shown in a hierarchical format.
The information shown in Tables 8 to Table 13, Table 22 (see Appendix A), and Figures 4 to 9 were
used to answer RQ1.

When observing the structures of these six taxonomies and their categories and characteristics, we can
see that they collectively reflect a varied landscape, jointly accounting to a total of 81 categories and
365 characteristics. They vary substantially in structural complexity, where:

1) The number of dimensions ranges from 1 (Mendes et al. [29]) to 6 (Britto et al. [27]);

ii) The number of categories ranges from 6 (Britto et al. [27] and Dashti & Gandomani [73])
to 26 (Usman et al. [58]);

i) The number of characteristics ranges from 12 (Dashti & Gandomani [73]) to 164 (Britto et
al. [28]); and

v) The maximum depth ranges from 3 to 5.

Such structural variation reflects fundamentally different design choices: some taxonomies prioritise
breadth (many categories and characteristics) while others prioritise depth (more hierarchical levels) or
conciseness (fewer elements).

Furthermore, the taxonomies differ in their content focus:
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1) Bajta & Idri [72] and Usman et al. [58] integrate both effort predictors (size measures and

cost factors), estimation techniques and estimation context, providing broader coverage;

Britto et al. [27] and [28] focus solely on cost factors;
Mendes et al. [29] exclusively on size measures; and
Dashti & Gandomani [73] exclusively on estimation techniques.

[Cost estimation context ]

[ Estimation technique ]

[ Cost estimate ]

Cost estimators

|

Categories (# characteristics)

Planning (6)
Project activities (7)
Project domain (6)
Project setting (4)

Planning approaches (8)

Number of sites (1)
Team size (1)

Categories (# characteristics)
Estimation technique (3)
Use technique (2)

Accuracy measure (3)

Categories (# characteristics)
Estimated cost (1)
Actual cost (1)
Estimation dimension (5)

Categories (# characteristics)

Product size (2)
Team experience (2)
Team structure (2)

Product requirement (6)
Distributed teams (3)

(# indicate count of characteristics)

Figure 4: Structure of the taxonomy for SEE proposed by Bajta & Idri [72].

Categories and characteristics from Bajta & Idri [72]

Categories Level

Taxonomy Categories Level 1 ) Characteristics
Conceptualization, Feasibility study,
Planning Preliminary planning, Detail plan-
ning, Execution, Commissioning
System investigation, Analysis, De-
Project activities | sign, Implementation, Testing,
Maintenance, Other
Proiect domain SE, Research & dev, Telecommunica-
d tion, Finance, Healthcare, Other
t(é?git estimation con- Proiect settin Close onshore, Distant onshore, Near
Bajta & Idri d g offshore, Far Offshore
[72]

Planning ap-
proaches

Constructive Cost Model, Capability
Maturity Model Integration, Agile,
Delphi, Quality Assurance, Case-
Based Reasoning, Fuzzy similarity,
Other

Number of sites

Number of sites.value

Team size

N° of team members

Estimation technique

Estimation tech-
nique

Expert judgment, Non-machine learn-
ing, Machine learning
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Use technique

Individual, Group-based estimation

Cost estimate

Estimated cost

Estimate.value

Actual cost

Actual cost.value

Estimation di-
mension

Effort hours, Staff/cost, Hardware,
Risk, Portfolio

Accuracy meas-
ure

Baseline comparison, Variation re-
duction, Sensitivity analysis

Cost estimators

Product size

Size report, Statistics analysis

Team experience

Considered, Not considered

Team structure

Considered, Not considered

Product require-
ment

Performance, Security, Availability,
Reliability, Maintainability, Other

Distributed teams
distances

Geographical distance, Temporal dis-
tance, Socio-cultural distance

Table 8: Table displaying all categories and characteristics of the taxonomy for SEE proposed by Bajta &

Idri [72]

Bajta & Idri [72] propose a taxonomy that includes cost factors, cost estimates, estimation techniques
and contextual factors. It presents in total 23 categories and 63 characteristics. This taxonomy includes
size measures such as size report; cost factors including team experience (considered/not considered)
and distributed teams distances (Geographical distance, Temporal distance, Sociao-cultural distance);
estimation techniques like expert judgment and Machine learning, and contextual factors such as project
setting (Close onshore, Distant onshore, Near offshore, far offshore).

[ Size Metric ]

Categories (# characteristics)
Length (49)
Functionality (12)
Object-oriented (3)
Complexity (19)

[ Cost Driver ] } Categories Level 1

-

/ \ i
Categories (# characteristics)

Product (35)
Client (4)
Development Company (4)
Project (13) —  Categories Level 2
Team (15)
Technology (6)

(# indicate count of characteristics)

Figure 5: Structure of the taxonomy for SEE proposed by Britto et al. [28]
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Categories and characteristics from Britto et al. [28§]

Categories Level | Categories Level

1 2 Characteristics

Taxonomy

Web page count, Media count, New media
count, New Web page count, Link count,
Program count, Reused component count,
Lines of code, Reused program count, Re-
used media count, Web page allocation,
Reused lines of code, Media allocation,
Reused media allocation, Entity count, At-
tribute count, Component count, State-
ment count, Node count, Collection slot
size, Component granularity level, Slot
granularity level, Model node size, Cluster
node size, Node slot size, Publishing
model unit count, Model slot size, Associ-
Length ation slot size, Client script count, Server
script count, Information slot count, Asso-
ciation center slot count, Collection center
slot count, Component slot count, Seman-
tic association count, Segment count, Slot
count, Cluster slot count, Cluster count,
Publishing unit count, Section count, In-
ner/sub concern count, Indifferent concern
count, Module point cut count, Module
count, Module attribute count, Operation
Size Metric count, Comment count, Reused comment
count, Media duration, Diffusion cut
count, Concern module count, Concern
operation count, Anchor count

Britto et al.
[28]

High feature count, Low feature count,
Reused high feature count, Reused low
feature count, Web objects, Common
Software Measurement International Con-
Functionality sortium, International Function Point Us-
ers Group, Object-Oriented Heuristic
Function Points, Object-Oriented Func-
tion Points, Use case count, Feature count,
Data Web points

Cohesion, Class coupling, Concern cou-

Object-oriented .
pling

Connectivity density, Cyclomatic com-
plexity, Model collection complexity,
Model association complexity, Model link
complexity, Page complexity, Component
complexity, Total complexity, Adaptation
complexity, New complexity, Data usage

Complexity
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complexity, Data flow complexity, Cohe-
sion complexity, Interface complexity,
Control flow complexity, Class complex-
ity, Layout complexity, Input complexity,
Output complexity

Cost Driver

Product

Type, Stratum, Compactness, Structure,
Architecture, Integration with legacy sys-
tems, Concurrency level, Processing re-
quirements, Database size, Requirements
volatility level, Requirements novelty
level, Reliability level, Maintainability
level, Time efficiency level, Memory effi-
ciency level, Portability level, Scalability
level, Quality level, Usability level, Read-
ability level, Security level, Installability
level, Modularity level, Flexibility level,
Testability level, Accessibility level,
Trainability level, Innovation level, Tech-
nical factors, Storage constraint, Reusabil-
ity level, Robustness level, Design volatil-
ity, Experience level, Requirements clarity
level

Client

Availability level, IT literacy, Mapped
workflows, Personality

Development
Company

SPI program, Metrics' program, Number
of projects in parallel, Software reuse

Project

Documentation level, Number of pro-
gramming languages, Type, Process effi-
ciency level, Project management level,
Infrastructure, Development restriction,
Time restriction, Risk level, Rapid app de-
velopment, Operational mode, Resource
level, Lessons learned repository

Team

Domain experience level, Team size, De-
ployment platform experience level, Team
capability, Programming language experi-
ence level, Tool experience level, Com-
munication level, Software development
experience, Work Team level, Stability
level, Motivation level, Focus factor, Tool
experience level, OO experience level, In-
house experience

Technology

Authoring tool type, Productivity level,
Novelty level, Platform volatility level,
Difficulty level, Platform support level

Table 9: Table displaying all categories and characteristics of the taxonomy proposed by Britto et al. [28]
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Britto et al. [28] focuses primarily on size measures and cost factors with particular emphasis on Web
applications, containing the highest number of characteristics (160) among all taxonomies. It presents
in total 13 categories and 160 characteristics. The classification reveals a close balance between the
number of size metrics (83) and cost drivers (77). No additional categories are included, such as esti-
mation techniques and wider contextual factors.

[

Project ]

Setting - Site (4)

Categories (# characteristics)
Estimation stage (3)
Estimation process role (3)

Setting - Relationship (4)

Categories (# characteristics)

Estimation process architectural model (3)

(# indicate count of characteristics)

Figure 6: Structure of the taxonomy for SEE proposed by Britto et al. [27]

Categories and characteristics from Britto et al. [27]

Categories Level 1

Categories Level 2

Categories Level 3

Taxonomy

Categories
Level 1

Categories Level
2

Categories Level 3

Characteristics

Britto et al. [27]

Project

Setting - Site

Location

Legal Entity

Geographic Distance

Temporal Distance

Estimation stage

Early, Early & Late,
Late

Estimation process
role

Estimator, Estimator
& Provider, Provider

Setting - Relation-
ship

Location

Legal Entity

Geographic Distance

Temporal Distance
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Centralized, Distrib-
uted, Semi-distrib-
uted

Estimation process
architectural model

Table 10: Table displaying all categories and characteristics of the taxonomy for SEE proposed by Britto et
al. [27]

Britto et al. [27] focuses solely upon project-related factors such as the estimation process architectural
model (Centralized, Distributed, Semi-distributed) and at which stage estimates are prepared by each
of the participating sites (Early, Early & Late, Late). No categories relating to size metrics, cost factors
or estimation techniques were included. It presents in total six categories and 17 characteristics.

Combined Estimating Methods (2)
Basic Estimating Methods

Categories (# characteristics) 4 " : o A
Algorithmic (3) Categories (# characteristics)
Algor c (- ) )
Non-Algorithmic (2) Categories Level 2

Categories Level 1

Al-Combination (2)

'

J
~

[

Categories (# characteristics)

< i A Categories Level 3
Computational Intelligence (2) 2

- J

(# indicate count of characteristics)

Figure 7: Structure of the taxonomy for SEE proposed by Dashti & Gandomani [73]

Categories and characteristics from Dashti & Gandomani [73]

Taxonomy Categories Level 1 Categories Level 2 Characteristics

Constructive Cost Model

Software Life Cycle Manage-

Algorithmic ment
pasic Bstimating Software Evaluation and Estima-
Methods . :
tion for Risk
Dashti & Gan- o Expert Judgment
domani [73] Non-Algorithmic

Analogy-Based

- Basic-Combination

Combined Estimating Fuzzy Logic
Methods Al-Combination Artificial Neural Networks
Swarm
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Evolutionary

Al-Combined hybrid

Table 11: Table displaying all categories and characteristics of the taxonomy for SEE proposed by Dashti &

Gandomani [73]

Dashti & Gandomani [73] explores estimation techniques exclusively, focusing on methodological as-
pects rather than predictive factors. It presents in total six categories and 12 characteristics. The taxon-
omy classification reveals elements that are neither size measures nor cost factors, instead focusing on
estimation techniques at a higher level of granularity (algorithmic, non-algorithmic) and then its spe-
cialisation into a more detailed view that includes Al-based computational intelligence methods - Arti-
ficial Neural Network Swarm algorithms.

-
/ Categories (# characteristics) \

Motivation (1)
Measurement Scale (5)
Harvesting time (2)
Computation (2)
Metric foundation (2)
Validation (4)
Class (3)
Model dependency (2)
Entity (5)

-

}— Categories Level 1

/ J

(# indicate count of characteristics)

Figure 8: Structure of the taxonomy for SEE proposed by Mendes et al. [29]

Categories and characteristics from Mendes et al. [29]

Taxonomy

Categories Level 1

Characteristics

Mendes et al. [29]

Motivation

Motivation

Harvesting time

Early size metric, Late size metric

Metric foundation

Problem-oriented metric, Solution-oriented

metric

Class Length, Functionality, Complexity
Web hypermedia application, Web soft-
Entity ware application, Web application, Media,

Program/Script

Measurement Scale

Nominal, Ordinal, Interval, Ratio, Absolute

Computation

Direct, Indirect

27




Validation Validated Empirically, Validated Theoreti-
cally, Both, None
Model dependency Specific, Nonspecific

Table 12: Table displaying all categories and characteristics of the taxonomy for SEE proposed by Mendes

et al. [29]

Mendes et al. [29] specializes exclusively in size measures for Web hypermedia and software applica-
tions, representing the most focused taxonomy in terms of scope. It presents in total nine categories and
26 characteristics. The detailed classification shows that this taxonomy does not include categories re-
lating to cost factors, estimation techniques and contextual factors; instead, it solely provides domain-
specific coverage of Web application metrics.

[ Estimation context ]

[

[

[ Estimation technique

Effort predictors ]

[ Effort estimate ] } Categories Level 1

B
> ST Categories ‘haracteristics) Categories (# characteristics)
Estimation Techniques (5) (6) Estimated effort (1)
wetivities (6) Type (2) Team prior experience (2) Actual effort (1)
methods (8) Team skill level (2) Type (4)
t domain (9) Non functional requirements (7) Unit (4)
Project setting (4) Distributed teams issues (3) Accuracy Level (1) >~  Categories Level 2
Estimation entity (4) Customer Communication (2) Accuracy measure (5)
Number of entities estimated (1)
Team size (1)
-

(# indicate count of characteristics)

Figure 9: Structure of the taxonomy for SEE proposed by Usman et al. [58]

Categories and characteristics from Usman et al. [58]

Categories Level

Categories Level

Taxonomy 1 ) Characteristics
Planning level Release, Sprint, Daily, Bidding
Estimated activi- | Analysis, Design, Implementation, Testing,
ties Maintenance, Estimated activities.All

Extreme Programming, Scrum, Custom-
U L | Estimati ized Extreme Programming, Customized
[ Ssgl?an etal. ¢ stzmatlon con- Agile methods Scrum, Dynamic Systems Development
ex

Method, Crystal, Feature-Driven Develop-
ment, Kanban

Project domain

Communications industry, Transportation,
Financial, Education, Health, Re-
tail/Wholesale, Manufacturing, Govern-
ment/Military, Project domain.Other
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Project setting

Co-located, Distributed: Close Onshore,
Distributed: Distant Onshore, Distributed:
Near Offshore, Distributed: Far Offshore

Estimation entity

User story, Task, Use case, Estimation en-
tity.Other

Number of enti-
ties estimated

Number of entities estimated.Value

Team size

No. of team members

Estimation tech-
nique

Estimation Tech-
niques

Planning Poker, Expert Judgement, Anal-
ogy, Use case points method, Estimation
Techniques.Other

Type Type.Single, Type.Group
Story points, User case points, Function
Size points, Size.Other, Size.Not used, Consid-

ered without any metric

Team's prior ex-
perience

Team's prior experience.Considered,
Team's prior experience.Not Considered

Team's skill level

Team's skill level.Considered, Team's skill
level.Not Considered

Effort predictors Performance, Security, Availability, Relia-
Non-functional bility, Maintainability, Non-functional re-
requirements quirements.Other, Non-functional require-

ments. Not considered
Distributed teams' Distributed teams' issues.Considered, Dis-
Ssues tributed teams' issues.Not Considered, Dis-
tributed teams' issues.Not applicable
Customer Com- Customer Communication.Considered,
munication Customer Communication.Not Considered
Estimated effort Estimate value(s)
Actual effort Actual effort.Value
Point type, Three point, Distribution,
Type
Type.Other
i . House/days, Pair days, Ideal hours,
Effort estimate Unit Y 4

Unit.Other

Accuracy Level

Accuracy Level.Value

Accuracy measure

Mean Magnitude of Relative Error, Median
Magnitude of Relative Error, Bias of Rela-
tive Error, Accuracy measure.Other, Accu-
racy measure.Not used
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Table 13: Table displaying all categories and characteristics of the taxonomy for SEE proposed by Usman
et al. [58]

Usman et al. [58] similarly adopts a wide coverage, covering size measures (story points, function
points), cost factors (team experience, project setting), estimation techniques, and estimation context,
with particular emphasis on Agile methodologies. It presents in total 26 categories and 83 characteris-
tics.

Overall, the classification analysis showed that the taxonomies for SEE detailed here varied in relation
to which aspects of an effort estimation phenomenon were included. Usman et al. [58] and Bajta & Idri
[72] included effort estimation techniques, effort predictors and contextual factors; Britto et al. [28] and
Mendes et al. [29] included only effort predictors; Dashti & Gandomani [73] included only effort esti-
mation techniques and finally, Britto et al. [27] included only contextual factors.

Key take-aways:

1. The six taxonomies differ substantially in structure, ranging from 1 to 6 dimensions, 6 to
26 categories, and 12 to 164 characteristics, with no common design standard or shared
structural framework across taxonomies.

2. They also vary in their content focus: Bajta & Idri [72] and Usman et al. [58] integrate both
effort predictors (size measures and cost factors), estimation techniques and estimation con-
text, providing broader coverage. In contrast, Britto et al. [27] and [28] focus solely on cost
factors; Mendes et al. [29] exclusively on size measures; and Dashti & Gandomani [73]
exclusively on estimation techniques.

5.2.2 RQ2: What are the software application domains targeted by the taxonomies identified in this SLR?

The classification of software application domains used herein, as previously stated, is the one proposed
by Pressman & Maxim [44] , where seven domains were identified, as follows: System software, Ap-
plication software, Engineering/scientific software, Embedded software, Product-line software,
Web/mobile applications, Artificial intelligence software. Their brief description is given in sub-section
2.5. The classification was applied to studies by the second author and validated by the first author.

Table 14 shows that the software application domain ‘Application software’ is targeted by Usman et al.
[58], Bajta & Idri [72] and Britto et al. [27]; “Web/mobile applications’ is the focus by Mendes et al.
[29], and Britto et al. [28]. Dashti & Gandomani [73] do not specify the type(s) of software application
domain(s) to which their proposed taxonomies relate to. Finally, Usman et al. [ 58], Britto et al. [27] and
Bajta & Idri [72] proposed taxonomies geared towards ‘Embedded software’.

None of these taxonomies includes characteristics that account for more recent software development
contexts, such as those using Artificial Intelligence [77], and sustainability [78]. Therefore, we do be-
lieve that such results highlight a gap in the current classification of knowledge pertaining to SEE, given
that the software domains of Application software, Embedded software and Web/Mobile software, rep-
resent only a fraction of the diverse array of software solutions being developed [79][80][81].

An avenue for future work could be to either extend an existing taxonomy for SEE, or to propose a new
taxonomy, catering for the additional software application domains in Pressman & Maxim’s classifica-
tion [44].
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Taxonomy What is the domain?

Bajta & Idri [72] Application software, Embedded software
Britto et al. [28] Web/Mobile applications

Britto et al. [27] Application software, Embedded software
Dashti & Gandomani [73] Not specified

Mendes et al. [29] Web/Mobile applications

Usman et al. [58] Application software, Embedded software

Table 14: Summary Table with the evidence used to answer RQ2

Key take-aways:

1.

3.

Among the seven software application domains proposed by Pressman and Maxim [44],
only three (application software, Web/mobile applications, and embedded software) are
documented in the taxonomies for SEE identified by our SLR. We believe that the other
four remaining application domains have not been accounted for by the existing taxono-
mies for SEE included in our SLR. They are system software, engineering/scientific
software, product-line software, and artificial intelligence software.

The likely gap in coverage of software application domains by the existing taxonomies
for SEE supports the need for further investigation in this area, so to propose/extend a
taxonomy for SEE that includes all seven software application domains.

Note that our results and suggestions relating to gaps in existing taxonomies for SEE
contain some level of uncertainty given that one study did not disclose the software ap-
plication domain(s) target of their taxonomies for SEE.

5.2.3 RQ3: (if applicable) Which of the taxonomies identified in this SLR are an evolution of
previously published ones? Which aspects were changed?

Our results (Table 15) show that, except for Britto et al. [27], all of the identified taxonomies for SEE
were developed independently, building on prior literature but not directly evolving from previous tax-
onomies. Britto et al. [27] is the only exception, as it used earlier work by Smite et al. [71] and Britto
et al. [59] relating to a taxonomy for global software engineering (GSE), in order to build a taxonomy
for SEE within the context of GSE.

Taxonomy

Is the taxonomy a
revision of a previ-
ously published
one?

Which taxonomy is it a
revision of?

What aspects were
changed or added?

Bajta & Idri [72]

No

Britto et al. [28]

No

Britto et al. [27]

Yes

Smite et al. [71], Britto
etal. [59]

The proposed taxon-
omy consists of Smite
et al.’s [71] and Britto
et al.’s [59] original
dimensions (catego-
ries) and characteris-
tics. The new special-
ized taxonomy added
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the following new di-
mensions (categories)
and characteristics:
Estimation stage:
Early, Late, Early &
Late

Estimation process
role: Estimator, Pro-
vider, Estimator &
Provider

Estimation process ar-
chitectural model:
Centralized, Distrib-
uted, Semi-distributed

Dashti & Gan- No - -
domani [73]

Mendes et al. [29] No - -
Usman et al. [58] No - -
Table 15: Summary Table with the evidence used to answer RQ3

Key take-aways:

1. Five taxonomies for SEE were developed independently, focusing on specific areas of
SEE rather than evolving from an existing framework.

2. Britto et al. [27] is an exception, adopting an integrative approach to defining a more
specialized taxonomy targeted at SEE in global software development (GSD), using as
basis two previous studies that proposed taxonomies for Global Software Development
(Smite et al.’s [71] and Britto et al.’s [59]).

5.2.4 RQ4: What are the similarities and differences across the identified taxonomies for SEE
in terms of their structure and content?

This research question aimed to identify the categories and characteristics sharing a similarity of at least
90% across taxonomies (Table 16 and Table 17). Such analysis was carried out using jina-embeddings-
v3 [54], and the justification for this choice is given in Section 2.6.

Note that several safeguards were employed to mitigate the risk of artificial structure in our embedding-
based analysis, as follows: (i) the 90% similarity threshold is deliberately conservative, ensuring that
only very high-confidence matches are reported; (ii) all matched pairs are explicitly listed in Table 18
to support readers’ evaluation and verification; (iii) the methodology follows the established framework
of Unterkalmsteiner & Abdeen [40]; and (iv) all the matched pairs were validated independently by
another two SEE researchers who have also proposed Taxonomies for SEE. They were contacted sep-
arately and provided with the matched pairs for assessment. Both returned their feedback also sepa-
rately, and their independent assessments were that all pairs represented both semantic & cognitive
similarity.

The following main aspects were observed:

Bajta & Idri [72] shares multiple categories with Usman et al. [58], including Accuracy Measure, Esti-
mation Technique, Project Domain, Project Setting, and Team Size; also shared characteristics such as
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Analysis, Availability, Design, Implementation, Maintainability, Maintenance, Performance, Reliabil-
ity, Security, and Testing; it also shares characteristics such as Expert Judgment and Constructive Cost
Model with Dashti & Gandomani [73], and the characteristic Temporal Distance with Britto et al. [27].

Usman et al. [58] shows the most extensive overlap with other taxonomies for SEE because it shares
categories (Accuracy Measure, Estimation Technique, Project Domain, Project Setting, Team Size)
with Bajta & Idri [72] and numerous characteristics (Analysis, Availability, Design, Implementation,
Maintainability, Maintenance, Performance, Reliability, Security, and Testing) with Bajta & Idri [72]
and Britto et al. [28]. The taxonomy also shares Analogy-based characteristics with Dashti & Gan-
domani [73], indicating a similar understanding of estimation methodologies across different research
contexts.

Britto et al. [27] shares the same Project category with Britto et al. [28]; the Estimation Process Archi-
tectural Model with Dashti & Gandomani [73]; Geographic Distance and Temporal Distance with Bajta
& Idri [72]; and Legal Entity with Dashti & Gandomani [73]. These common elements represent shared
focus towards distributed development aspects and process-related factors.

Britto et al. [28] shares Size Metrics categories with Mendes et al. [29]; the Project category with Britto
et al. [27], along with characteristics such as Availability Level, Entity Count, Maintainability Level,
Motivation Level, New Complexity, Reliability Level, Risk Level, Team Size, and Total Complexity with
Bajta & Idri [72], Usman et al. [58] and Mendes et al. [29]. Such overlap suggests a good level of
consensus on technical complexity factors and organizational aspects within Web development con-
texts.

Mendes et al. [29] shares Size Metrics categories and characteristics with Britto et al. [28], demonstrat-
ing some agreement on Web size measures within specialized Web application domains.

Dashti & Gandomani [73] shares Estimation Process Architectural Model with Britto et al. [27], Expert
Judgment and Constructive Cost Model with Bajta & Idri [72], Legal Entity with Britto et al. [27], and
Analogy-Based characteristics with Usman et al. [58].

The semantic similarity analysis revealed that 36 categories (44.4%) and only 62 characteristics (17%)
are conceptually shared across the different taxonomies (Table 16 and Table 17). When jointly consid-
ering all the six different taxonomies for SEE, we had a total of 365 distinct characteristics, of which
only 62 had some level of overlap. These results may suggest a high level of fragmentation regarding
the characteristics that have been included in the abovementioned taxonomies, and some level of frag-
mentation in relation to categories.

Is knowledge fragmentation always undesirable? Not necessarily; however, it is important to assess
whether the fragmentation identified when comparing the different taxonomies for SEE is useful or not.

When answering RQ2, we showed in Table 14 that five of the six taxonomies identified in our SLR
catered to either the domains of Application & Embedded software (three taxonomies) or to the domains
of Web/Mobile applications (two taxonomies). One taxonomy did not specify to which software appli-
cation domain(s) their taxonomy was related to.

The two taxonomies that relate to Web/Mobile applications share nine characteristics; however, one has
26 characteristics (Mendes et al. [29]) and the other has 160 characteristics (Britto et al. [28]). The
former was published in 2005, the latter in 2017. We believe that such fragmentation should be ad-
dressed, and this could be done, for example, via validating the combined set of characteristics with
both industry and SEE researchers so to determine the subset of characteristics that should be kept, and
then to use the results from such validation to build a single taxonomy. In this way, there would be one
up to date taxonomy for SEE that relates to Web/Mobile applications.

In relation to the three taxonomies that relate to Application & Embedded software, as shown in Table
17, Bajta & Idri [72] share two characteristics with Britto et al. [27] and 33 with Usman et al. [58];
Britto et al. [27] shares two characteristics with Usman et al. [58]. They were published respectively in
2019, 2016 and 2017; so not far apart from one another. The number of characteristics in their taxono-
mies are respectively 63, 17 and 83. Bajta & Idri [72] and Usman et al. [58] proposed taxonomies that
represent effort estimation techniques, predictors and contextual factors, whereas the taxonomy pro-
posed by Britto et al. [27] has characteristics that represent only contextual factors. We believe that such
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fragmentation should also be investigated to assess whether it would be beneficial to both practice and
research to merge these taxonomies and/or to validate the combined set of characteristics with both
industry and SEE researchers.

The validation of such taxonomies with both industry and SEE researchers is one of the goals of our
future work. We also aim to assess whether these two communities (industry and research) would favour
the development of a single unified SEE Taxonomy, or to have distinct Taxonomies for SEE.

Shared
Set 1 Set 2 fi::ego- Categories from Set 1 Categories from Set 2
Count*
. . Estimation Technique, Pro-
Bajta & Britto et . . s L .
Tdri [72] al. [27] 3 cht Activities, Project Set- | Estimation Stage, Project
ting
Product Requirement, Prod-
Bajta & Britto et uct Size, Project Activities, .
wdri[72]  |alp28] | °© Project Setting, Team Expe- | | roduct Project, Team
rience, Team Structure
Baita & ]()}:}ﬁtl & Basic Estimating Methods,
J . 2 Estimation Technique Combined Estimating Meth-
Idri [72] domani
ods
[73]
Accuracy Measure, Cost Es- | Accuracy Level, Accuracy
timation Context, Estima- Measure, Estimation Con-
tion Technique, Planning, text, Estimation Entity, Esti-
Bajta & Usman et Planning .Approaches, Prod- matlop Technlqu.e, Non-
1dri [72] al. [58] 16 u(_:t Requqement,. P_rpduct Func‘qonal Requlrements,

’ Size, Project Activities, Pro- | Planning Level, Project Do-
ject Domain, Project Set- main, Project Setting, Size,
ting, Team Experience, Team Size, Team's Prior Ex-
Team Size, Team Structure | perience

Britto et al. | Britto et . .

[27] al. [28] 1 Project Project

Britto et al. | Usman et N . Estimation Entity, Estimation
[27] al. [58] 3 Estimation Stage, Project Technique, Project Setting
Britto et al. | Usman et . . . Project Setting, Size, Team
[28] al. [58] 3 Project, Size Metric, Team Size

Dahsti & Usman et Basic Estimating Methods,

Gandomani 2 Combined Estimating Meth- | Estimation Technique

(73] al. [58] ods

Table 16: Table showing the shared categories between taxonomies, used as additional evidence to-
wards answering RQ4.
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Shared

Char-
Set 1 Set 2 acteris- | Characteristics from Set 1 | Characteristics from Set 2
tic
Count*
Bajta & | Britto et Estimated Value, Tem- . .
Idri [72] | al. [27] 2 poral Distance Estimator, Temporal Distance
Availability, Maintainabil- | Availability Level, Maintainabil-
Bajta & | Britto et 6 ity, Number Of Team Mem- | ity Level, Reliabil-
Idri [72] | al. [28] bers, Reliability, Risk, Se- ity Level, Risk Level, Secu-
curity rity Level, Team Size
Dahsti
E;Jit%% gi)r?lzi; 2 Cocomo, Expert Judgment | Cocomo, Expert Judgment
[73]
Analysis, Availability, Bid-
ding, Design, Distant On- Analysis, Availability, Bidding,
shore, Estimated Value, Ex- | Close Onshore, Considered, De-
pert Judgment, Finance, sign, Distant Onshore, Estimate
Usman Healthcare, Implementation, | Value(S), Expert Judgement, Far
Bajta & ot al 33 Maintainability, Mainte- Offshore, Financial, Health, Imple-
Idri [72] [ 58]. nance, Near Offshore, Not mentation, Maintainability, Mainte-
Considered, Number Of nance, Near Offshore, No. Of
Team Members, Perfor- Team Members, Not Applicable,
mance, Reliability, Security, | Not Considered, Performance, Re-
Statistical Analysis, Testing, | liability, Security, Testing, Value
Value
Britto et Usman o . C .
et al. 2 Distributed, Estimator Distribution, Estimate Value(S)
al. [27] 58]
Class Complexity, Compo-
nent Complexity, Cy-
Britio et Mendes clomatic .C0mple>.(ity, Input . .
al. [28] et al. 9 Complexity, Media Alloca- | Complexity, Media
’ [29] tion, Media Count, New
Complexity, Output Com-
plexity, Total Complexity
. Usman Ayalla.b.lhty Level, M.aln.-' Availability, Maintainability, No.
Britto et tainability Level, Reliability .
al. [28] et al. 5 Level, Security Level, Team of Team Members, Reliability, Se-
[58] ~ curity
Size
Dahsti Usman
& Gan-| ol 2 Analogy Base, Expert Judg- Analogy, Expert Judgement
domani [58] ment
[73]
Mendes | Usman
et al. et al. 1 Other Other
[29] [58]

Table 17: Table showing the shared characteristics between taxonomies.
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Primary study

Word Embedding Relation (Embeddings from different taxonomies sharing 90% similarity)

Bajta & Idri [73]

analysis --> analysis

availability --> availability

availability --> availability level

constructive cost model --> constructive cost model

design --> design

estimated value --> estimate value(s)

expert judgment --> expert judgment

expert judgment --> expert judgement

geographical distance --> geographic distance

implementation --> implementation

maintainability --> maintainability

maintainability --> maintainability level

maintenance --> maintenance

number of team members --> team size

performance --> performance

reliability --> reliability

reliability --> reliability level

risk --> risk level

security --> security

team experience.considered --> team's prior experience.considered
team experience.considered --> team's prior experience.not considered
team experience.not considered --> team's prior experience.not considered
temporal distance --> temporal distance

testing --> testing

Britto et al. [28]

availability level --> availability
availability level --> availability

entity count --> number of entities estimated
maintainability level --> maintainability
maintainability level --> maintainability
motivation level --> motivation

new complexity --> complexity
reliability level --> reliability

reliability level --> reliability

risk level --> risk

team size --> number of team members
total complexity --> complexity

Britto et al. [27]

geographic distance --> geographical distance
legal entity --> legal entity
temporal distance --> temporal distance

Dashti & Gan-
domani [74]

analogy-based --> analogy

constructive cost model --> constructive cost model
expert judgment --> expert judgment

expert judgment --> expert judgement

legal entity --> legal entity

Mendes et al. [29]

complexity --> new complexity
complexity --> total complexity
motivation --> motivation level

Usman et al. [59]

analogy --> analogy-based

analysis --> analysis

availability --> availability

availability --> availability level

design --> design

estimate value(s) --> estimated value

expert judgement --> expert judgment

expert judgement --> expert judgment

implementation --> implementation

maintainability --> maintainability

maintainability --> maintainability level

maintenance --> maintenance

number of entities estimated --> entity count

performance --> performance

reliability --> reliability

reliability --> reliability level

security --> security

team's prior experience.considered --> team experience.considered
team's prior experience.not considered --> team experience.considered
team's prior experience.not considered --> team experience.not considered
testing --> testing

Table 18: Table showing through colours, how one taxonomy's characteristic relates to another taxon-
omy's characteristic. Displaying only the word embeddings with a semantic similarity of over 90%. The
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characteristics are coloured according to the primary study it originates from, as follows: In dark green
- Bajta & Idri [72], pink - Britto et al. [28], orange - Britto et al. [27], light green - Dashti & Gandomani
[73], yellow - Mendes et al. [29], grey - Usman et al. [58].

Key take-aways:

1. Only 36 categories (44.4%) and 62 characteristics (17%) were identified via our seman-
tic similarity technique to be similar, based upon a 90% semantic similarity threshold.

2. The remaining 45 categories and 303 characteristics (83%) are unique to individual tax-
onomies.

3. Areas of convergence exist in estimation techniques (e.g., expert judgment), quality at-
tributes (e.g., reliability, maintainability, availability), and team-related factors (e.g.,
team size, team experience).

4. Some of the terms labelled in the same way carried different contextual meanings across
taxonomies (e.g., reliability as code stability versus system uptime), suggesting that at
least a common terminology should be shared across taxonomies.

5. There is knowledge fragmentation between taxonomies catering to the same software
application domain(s); therefore, we believe that such situation merits further investiga-
tion, and suggested avenues for future work were given.

6 Discussion

6.1 Quality assessment framework employed to assess the existing taxonomies

The quality attributes proposed by Unterkalmsteiner & Abdeen [40] presented challenges when applied
to taxonomies in SEE. One issue arose when computing robustness, as it depends on comparing the
semantic similarity of a taxonomy’s characteristics (leaves). While the proposal in [40] to compute
robustness may look promising at first, it is difficult to implement in practice. To implement an algo-
rithm! to automatically measure robustness, we had to first define a suitable input method to gather
information about the different categories and characteristics. This was complex due to the variability
in the taxonomies’ design. Furthermore, calculating the semantic similarity also presented its challenges
because many categories (inner nodes) and characteristics (Ieaves) are labelled using multiple words or
sentences, instead of single terms.

Furthermore, Unterkalmsteiner & Abdeen [40] suggest using a custom doc2vec model, which intro-
duces two challenges: 1) reproducibility of results, and 2) the complexity of converting taxonomies into
machine-readable code. The robustness measure R(t) is directly influenced by the quality of the seman-
tic model used, meaning the accuracy of results is dependent on the effectiveness of the chosen model.
Perhaps the use of a semantic model trained specifically on SE concepts and sentences may lead to
improved results, compared to using a general semantic model. Therefore, future work in this area is,
in our view, still needed.

In relation to measuring the taxonomies’ extensibility, most of the primary studies included in this SLR
only mentioned briefly anything that would relate to a process for updating the taxonomy. Such lack of
detailed reporting was also observed when measuring the attributes explanatory and mutual exclusivity.
Therefore, our recommendation is that studies that propose taxonomies to also include detailed report-
ing that would enable others to measure the abovementioned attributes.

One of the taxonomies included herein, by Usman et al. [58], included numerous characteristics labelled
“yes/no”. This, in our view, turned the taxonomy into a pseudo checklist, which is not in our opinion
what a taxonomy is meant to be used for.

I Available at https://github.com/marcsole96/slrtaxse
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Furthermore, several characteristics are only interpretable in the context of their parent categories. Ex-
amples include terms such as “none”, “value”, and “type”. Enhancing these characteristics by simply
linking them to their parent categories (e.g., “Project Activities.Other”) significantly improves the tax-
onomy’s robustness, as shown in Table 19. However, although their robustness is improved, the use of
labels such as “none” or “other” does not truly specify any specific size measures, cost factors, or effort

estimation techniques and methodologies, and therefore they should not be present in any taxonomy.

Taxonomy Original R(t) Modified characteristics R(t)
Bajta & Idri [72] 0.8955 0.8959
Britto et al. [28] 0.8956 0.8960
Britto et al. [27] 0.8733 0.9310
Dashti & Gandomani [73] * 0.8417 0.8278
Mendes et al. [29] 0.9094 0.9371
Usman et al. [58] 0.8759 0.8726

Table 19: Comparison of R(T) when introducing a prefix to ambiguous characteristics. * R(t) decreases

6.2 Additional observations about six taxonomies for SEE

Many differences were observed between the six taxonomies for SEE included in the SLR and we could
try to somehow speculate the reasons; however, we chose to do a post hoc analysis, summarised in
Table 25 (Appendix C). We can clearly see that both Bajta & Idri [72] and Dashti & Gandomani [73]
were oblivious about previously published and relevant studies detailing other taxonomies for SEE.
Usman et al. [58] targets at the same software application domains as Britto et al. [27] and is co-author
in Britto et al. [28] so there was obviously awareness of previous work. Britto et al. [28] referenced
Mendes et al. [29] as both shared the same software application domains and had one co-author in
common (Mendes). Except for Mendes et al. [29], which was the first study to be published on taxon-
omies for SEE, all the other five studies failed either completely (Bajta & Idri [72] and Dashti & Gan-
domani [73]) or partially (Britto et al. [27], Britto et al. [28] and Usman et al. [58]) in referencing related
work.

The differences between Britto et al. [28] and Mendes et al. [29] were intentional as they even shared a
co-author (Mendes). The differences between Usman et al. [58] and Britto et al. [27] must also have
been intentional as both Britto and Usman work at the same Higher Education Institution. However, as
for Bajta & Idri [72] and Dashti & Gandomani [73], we can only speculate their reasons for proposing
different taxonomies as they showed no awareness about previous work in taxonomies for SEE. There-
fore, we prefer not to add any further comments.

Furthermore, we have also identified issues, such as: (i) the existence of identical terms that present
different contextual meanings across taxonomies. For example, a term such as “reliability” may refer
to code stability in an agile development context, while in a global software engineering context it may
refer to system uptime; (ii) lack of explicitly capturing contextual variations with clear definitions; (iii)
no use of standardized terminology with context qualifiers whenever applicable; and (iv) no provision
of a common foundation while preserving legitimate contextual distinctions. Such foundations could
establish, for example, the core categories that a SEE Taxonomy should present (e.g. effort predictors,
effort estimation technique, accuracy measure).

In interpreting these findings, it is important to distinguish between two types of gaps. The first type
relates to genuine coverage gaps, where entire software application domains (such as Al software, en-
gineering/scientific software, product-line software, and system software) have no taxonomy represen-
tation at all. The second type relates to possible terminological inconsistency, where the same concepts
may be named differently across taxonomies targeting overlapping domains; this seems to be the case
and suggested by the fact that 303 of 365 characteristics (83%) are unique to individual taxonomies at
a 90% similarity threshold. Both types of gaps open avenues for future work where, for example, an
existing taxonomy for SEE may be extended, or an entirely new Taxonomy for SEE be proposed to
cater for the additional software application domains in Pressman & Maxim’s classification [44]. In
addition, surveys may be conducted with both industry and SEE researchers so to obtain feedback on
aspects such as: 1) the set of characteristics deemed suitable to be part of a taxonomy for SEE; and ii)
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their views on the use/development of a single holistic Taxonomy for SEE or to settle for specialised
Taxonomies.

6.3 Comparison of our work with Vera et al.

This Sub-section provides a more detailed comparison between this SLR and the technical report by
Veraetal. [31]. Such comparison revolves mostly around methodological flaws and lack of peer review.
Note that despite the numerous shortcomings in the technical report, which are detailed next, we have
included it herein for the sake of transparency and to position our SLR as genuinely the first that presents
an evidence synthesis of taxonomies for SEE.

The technical report presents a literature survey, which they argue to have been conducted according to
Kitchenham & Charters’ SLR guidelines for SE [57]. However, we have identified numerous inconsist-
encies, which are presented in Table 20. We also added an additional column to Table 20 so to show
how we have applied the SLR guidelines to our SLR. Such solution also helps to clearly identify the
distinctions between the technical report and our SLR. We have also employed other guidelines; how-
ever, for the sake of a proper comparison, only the ones that were claimed to be used in the technical
report are included in Table 20.

The formulation of research questions is one of the core components of any SLR. Vera et al.'s RQ1
seeks to identify "main" taxonomies without operationalizing this concept, while RQ2 pursues "rele-
vant" classification criteria without defining relevance parameters. This ambiguity cascades through
their entire methodology, affecting the search strategy, selection criteria, and synthesis approaches. In
contrast, our SLR complies with the guidelines via presenting and justifying the use of four RQs, and
establishing clear, measurable criteria for taxonomy evaluation, which includes explicit definitions of
taxonomy content, consistency, and practical utility. In addition to a quality assessment, we also carried
out & validated a semantic analysis of the current taxonomies in SEE to identify inconsistencies and
overlaps between them.

The use of automated "robots" for search and selection processes, while potentially efficient, introduces
opacity that undermines reproducibility. Vera et al.'s reliance on black-box automation without provid-
ing implementation details or validation procedures represents a significant methodological concern.
Our approach maintains transparency through detailed reporting of search strategies, manual validation,
public availability of automated processes, and provision of all search protocols and selection criteria.
We conducted the selection of papers transparently and disclosing what each author’s role was in that
step, with the replication package being available online'.

Vera et al. did not include any primary study that proposed a Taxonomy for SEE. What they did was to
propose themselves taxonomies for each of the primary studies they included and to use their self-
created taxonomies as if they had been originally described in the primary studies. Such methodological
flaw compromises significantly the validity of their findings as they did not apply a rigorous methodol-
ogy when identifying primary studies.

Finally, Vera et al. did not include any of the six taxonomies for SEE that we included, as none of their
primary studies proposed/used a taxonomy for SEE.

SLR Stages as per
Kitchenham & Char- Vera et al. technical report | Our SLR
ters’ Guidelines

PLANNING THE REVIEW

Section 1 clearly establishes the
need. No comprehensive evidence
synthesis of existing taxonomies in
SEE has been carried out to date

Justified the need as to iden-
tify software estimation mod-
els for their own use.

5.1 The need for a sys-
tematic review

5.2 Commissioning a Re- Not a commissioned revie Danish National Research Founda-
view VIEW | tion Chair Grant DNRF181
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5.3 Specifying the Re-
search Question(s)

Two RQs that are not clearly
stated.

Four clear RQs with corresponding
justification (see Table 2)

5.4 Developing a Review
Protocol

No mentioning of a review
protocol prepared prior to
starting the survey.

A protocol was prepared and it is
presented in Section 4 according to
three guidelines: Kitchenham &
Charters, SEGRESS, and PRISMA
guidelines

5.5 Evaluating the Review
Protocol

No protocol evaluation men-
tioned

The two authors developed and re-
viewed the protocol

CONDUCTING THE REVIEW

6.1 Identification of Research

- Search strategy

Search strategy described

Comprehensive search using Scopus
(356 articles) and Google Scholar
(3125 articles). Keywords derived
from literature; synonyms identified

- Electronic sources

Four sources: IEEE Xplore,
ACM Digital Library, Sci-
ence Direct, Springer Link
Missed key databases like
Scopus and Google Scholar

Scopus and Google Scholar, indexing
for IEEE, ACM, among others.

- Other sources

Not mentioned

Grey literature excluded.

- Search documentation

Search string composition
not given; Search strings pro-
vided, databases specified,
dates not documented.
Search carried out by an au-
tomated bot without transpar-
ency.

Search string composition not given;
Search strings provided, databases
specified, dates documented, process
described in detail

6.2 Study Selection

- Selection criteria

Vague and broad inclusion
criteria missing essential as-
pects (language, publication
type)

Clear inclusion (IC1-IC4) and exclu-
sion (EC1-EC4) criteria provided

- Selection process

The lead author rated ALL
studies (massive bias risk)

Advisors "played the other
roles" - what roles exactly?

“Robot” automatically ap-
plied QS2 filter - no human
verification

Studies were not inde-
pendently assessed by 2+ re-
viewers

"relevant" vs "irrelevant" vs
"uncertain" used but no deci-
sion tree

Multi-stage process: both authors
screened first 1000, remaining 2125
by second author, disagreements dis-
cussed
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- Multiple reviewers

No independent assessment -
lead author did all initial rat-
ings, advisors only involved

in conflicts

- Kappa statistics

No Kappa statistics reported

Only 5 disagreements from first 1000
papers needed discussion; consensus
reached

Cohen’s k = 0.83, observed agree-
ment = 99.6%

6.3 Study Quality Assessment

- Quality assessment

Publication venue quality
(QAI)

Clarity of goals (QA2)
Evidence support (QA3)
Industry usefulness (QA4)

Comprehensive framework using
Unterkalmsteiner & Abdeen for tax-
onomy quality + Wieringa et al. for
paper classification.

- Quality instruments

Quality assessment checklist
with Yes/Partially/No scor-
ing.

Quality scores calculated (R(T),
C(T)), quality data used in analysis
and synthesis

- Quality threshold

Used 50% cutoff

N/A

6.4 Data Extraction

- Extraction forms

Used generic template; no
customized forms for taxon-
omy-specific data; missing
critical data points

Data extraction sheet referenced Ta-
ble 23 in Appendix A)
Comprehensive extraction covering
all RQs, taxonomy details, quality
metrics

- Multiple extractors

Single author review of ro-
bot-extracted data; no inde-
pendent extraction or valida-
tion

No mention of piloting ex-

Both authors involved, disagreements
resolved through discussion

- Piloting traction forms
6.5 Data Synthesis
No systematic synthesis; just | Comprehensive table (Table 7) show-
- Synthesis approach descriptive listing without in- | ing taxonomy details, categories,
tegration framework characteristics
Not assessed; no analysis of | Robustness R(T) and conciseness
- Heterogeneity why taxonomies differ or C(T) calculations, semantic similarity

conflict

- Sensitivity analysis

No sensitivity analysis per-
formed

analysis using jina-embeddings-v3

Tables, figures, Thematic analysis of
taxonomy characteristics, compara-
tive analysis

No discussion of publication

- Publication bias . N/A
bias

REPORTING THE REVIEW

7.1 Dissemination Strat- Not mentioned N/A

cgy
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No structured abstract

Did not include "Strengths Follows comprehensive structure: ab-

7.2 Formatting the Main and Weaknesses" and "Impli- | stract, introduction, methodology, re-

Report . . . . . .
p cations for Practice" sections. | sults, discussion, conclusions
Short “limitations” section.
No mention of external re-
7.3 Evaluating Reports view beyond conference peer | N/A

review

Table 20: Compliance of Vera et al.’s work [31] and ours with Kitchenham & Charters’ guidelines for per-
forming a systematic literature review in software engineering [57] (the numbering of the sections refer
directly to the sections of Kitchenham & Charters’ guidelines).

7 Implications for Research and Practice

SLRs in general provide a detailed synthesis of evidence pertaining to a research field, which can be
used in a number of different ways, such as to identify research gaps, support decision-making and
understand in more depth the phenomenon one is interested in [57]. A Scopus search conducted in mid-
2025, using a conservative search string (searching for 'systematic literature review' or 'systematic re-
view' in paper titles, combined with software engineering terms, and limited to English-language arti-
cles and conference papers in computer science and engineering subject areas) retrieved over a thousand
systematic literature reviews now published in software engineering, clearly showing the importance
that SLRs bring to the SE research community.

The SLR detailed herein provided, via four Research Questions, a detailed understanding regarding
taxonomies in the field of Software Effort Estimation. In addition, gaps, shortcomings, and avenues for
future work were also documented, aiming to inform researchers about possible directions of investi-
gation within the context of taxonomies for SEE.

Here, some research directions can include, for example, to carry out investigations in SEE within the
context of a wider range of software application domains, such as Engineering/scientific software, Ar-
tificial intelligence software, and product-line software. These can lead to the proposal and validation
of a new taxonomy for SEE that only caters to these software application domains, or to the extension
of an existing taxonomy for SEE to also include these software application domains; or to move in a
different direction towards proposing and validating a single holistic SEE taxonomy that caters to all
the software application domains identified in Pressman & Maxim [44]. A holistic Taxonomy would
enable the SE and specifically the SEE research community to see the forest for the trees and to have a
single and properly developed knowledge classification for SEE to support the identification of gaps
and future work in this area.

Researchers in SE who wish to propose and validate taxonomies can apply Unterkalmsteiner & Ab-
deen's quality assessment framework [40] to measure their quality. Furthermore, the limitations identi-
fied across the six taxonomies included herein: particularly the lack of external validation, limited ex-
tensibility documentation, and insufficient attention to mutual exclusiveness, serve as concrete require-
ments that future taxonomy development efforts should address.

Finally, taxonomies should be validated in practice, as this was one of the main shortcomings identified
when applying the taxonomies’ quality assessment by Unterkalmsteiner & Abdeen [40]. Therefore,
future work in this area should also involve the validation of one or more taxonomies for SEE in indus-
trial settings.

Regarding the implications of this SLR’s results for practice, there are several ways in which industry
can benefit from the synthesis of evidence detailed herein. For example, the combined list of categories
and characteristics pertaining to software effort predictors can be used when estimating effort for soft-
ware projects. For such scenarios to be effective, it would be important to combine it with tool support,
so to enable practitioners to easily navigate such detailed list of categories and characteristics, and to
build different ‘views’ containing subsets of categories & characteristics deemed most applicable to a
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given development context and software application domain. Such views can later also be used to in-
form a data collection of past completed projects, in case a company wished to employ, in addition to
expert-driven estimation, other means to estimate effort (e.g. using statistical or machine-learning algo-
rithms [36]).

Note that in the Introduction Section we have also listed several advantages of Taxonomies for both
research and practice, based upon Ralph [14] and Usman et al. [12].

8 Threats to validity

Several factors had to be considered when assessing the quality of the evidence that is being detailed in this
SLR. We employ here the guidelines provided by Ampatzoglou et al. [82] as means to discuss threats to the
validity of our SLR, and the corresponding mitigation strategies we used. These are all summarized in Table
21.

Study selection and publication bias. The ways used to construct a search string, selecting digital
libraries and determining an appropriate starting year may threat the validity of the search strategy. To
mitigate these threats, we systematically constructed a search string using insights from previous liter-
ature and conducted pilot searches to refine it. In addition, broad search strategies were employed to
minimize the exclusion of relevant studies.

To address possible threats in the study selection, we employed the inclusion and exclusion criteria
previously documented in the SLR’s protocol. A subset of studies was independently screened by both
authors, and any differences were discussed until consensus was reached. note that grey literature and
inaccessible papers were excluded. Publication bias can also result from negative results not being sub-
mitted for publication, or from documents published in more obscure sources. We mitigated this bias
by performing the search in two of the biggest indexing sites for scientific literature: Scopus and Google
Scholar. The latter indexes a wide variety of sources, which include smaller venues [83]. By using such
databases we believe that publication bias was mitigated.

Data validity. Threats to data validity include small sample size, heterogeneity among studies, publi-
cation bias, and potential inaccuracies during data extraction. These threats are among the most critical
to the validity of the data, as they lead to unreliable results and conclusions. To address the small sample
size, the authors conducted broad searches across two large databases and implemented backward snow-
balling. Such approach helped capture diverse studies and draw conclusions based on observable trends,
while reaching consensus about the meaning and content. With regard to obtaining a small sample of
primary studies, this is not uncommon in SE, i.e., there have also been other areas in SE for which a
small number of taxonomies have been proposed. Examples are SE Models and Methods (7 taxono-
mies) and SE Processes (9 taxonomies) [12]. Similarly, systematic literature reviews in specialized
software engineering domains often yield small sample sizes, as demonstrated by Sulayman and
Mendes [84] who identified only 4 relevant studies in their SLR of software process improvement in
small and medium Web companies; yet their work successfully identified important research gaps and
provided valuable insights to the field. We believe that a small sample should not be a justifiable reason
to refrain from carrying out an SLR if such SLR can be used to identify important gaps and avenues for
future work in the area. The heterogeneity of primary studies was mitigated by carefully constructing a
data extraction criteria through discussions between both authors and by following Kitchenham & Char-
ters [57], SEGRESS [55], and PRISMA’s [56] guidelines on how to perform a literature review. These
criteria ensured consistent extraction and categorization of key information across all studies, despite
differences in their methodologies and reporting styles. Potential biases in data extraction were ad-
dressed by using data extraction forms. Here the data was extracted by the second author and validated
by the first author. Any disagreements during the whole process were discussed between both authors
until consensus was reached.

Research validity. Threats to research validity included concerns about repeatability, choice of re-
search method, deviations in the review process, and the generalizability of the findings. Repeatability
was addressed by developing a detailed protocol based primarily on Kitchenham & Charters [57] and
PRISMA’s [56] guidelines, facilitating the availability of the data, and the involvement of both authors.
Brainstorming sessions were conducted to ensure coverage of the research questions to align with the
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review process and the study’s objectives. Generalizability threats were addressed through comprehen-
sive searches across two large databases to ensure all the relevant taxonomies in software engineering
effort estimation that were published in English were collected. While our findings are specific to the
effort estimation domain and cannot be directly generalized to taxonomies in other software engineering
areas, the systematic nature of our search provides confidence that our results represent the current state
of taxonomy research in software effort estimation. The limited existing work in this area (one un-
published technical report [31]) demonstrates the contribution of our review for the SEE field.

Construct validity. Threats to construct validity relate to whether our measurements accurately capture
the intended quality constructs during the taxonomies’ quality assessment.

When measuring a taxonomy’s comprehensiveness, one of the criterion proposed by Unterkalmsteiner
& Abdeen [40] for its assessment was to evaluate whether the taxonomy creators had a diverse back-
ground. No detailing was provided on how to carry out such evaluation; only Britto et al. [27] provided
some information about authors’ background, and their background diversity was evaluated by the first
author as she was a co-author in the paper and knows the other two co-authors well.

Additional quality attributes proved difficult to assess reliably through structural analysis alone, further
threatening construct validity:

Extensibility: Rate of change calculations require longitudinal data unavailable for static analysis

Explanatory and Mutual exclusiveness: These attributes are rarely documented in the primary studies
included here.

Reliability: Requires the use of such taxonomies in practice, which has not been done by most taxono-
mies.

Therefore, we believe that in our comparative analysis, the attributes robustness and conciseness were
the primary differentiating factors between taxonomies.

Note that the quality assessment was initially done by the second author after discussions with the first
author, and later validated by the first author. Therefore, the fact that such assessment has not been done
independently by both authors can be seen as a limitation.

With regard to measuring the semantic similarity between categories and characteristics, we used a
single threshold of 90% and used jina-embeddings-v3 [54] in such analysis. No sensitivity analysis was
done to compare different thresholds and/or different embedding models. This is a limitation of our
work and is a topic to be investigated as future work.

Threat to Validity Encountered Mitigating Actions Taken

Study Selection Validity Threats

Construction of search string Systematic search string construction through previous litera-
ture. Additionally, pilot searches were conducted.

Selection of digital libraries

Selection of publication venues Selected known large digital libraries.

Selection of arbitrary starting year Used broad searches.

Search engine inefficiencies

Limited number of journals and
conferences

Missing non-English papers Checked the number of identified papers’ low occurrence
amongst the sample.

Paper inaccessibility

Handling of duplicate articles Developed a strategy for handling duplicate articles.

Inclusion/exclusion of grey lit. Checked against study goals, decided to exclude all grey lit-
erature.

Study inclusion/exclusion Defined an inclusion/exclusion criteria.

44



Discussion between authors until consensus was reached.

To mitigate the threat relating to investigator bias, both authors
screened separately through all the 356 titles & abstracts from
a Scopus search; and through another 1k titles & abstracts from
the set of 3125 titles & abstracts retrieved via a Google scholar
search. Disagreements (n = 6) were resolved through discus-
sion, and the inter-rater agreement was high (Cohen’s k= 0.83,
observed agreement = 99.6%).

Data Validity Threats

Small sample size

Drew conclusions based on evidence.

Heterogeneity of primary studies

Used broad searches.

Choices of variables to be extracted

Discussion between authors until consensus was reached and
an extraction form was co-designed

Publication bias

Comprehensive literature search performed on two large da-

Potential lack of relationships

tabases.

Validity of primary studies

Developed a concise and transparent inclusion/exclusion cri-
teria.

Data extraction bias

Involved both authors.

Quality assessment subjectivity

Used expert opinion.

Discussion between authors until consensus was reached.

Data extraction inaccuracies

Unverified data extraction

Misclassification of primary studies

Lack of statistical analysis

Given the qualitative and conceptual focus of the data rather
than quantitative, empirical measurements, traditional statisti-
cal analysis (e.g., hypothesis testing, regression) is not appli-
cable or meaningful in this context.

Robustness of initial classification

Established a clear classification through the research ques-
tions. Both authors were involved. Classification revisited pe-
riodically.

Construction of attribute framework

Comprehensive attribute identification through research
questions. Collected attributes proposed in [40].

Researcher bias Predefined inclusion and exclusion criteria. Both authors con-
ducted the review. Both authors designed and used a protocol
containing an extraction sheet for concise data extraction.

Research Validity Threats

Repeatability Involved both authors.

Made data available'.

Developed a protocol.

Chosen research method

Developed a concise protocol agreed by both authors, and

Review process deviation

based primarily on Kitchenham & Charters [57], SEGGRESS
[55], and PRISMA guidelines [56].

Coverage of research questions

Brainstorming.

Lack of comparable studies

Unfamiliar with research field

First author is an expert in SEE and has co-authored three of
the six papers in taxonomies for SEE.
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Generalizability Used a broad search.

Research not applicable to other do-
mains/organizations

Table 21: Threats to validity and mitigation strategies

9 Conclusions and Future work

This paper presented the results of a systematic literature review on taxonomies for software effort
estimation (SEE), carried out based primarily on Kitchenham et al.’s [55] and PRISMA’s [56] guide-
lines. Four research questions were used to drive the SLR’s evidence synthesis.

A total of respectively 356 and 3125 articles were retrieved via searches on Scopus and Google Scholar;
regarding the review process, both authors independently screened all 356 Scopus results and the first
1,000 Google Scholar results; of these, only five papers required discussion until consensus was
reached, indicating a high level of agreement between the two reviewers; after applying the inclu-
sion/exclusion criteria, six studies presenting taxonomies for SEE were selected.

The first taxonomy for SEE was published in 2005 and it took another 11 years for a second taxonomy
for SEE to be published (2016); these were followed by another two taxonomies published in 2017, a
fifth one in 2019 and the sixth and last one to date to be published in 2021.

These taxonomies for SEE have been published across diverse venues, including international confer-
ences (Bajta & Idri [72], Britto et al. [27], Dashti & Gandomani [73], Mendes et al. [29]) and specialised
journals (Britto et al. [28], Usman et al. [58]) demonstrating the topic’s research value across a number
of different venues.

The quality of those taxonomies was assessed using the taxonomies’ quality assessment framework by
Unterkalmsteiner & Adbeen [40], and later these studies were classified according to Wieringa et al.’s
evaluation [43] criteria. In relation to the quality of the taxonomies, there were a few quality attributes
that we were unable to assess as no information was reported in the studies. This applied specifically to
three attributes: Extensibility, Explanatory and Mutual exclusiveness. Furthermore, only one taxonomy
for SEE, by Britto et al. [27], had been applied in practice.

In relation to attributes that we were able to measure, the main findings were as follows:

The robustness value R(t), which uses the semantic similarity of a taxonomy’s contents to indicate
varying degrees of reliability, is relatively high throughout all studies. Here, Mendes et al. [29] pre-
sented the highest score (0.9094), which translates as the most robust taxonomy according to the spec-
ified measurement criteria. In contrast, Britto et al. [27] has the lowest robustness (0.8733), likely due
to its construction method, which includes repeated terms to improve readability and conciseness.

Conciseness varies significantly among the taxonomies in terms of dimensions, categories, and charac-
teristics. Britto et al. [27] has the highest number of dimensions (6) while Mendes et al. [29] has the
lowest (1); Bajta & Idri [72] has the highest number of categories (23), while Britto et al. [27] and
Dashti & Gandomani [73] have the lowest (6); Britto et al. [28] has the highest number characteristics
(164), while Dashti & Gandomani [73] has the lowest (12).

Finally, Dashti & Gandomani [73] present the highest taxonomy depth (5), while all remaining studies
share the same depth - three.

Most of the primary studies included here are of type solution proposal, according to Wieringa et al.’s
evaluation [43].

The four RQs included in this SLR and their corresponding main findings are summarized next.

RQ1: What are the categories and characteristics used in existing taxonomies for SEE?

The detailing of categories and characteristics for the six taxonomies for SEE included herein is given
throughout Figures 3 to 8§, and Tables 8 to 13. Many categories and characteristics were identified,
jointly accounting to a total of 81 categories and 365 characteristics.
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The six taxonomies differ substantially in structure, ranging from 1 to 6 dimensions, 6 to 26 categories,
and 12 to 164 characteristics, with no common design standard or shared structural framework across
taxonomies. In addition, they also vary in their content focus: Bajta & Idri [72] and Usman et al. [58]
integrate both effort predictors (size measures and cost factors), estimation techniques and estimation
context, providing broader coverage. In contrast, Britto et al. [27] focus on contextual factors, while
Britto et al. [28] focus exclusively on cost factors; Mendes et al. [29] exclusively on size measures; and
Dashti & Gandomani [73] exclusively on estimation techniques.

RQ2: What are the software application domains targeted by the taxonomies identified in this
SLR?

A limited coverage is observed in the domains the retrieved SEE taxonomies cover. The identified
taxonomies focus predominantly on Application software and Embedded software (three taxonomies),
followed by Web/Mobile applications (two taxonomies). One of the primary studies did not specify the
software domain(s) focus of their taxonomy for SEE.

Of the seven proposed software application domains four are not represented: system software, engi-
neering/scientific software, product-line software, and artificial intelligence software.

RQ3: (if applicable) Which of the taxonomies identified in this SLR are an evolution of previously
published ones? Which aspects were changed?

Only one taxonomy, that by Britto et al. [27], is an evolution of another two taxonomies, and aspect
that was extended related to SEE within a distributed software development context.

RQ4: What are the similarities and differences across the identified taxonomies for SEE in terms
of their structure and content?

The semantic similarity analysis showed that 36 categories (44.4%) and only 62 characteristics (17%)
are conceptually shared across the different taxonomies (see Table 16 and Table 17). When jointly
considering all the six different taxonomies for SEE, we had a total of 365 distinct characteristics, of
which only 62 had some level of overlap.

The two taxonomies that relate to Web/Mobile applications share nine characteristics; however, one has
26 characteristics (Mendes et al. [29]) and the other has 160 characteristics (Britto et al. [28]).

In relation to the three taxonomies that relate to Application & Embedded software, as shown in Table
26, Bajta & Idri [72] share two characteristics with Britto et al. [27] and 33 with Usman et al. [59];
Britto et al. [27] shares two characteristics with Usman et al. [58].

This study identifies an important gap in Software Effort Estimation (SEE) taxonomies, via the inclu-
sion of six taxonomies in SEE that show a significant knowledge fragmentation. We believe that one of
the reasons for such fragmentation was the unawareness of more recent studies proposing taxonomies
for SEE about previously published taxonomies for SEE.

The detrimental effect of knowledge fragmentation in general has been discussed in a wide range of
fields (e.g. international law [85]; social sciences [86]; educational context [87]; knowledge synthesis
for scientific management [88]; psychology [89]).

Such high amount of fragmentation, compounded with the absence of taxonomies for emerging appli-
cation categories, such as mobile apps and artificial intelligence, supports the need for future work in
this area, either by proposing a single SEE taxonomy, or specialised taxonomies per software applica-
tion domains, for example.

Any of the abovementioned future directions would benefit both practitioners and researchers by estab-
lishing a common vocabulary facilitating clearer communication of findings, concepts, and best prac-
tices across all SEE methods.
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This in turn can reduce ambiguity and enhance collaboration between researchers and practitioners,
promoting a more unified approach to addressing challenges in software effort estimation, and simpli-
fying the process of comparing different methods and tools. By providing a clear structure, it would
make it easier to identify overlapping methods or differences, thereby supporting meta-analyses and
cumulative research that can build on existing knowledge.

As stated in the Introduction section, a solution, being it a single SEE taxonomy, or different Taxono-
mies for SEE, is the focus of our future work, and part of a larger research project on evidence-based
SEE being currently funded by the Danish National Research Foundation [90]. The decision as to which
option we will employ — one or more SEE Taxonomy(ies), will be driven by the feedback obtained
through two surveys that we will carry out with respectively industry and SEE researchers. These will
be the focus of future research publications.
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Appendix A

methods

play results.

Section Sub-Section PRISMA Item Summary Checklist
Full Report n/a n/a Consider referencing material in the protocol, publish- Yes. Guidelines mentioned
ing material in supplementary material, and reporting in methodology, checklist in
any large-scale model building exercise separately supplementary material (Ap-
from the SR report. pendix A)
Title Title 1 Identify the type of review and specify the topic being Yes. Type of review was
reviewed. identified in the title.
Abstract Structured abstract 2 Provide a structured summary, including Background, Yes. Structured with Con-
Objective, Methods, Results, and Conclusions. text, Objective, Method, Re-
sults, Conclusions
Introduction Opening n/a Introduce the larger problem the paper is targeting, lay Yes. Section 1 introduces
out a broad context for the work, and highlight the im- | SEE importance and context
portance of the work to a large audience.
Introduction Rationale 3 Describe the rationale of the study and how it contrib- Yes. Explained need for
utes to the larger problem. taxonomies in SEE (Section 1)
Introduction Objectives 4 Specify the research questions and explain how they Yes. Four RQs specified in
contribute to the larger problem. Section 4.2 (Table 2)
Methods Eligibility criteria 5 Use the study characteristics to define eligibility crite- Yes. Inclusion/exclusion
ria based on the intervention or topic of interest. Crite- | criteria in Section 4.4
ria used to restrict the search must be specified and
justified.
Methods Information sources 6 Describe all information sources, databases, primary Yes. Scopus and Google
study references, and others (e.g., researchers) with Scholar described in Section
search end dates. 45
Methods Search Strategy 7 Present full search strategy, e.g., electronic search Yes. Full search strings
strings, manual search, method(s) used to assess provided for both databases
achieved completeness.
Methods Selection Process 8 State the process for selecting studies, i.e., phases, as- Yes. Section 4.3 describes
sessors, handling disagreements, and tools used. screening by both authors
Methods Data Collection Process | 9 Specify the method used to collect data from reports, Yes. Data extraction sheet
i.e., processes, reviewers, whether they worked inde- provided (Table 32)
pendently, tools used.
Methods Data items 10a List, define, and justify all outcomes for which data Yes. Data items linked to
was sought, explaining their relationship to the re- RQs
search questions.
Methods Data items 10b List and define all non-outcome variables for which Yes. Comprehensive list in
data was sought. extraction sheet
Methods Study Risk Of Bias As- 11 Specify the methods used to assess risk of bias in the Yes. Unterkalmsteiner &
sessment included studies. Abdeen [41] framework used
Methods Effect Measures 12 Specify for each outcome the effect measure(s) used O N/A for this type of review
in the synthesis.
Methods Analysis and Synthesis 13a Describe the process used to decide which studies Yes. Eligibility based on
methods were eligible for each synthesis. proposing SEE taxonomies
Methods Analysis and Synthesis 13b Describe any methods required to prepare the data for Yes. Semantic similarity
methods presentation or synthesis. analysis described
Methods Analysis and Synthesis 13¢ Describe any methods used to tabulate or visually dis-

Yes. Multiple tables and
visualizations described
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Methods Analysis and Synthesis 13d Describe any methods used to synthesize results and Yes. Semantic similarity,
methods provide a rationale. clustering methods
Methods Analysis and Synthesis 13e Describe any sensitivity analysis conducted to assess Yes. Robustness calcula-
methods robustness. tions (Table 6)
Methods Analysis and Synthesis 13f Describe any methods used to explore possible causes Yes. Domain analysis, evo-
methods of heterogeneity. lution tracking
Methods Reporting Bias Assess- 14 Describe any methods used to assess risk of bias due Google Scholar was chosen
ment to publication bias. for its large retrieval capabil-
ity. Allowing use to retrieve
documents in different lan-
guages, smaller venues. We
used all literature that was
publicly available.
Methods Certainty Assessment 15 Describe methods used to assess certainty in the body | [ Not applicable for map-
of evidence. ping-style review
Results Study selection 16a Describe the results of the search and selection pro- Yes.
cess, ideally using a flow diagram.
Figure 2 flow diagram,
356 Scopus + 3125 Google
Scholar
Results Study selection 16b Cite studies that met many but not all inclusion crite- aps
. . . Presentefid in Results 5
ria and explain exclusions.
Results Study characteristics 17 Describe the characteristics of each included study, Yes. Table 5 and detailed
and provide citations. descriptions
Results Risk of Bias in Studies 18 Present data on the risk assessment for each study. Yes. Table 6 quality assess-
ment results
Results Results of individual 19 Present summary statistics and effect estimates for Yes. Extensive tables for
studies each study. each taxonomy
Results Results of Analyses and | 20a Report each synthesis, summarising characteristics Yes. Section 5 comprehen-
Syntheses and risk of bias. sive results
Results Results of Analyses and | 20b Present results of all statistical syntheses conducted. Yes. Semantic similarity re-

Syntheses

sults
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Results Results of Analyses and | 20c Present results of all sensitivity analysis conducted. Yes. (Table 6) robustness
Syntheses analysis
Results Results of Analyses and | 20d Present results of all investigations of possible causes Yes. Domain coverage,
Syntheses of heterogeneity. evolution analysis

Results Reporting Biases 21 Report results of assessing publication bias for each Presented in Results 6
synthesis.

Results Certainty of Evidence 22 Present assessment of certainty in the body of evi- O N/A for this review type
dence for each finding.

Discussion Discussion 23a Provide a general interpretation of the results in the Yes. Section 6 compares
context of other evidence. with Vera et al.

Discussion Discussion 23b Discuss any limitations of the evidence included in Yes. Quality attribute limi-
the review. tations discussed

Discussion Discussion 23c Discuss any limitations of the review process used. Yes. Threats to validity

(Table 30)

Discussion Discussion 23d Discuss implications of the results for practice, policy Yes. Section 7 implications,
and future research. future work

Registration and 24a Provide registration information or state that the re- Review was not registered

Protocol view was not registered.

Registration and 24b Indicate where the review protocol can be accessed. GitHub repository men-

Protocol tioned in Appendix C

Registration and 24c Describe and explain any amendments to information Review was not registered

Protocol provided at registration.

Support 25 Describe sources of financial and non-financial sup- Yes. Danish National Re-
port for the review. search Foundation Chair Grant

DNRF181

Competing In- 26 Declare competing interests of the review authors. No conflicting interests

terests

Auvailability Of 27 Report which materials are publicly available and Yes. GitHub repository

Data, Code and where they can be found. mentioned in Appendix C

Other Materials

Table 22: SEGRESS Checklist
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Taxonomy

Value

Additional Notes

Data Extractor Name

Study/Paper name

Year of publication

Site of publication

Is the taxonomy a revision of a previously published one?

Which taxonomy is it a revision of?

What aspects were changed or added?

What are the categories of the taxonomy?

What are the characteristics of the taxonomy?

What are the contexts? (e.g. Conventional, Web, Global)?

Was the paper validated according to its classification?

Related to the quality of the taxonomy

Does the taxonomy originate from a diverse set of data sources?

Do the taxonomy creators have a diverse background?

Were diverse data analysis methods used to create the taxonomy?

Has the taxonomy been evaluated by external experts?

R(T)

Number of Dimensions

Number of Categories

Number of Characteristics

Maximum Depth

C(T)

Change process covers the following constructs

Change process covers the following change types

Mandate to change the taxonomy

Customization of the taxonomy

RoC

Structuring elements besides dimensions?

Support for choosing dimensions or categories?

Classification constraint

Is the taxonomy reliable?

Table 23: Data extraction sheet
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Taxonomy

Categories

Characteristics

Bajta & Idri [73]

A: Accuracy measure, Actual cost

C: Cost estimate, Cost estimation con-
text, Cost estimators

D: Distributed teams distances

E: Estimated cost, Estimation dimen-
sion, Estimation technique

N: Number of sites
P: Planning, Planning approaches,
Product requirement, Product size, Pro-
ject activities, Project domain, Project
setting

R: Research & dev

T: Team experience, Team size, Team
structure

U: Use technique

T: Team experience, Team size, Team
structure

U: Use technique

A: Actual cost.value, Agile, Analysis, Availability
B: Baseline comparison
C: Capability maturity model integration, Case-based reasoning,
Close onshore, Commissioning, Conceptualization, Constructive
cost model
D: Delphi, Design, Detail planning, Distant onshore
E: Effort hours, Estimated value, Execution, Expert judgment

F: Far offshore, Feasibility study, Finance, Fuzzy similar

G: Genetic algorithms, Geographical distance, Group-based esti-
mation

H: Hardware, Healthcare
I: Implementation, Individual
M: Machine learning, Maintainability, Maintenance

N: Near offshore, Non-machine learning, Number of sites.value,
Number of team members

P: Performance, Planning approaches.other, Portfolio, Preliminary
planning, Product requirement.other, Project activities.other, Pro-
ject domain.other

R: Reliability, Risk
S: Security, Sensitivity analysis, Size report, Socio-cultural dis-
tance, Staff/cost, Statistics analysis, System investigation, Systems
engineering
T: Team experience.considered, Team experience.not considered,
Team structure.considered, Team structure.not considered, Tele-

communication, Temporal distance, Testing

V: Variation reduction

Britto et al. [28]

C: Client, Complexity, Cost driver
D: Development company
F: Functionality
L: Length
O: Object-oriented
P: Product, Project
S: Size metric

T: Team, Technology

A: Accessibility level, Adaptation complexity, Anchor count, Ar-
chitecture, Association center slot count, Association slot size, At-
tribute count, Authoring tool type, Availability level

C: Class complexity, Class coupling, Client script count, Client.per-
sonality, Cluster count, Cluster node size, Cluster slot count, Cohe-
sion, Cohesion complexity, Collection center slot count, Collection
slot size, Comment count, Common software measurement interna-
tional consortium, Communication level, Compactness, Component
complexity, Component count, Component granularity level, Com-
ponent slot count, Concern coupling, Concern module count, Con-

cern operation count, Concurrency level, Connectivity density, Con-

trol flow complexity, Cyclomatic complexity

D: Data flow complexity, Data usage complexity, Data web points,

Database size, Deployment platform experience level, Design vola-

tility, Development restriction, Difficulty level, Diffusion cut count,
Documentation level, Domain experience level

E: Entity count, Experience level
F: Feature count, Flexibility level, Focus factor
H: High feature count

I: In-house experience, Indifferent concern count, Information slot
count, Infrastructure, Inner/sub concern count, Innovation level, In-
put complexity, Installability level, Integration with legacy systems,
Interface complexity, International function point users group, It lit-
eracy

L: Layout complexity, Lessons learned repository, Lines of code,
Link count, Low feature count

M: Maintainability level, Mapped workflows, Media allocation,

Media count, Media duration, Memory efficiency level, Metrics’

program, Model association complexity, Model collection complex-

ity, Model link complexity, Model node size, Model slot size, Mod-

ularity level, Module attribute count, Module count, Module point
cut count, Motivation level

N: New complexity, New media count, New web page count, Node
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count, Node slot size, Novelty level, Number of programming lan-
guages, Number of projects in parallel

O: Object-oriented function points, Object-oriented heuristic func-
tion points, Oo experience level, Operation count, Operational
mode, Output complexity

P: Page complexity, Platform support level, Platform volatility
level, Portability level, Process efficiency level, Processing require-
ments, Product.type, Productivity level, Program count, Program-
ming language experience level, Project management level, Pro-
ject.type, Publishing model unit count, Publishing unit count

Q: Quality level

R: Rapid app development, Readability level, Reliability level, Re-
quirements clarity level, Requirements novelty level, Requirements
volatility level, Resource level, Reusability level, Reused comment
count, Reused component count, Reused high feature count, Reused
lines of code, Reused low feature count, Reused media allocation,
Reused media count, Reused program count, Risk level, Robustness
level

S: Scalability level, Section count, Security level, Segment count,
Semantic association count, Server script count, Slot count, Slot
granularity level, Software development experience, Software reuse,
Spi program, Stability level, Statement count, Storage constraint,
Stratum, Structure

T: Team capability, Team size, Technical factors, Testability level,
Time efficiency level, Time restriction, Tool experience level, Total
complexity, Trainability level

U: Usability level, Use case count

W: Web objects, Web page allocation, Web page count, Work team
level

Britto et al. [27]

E: Estimation process architectural
model, Estimation process role, Estima-
tion stage
P: Project
R: Relationship

S: Site

C: Centralized
D: Distributed

E: Estimation stage.early, Estimation stage.early & late, Estimation
stage.late, Estimator, Estimator & provider

G: Geographic distance
L: Legal entity, Location
P: Provider
S: Semi-distributed

T: Temporal distance

Dashti & Gandomani [74]

A: Algorithmic
B: Basic estimating methods

C: Combined estimating methods, Com-
putational intelligence

E: Estimation process architectural
model

N: Non-algorithmic

A: Ai-combined hybrid, Analogy-based, Artificial neural networks
B: Basic-combination
C: Constructive cost model
E: Evolutionary, Expert judgment
F: Fuzzy logic
L: Legal entity

S: Software evaluation and estimation for risk, Software life cycle
management, Swarm

Mendes et al. [29]

C: Class, Computation
E: Entity

H: Harvesting time, Hypermedia and
web application size metrics

M: Measurement scale, Metric founda-
tion, Model dependency, Motivation

V: Validation

A: Absolute
C: Complexity
D: Direct

E: Early size metric

F: Functionality
I: Indirect, Interval

L: Late size metric, Length
M: Media, Motivation

N: Nominal, Nonspecific
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O: Ordinal
P: Problem-oriented metric, Program/sript
R: Ratio
S: Solution-oriented metric, Specific

V: Validated empirically, Validated theoretically, Validation.both,
Validation.none

'W: Web application, Web hypermedia application, Web software
application

Usman et al. [59]

A: Accuracy level, Accuracy measure,
Actual effort, Agile methods

C: Customer communication

D: Distributed teams' issues
E: Effort estimate, Effort predictors, Es-
timated activities, Estimated effort, Esti-
mation context, Estimation entity, Esti-

mation technique, Estimation techniques

N: Non functional requirements, Number
of entities estimated

P: Planning level, Project domain, Pro-
ject setting

S: Size

T: Team size, Team's prior experience,
Team's skill level, Type

U: Unit

A: Accuracy level.value, Accuracy measure.not used, Accuracy
measure.other, Actual effort.value, Analogy, Analysis, Availability

B: Bias of relative error

C: Communications industry, Considered without any metric, Crys-
tal, Customer communication.considered, Customer communica-
tion.not considered, Customized extreme programming, Customized
scrum

D: Design, Distributed teams.considered, Distributed teams.not ap-
plicable, Distributed teams.not considered, Distributed: close on-
shore, Distributed: distant onshore, Distributed: far offshore, Dis-
tributed: near offshore, Distribution type, Dynamic systems devel-

opment method

E: Education, Estimate value(s), Estimated activities.all, Estimation

entity.other, Estimation technique.other, Expert judgement, Extreme

programming
F: Feature-driven development, Financial, Function points
G: Government/military
H: Health, House/days
I: Ideal hours, Implementation

K: Kanban

M: Maintainability, Maintenance, Manufacturing, Mean magnitude
of relative error, Median magnitude of relative error

N: Non functional requirements.not considered, Non functional re-
quirements.other, Not used effort predictors, Number of entities es-
timated

O: Other effort predictors, Other type
P: Pair/days, Performance, Planning level.bidding, Planning

level.daily, Planning level.release, Planning level.sprint, Planning
poker, Point type, Project setting.co-located, Project somain.other

R: Reliability, Retail/wholesale

S: Scrum, Security, Story points

T: Task, Team size.value, Team's prior experience.considered,

Team's prior experience.not considered, Team's skill level.consid-
ered, Team's skill level.not considered, Testing, Three point type,

Transportation, Type.group, Type.single

U: Unit.other, Use case, Use case points method, User case points,
User story

Table 24: Summary Table with the evidence used to answer RQ1
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Appendix B

The following text is quoted verbatim from Pressman & Maxim [45] (p. 7) to provide a detailed over-
view of software application domains:

“Software Application Domains
Today, seven broad categories of computer software present continuing challenges for software engi-
neers:

System software. A collection of programs written to service other programs. Some system software
(e.g., compilers, editors, and file management utilities) processes complex, but determinate, information
structures. Other systems applications (e.g., operating system components, drivers, networking soft-
ware, telecommunications processors) process largely indeterminate data.

Application software. Stand-alone programs that solve a specific business need. Applications in this
area process business or technical data in a way that facilitates business operations or management/tech-
nical decision making.

Engineering/scientific software. A broad array of “number-crunching” or data science programs that
range from astronomy to volcanology, from automotive stress analysis to orbital dynamics, from com-
puter-aided design to consumer spending habits, and from genetic analysis to meteorology.

Embedded software. Resides within a product or system and is used to implement and control features
and functions for the end user and for the system itself. Embedded software can perform limited and
esoteric functions (e.g., key pad control for a microwave oven) or provide significant function and con-
trol capability (e.g., digital functions in an automobile such as fuel control, dashboard displays, and
braking systems).

Product-line software. Composed of reusable components and designed to provide specific capabili-
ties for use by many different customers. It may focus on a limited and specific marketplace (e.g.,
inventory control products) or attempt to address the mass consumer market.

Web/mobile applications. This network-centric software category spans a wide array of applications
and encompasses browser-based apps, cloud computing, server-based computing, and software that re-
sides on mobile devices.

Artificial intelligence software. Makes use of heuristics to solve complex problems that are not ame-
nable to regular computation or straightforward analysis. Applications within this area include robotics,
decision-making systems, pattern recognition (image and voice), machine learning, theorem proving,
and game playing.

Millions of software engineers worldwide are hard at work on software projects in one or more of these
categories. In some cases, new systems are being built, but in many others, existing applications are
being corrected, adapted, and enhanced. It is not uncommon for a young software engineer to work on
a program that is older than he is! Past generations of software people have left a legacy in each of the
categories we have discussed. Hopefully, the legacy to be left behind by this generation will ease the
burden on future software engineers.”
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Appendix C

domani [73]

Taxonomy Pub. | Software application Do- | References
Year | main(s) targeted
(A) 1[\;I;§1des et al. 2005 | Web/Mobile applications None; first one to be published
Application software. Em- None; different focus from (A) but
(B) Brittoetal.[27] | 2016 | PP ’ ideally should have referenced (A)
bedded software .
in the related work
Referenced (A) but not (B); different
(C) Brittoetal. [28] | 2017 | Web/Mobile applications Z?;:ig}?;e(f]z’ zezléiiidﬁgl)l}i/ns?;gg d
work
Application software, Em- | None; same applications as (B) and
(D) Usmanetal. [58] | 2017 | bedded software ideally should have referenced (A)-
(C) in the related work.
None; same applications as (B) and
. . Application software. Em- (D) and not even these two were ref-
(E) Bajta & Idri [72] | 2019 PP ’ erenced in the related work. Com-
bedded software ) .
plete ignorance of previously pub-
lished taxonomies for SEE.
(F) Dashti & Gan- 2021 | Not specified None; complete ignorance of previ-

ously published taxonomies for SEE.

Table 25: Analysis that used The References on each primary study
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