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Summary

Today, a considerable number of Architectural Languages (ALs) have been pro-
posed for specifying and analyzing the architecture of software systems. Despite
the popularity of different ALs, how ALs influence software system maintainabil-
ity has not received much attention. One of the most important tasks in software
maintenance is requirements traceability. Requirements traceability establishes links
between requirements and other software artifacts, facilitating system maintenance.
In this paper, we analyze the influence of ALs on requirements traceability. Taking
into account the ALs used by the industry, we analyze how ALs influence trace-
ability among requirements and architecture models. We conducted an evaluation
with our industrial partner CAF. The results show significant differences in AL
performance. We also analyze the results in terms of AL concepts, requirements
model elements, and AL type in order to understand the performance differences.
General-Purpose/Research Languages achieve the best results for all of the perfor-
mance indicators, providing a mean precision value of 0.51, a recall value of 0.38, a
combined F-measure of 0.40, and an MCC value of 0.33. Those ALs that influence
engineers to use more generic and domain-independent terms to specify their archi-
tectures obtain the best results during requirements traceability. Our results have the
potential to help AL designers to improve their languages and also to help practi-
tioners make a more informed decision about whether or not a given AL meets their
traceability needs.
KEYWORDS:
Architectural Languages, Software Maintenance, Requirement Traceability, Architecture Description
Language

1 INTRODUCTION

An Architectural Language (AL) 1 is a way to describe software systems1. ALs provide practitioners with a set of rules and
common practices that help promote mutual communication, the embodiment of early design decisions, and the creation of a
transferable abstraction of a system. Components and connectors are the main elements of ALs, they include rules and guidelines
for well-formed architectures. AL’s suitability varies for modeling particular kinds of systems (e.g., highly concurrent systems)

1Hereafter, we use the term architectural language, or AL, to refer to any form of expression used for architecture description. We use the term AL for the sake of
clarity since, in the last few decades, several different definitions of the Architecture Description Language term have been proposed .
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or particular aspects of a given system (e.g., its static properties)2. Furthermore, the set of aspects that are important enough to
model varies from domain to domain3.

A major driver for AL selection is system-specific: software development teams or individual software engineers select the
AL that best fits the system to be realized, the domain of the system, or the specific project needs. Furthermore, other factors
influence the selection of the AL for specifying a software system, such as the existence of a community that provides AL-related
support, the skills and competences of current architects/developers, and tool support and costs4.

In industrial scenarios, the usage of several ALs to specify different software systems is common. As observed in5 and
confirmed in4, one of the reasons for the accumulation of so many ALs is the need to satisfy different stakeholders’ concerns: "A
language has to adequately capture design decisions judged fundamental by the system’s stakeholders". Nevertheless, despite
the popularity of different ALs, the question of how the usage of ALs influences software system maintainability has not yet
received much attention.

One of the most important performed activities during the software system maintenance phase is requirements traceability6.
Requirements traceability is concerned with the ability to relate requirements with other software artifacts (e.g., architecture
models, source code) and establish the links between them during software development. Requirements traceability has been
a subject of investigation for many years within the software engineering community7,8. Actively supporting traceability in a
software development project can help to ensure the qualities of the software, such as maintainability. Being able to identify
the links among requirements and architecture models is very critical in order to verify and trace non-reliable parts9 and to
decrease the expected defect rate in development software10. These traces can help software engineers better understand the
system during software maintenance.

In this work, we analyze the influence of ALs on requirements traceability. Taking into account a diverse set of the ALs used
by industry4, we analyze how the use of these ALs influences traceability among requirements and architecture models. To
do this, we rely on a Requirements Traceability to Architectural Language (RTAL) approach that is based on Latent Semantic
Indexing (LSI)11, which is the technique that has shown the best results for requirements traceability12,13. We evaluate the
RTAL approach in a real-world industrial case study in the railway domain with our industrial partner CAF, a worldwide leader
in railway manufacturing. CAF makes use of different ALs in order to describe software architecture for train control and
management. We compared the effectiveness of RTAL for each of the ALs using the standard measurements accepted by the
software engineering community: precision, recall, F-Measure, and Matthews Correlation Coefficient (MCC)14,15. Finally, we
perform a statistical analysis of the results to provide quantitative evidence of the impact of the use of different ALs and to show
that this impact is significant.

The results show a significant difference in AL performance. Y_DON is the AL that achieves the best results during require-
ments traceability, while EAST-ADL is the AL that achieves the worst results. We analyzed the results to understand what the best
performing ALs bring to the table in order to achieve the best results. We analyzed the results in terms of AL concepts, require-
ments model elements, and AL type. To do this, we consider the classification presented by Taylor et al.16, which distinguishes
four AL categories based on the engineers’ concerns and purposes. These categories are 1) General-Purpose/Research Languages
(languages proposed to ease and improve the quality of software architectures); 2) Early Architecture Description Languages
(languages proposed to provide interoperability, heterogeneity, and support composition and reusability); 3) Domain-and Style-
specific Languages (languages proposed to support a particular set of tasks, as they are performed in a specific domain); and 4)
Extensible architecture Description Languages (languages proposed to address currently languages deficiencies by providing a
rich, extensible and flexible syntax for describing component interface types and the use of patterns and meta-information). Our
analysis shows that General-Purpose/Research Languages (in this study: UML, Y_DON, SDL, and ARCHIMATE) achieved the
best results for all of the performance indicators, providing a mean precision value of 0.51, a recall value of 0.38, a combined
F-measure of 0.40, and an MCC value of 0.33. Those ALs that influence engineers to use more generic and domain-independent
terms to specify their architectures obtained the best results during requirements traceability.

To the best of our knowledge, this paper presents the first investigation comparing ALs regarding their requirements trace-
ability performance. Our paper contributes to understanding the influence of ALs on requirements traceability performance.
Specifically, we claim that:

• There are significant performance differences among the widespread ALs. This is relevant for the software engineering
community because requirement traceability is an essential task for software maintenance and evolution. Our results can
help practitioners to choose the AL that best fits their needs in terms of requirement traceability.
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• Our analysis of the results helps to understand the source of the performance differences among ALs. This has the potential
to help AL designers to improve their ALs with regard to requirement traceability.

The remainder of the paper is structured as follows. Section 2 provides the background on architectural languages and require-
ments traceability in our industrial partner. Section 3 presents the RTAL approach in detail. Section 4 presents the evaluation.
Section 5 provides insight into the discussion of the results. Section 6 presents the threats to validity. Section 7 presents the
related work. Section 8 concludes the paper.

2 BACKGROUND

Many Architectural Languages (ALs) can be found today. ALs must appropriately capture the design decisions that are consid-
ered to be essential by the system’s stakeholders. An extensive review of the use of ALs is presented in4. The goal of its authors
is to better understand the perceived strengths, limitations, and needs of practitioners regarding the use of ALs for software
architecture modeling in the industry.

To analyze the influence of ALs during requirements traceability, we performed a study on the architectural languages used
by previous researchers. First, we selected the ALs used by industry from a previous survey that analyzes different ALs4. The
ALs are listed in Table 1, these ALs were most commonly used by 48 engineers from 40 different IT companies. Initially,
we examined the 23 architectural languages that are considered to be the most widely used in the industry (as is stated in4).
However, we had to discard some of them for different reasons: some of them were not possible to find (even by sending emails
to the authors of the language), others do not have tool support, and others did not have follow-up and therefore are currently
outdated. Finally, we got a list with eleven ALs: AADL37, Acme38, ARCHIMATE39, EAST-ADL40, MIND27, Modelica28,
PCM30, SDL41, UML35, xADL42, and Y_DON43.

Table 1 shows a list of the ALs considered for this study (highlighted in grey). This list includes the tool used, a link for
more information, and the popularity of each AL. The popularity of an AL is based on how many engineers from the total of 48
engineers interviewed used that AL (see the study conducted by Malavolta et al.4).

The running example and the evaluation in this paper are performed using the products of our industrial partner, CAF. CAF
is a worldwide provider of railway solutions. Their trains can be seen all over the world and in different forms (regular trains,
subway, light rail, monorail, etc.). A train unit is furnished with multiple pieces of equipment throughout its vehicles and cabins.
These pieces of equipment are often designed and manufactured by different providers, and their aim is to carry out specific tasks
for the train. Some examples of these devices are the traction equipment, the compressors that feed the brakes, the pantograph
that harvests power from the overhead wires, or the circuit breaker that isolates or connects the electrical circuits of the train.
The control software of the train unit is in charge of making all the equipment cooperate to achieve the train functionality while
guaranteeing compliance with the specific regulations of each country.

Figure 1 depicts a simple example of three different architecture models that realize the same requirement and are specified
through different ALs. For this example, we have chosen the three top-ranked ALs used by industry4: the top architecture model
is specified through UML, the center architecture model is specified through ARCHIMATE, and the bottom architecture model
is specified through AADL. UML model contains nine model elements, including five classes and four associations (connectors);
ARCHIMATE model contains 13 model elements, including 5 application components, 4 application interfaces, and 4 used by
connectors; and AADL model contains 17 model elements including five process elements, 8 ports, and 4 connectors. Some of
the architecture languages allow the definition of the requirements to be closer to the domain. We consider these languages more
abstract because they can be considered closer to reality. For example, the elements that appear in the ARCHIMATE language
allow requirements to be defined in a way that is close to the domain, unlike the UML. Therefore, ARCHIMATE is more abstract
than UML. ARCHIMATE uses application components, application interfaces, and used by connectors, while UML only uses
classes and associations.

The requirement (Figure 1, top) describes the behavior of high voltage auxiliary coverage in the railway domain of the indus-
trial partner. In natural language, this requirement is described as follows: The PLC will enable the auxiliary compressor if its
associated auxiliary converter is generating alternating current (AC), while the pantograph is raised, being the circuit breaker
closed.



4 BALLARIN ET AL

TABLE 1 List of the Architectural Languages considered for this study
Architecture
Language Tool Learn more at Popularity

AADL OSATE 2 Open Source
AADL Tool Environment

The Open Source AADL Tool Environment
(OSATE)17 7/48

ABACUS ABACUS 7 (not tool support) https://www.avolutionsoftware.com/abacus/ 2/48
Acme AcmeStudio AcmeStudio: Supporting style-centered

architecture development18 2/48

ArchiMate Archi – Open Source
ArchiMate Modelling Archi-Open Source Archimate Modelling19 6/48

CCL CCLi (not tool support) Snapshot of CCL: A language for predictable
assembly20 2/48

Darwin Darwin Tool
(Not available) Specifying distributed software architectures21 2/48

EAST-ADL MetaEdit+ 5.5 EAST-ADL: An architecture description language
for automotive software-intensive systems22 3/48

HOOD not found Defining software architectures using the Hierarchical
Object-Oriented Design method (HOOD)23 2/48

IAF not found The integrated architecture framework explained:
why, what, how24 2/48

KISS not found Knowledge industry survival strategy (KISS)25 2/48
Koala not found The Koala Component Model for Consumer

Electronics Software26 2/48

MIND MindEd 0.2.1
Eclipse Plugin The MIND project27 2/48

Modelica OPENMODELICA Modelica—A unified object-oriented language for
system modeling and simulation28 2/48

OLAN not found The olan architecture definition language29 2/48
PCM Palladio-Bench The Palladio Component Model30 2/48
RAPIDE not found Specification and analysis of system architecture

using Rapide31 4/48

SAMM not found Q-ImPrESS project deliverable D2. 1: service
architecture metamodel (SAMM)32 2/48

SDL PragmaDev Studio Model-based testing: an approach with
SDL/RTDS and DIVERSITY33 2/48

SDO not found https://www.osoa.org/display/Main/SDO+Resources 2/48
SLX Wolverine Software Corporation

(Not available)
Inside discrete-event simulation software:
how it works and why it matters34 2/48

UML UML Designer 9.0 The unified modeling language user guide35 38/48
xADL ArchStudio 4 Archstudio 4: An architecture-based

meta-modeling environment36 2/48

Y_DON Visual Paradigm’s DFD tool https://www.visual-paradigm.com/ 2/48

3 REQUIREMENTS TRACEABILITY TO ARCHITECTURAL LANGUAGE (RTAL)

By targeting a real-world industrial case study, the goal of the presented work is to analyze the influence of Architectural
Languages (ALs) in one of the most commonly performed activities during the software system maintenance phase: requirements
traceability.



BALLARIN ET AL 5

The PCL will enable the auxiliary compressor if its associated auxiliary converter is 
generating alternating current (AC), while the pantograph is raised,  being the circuit 
breaker closed.

AADL Model

ARCHIMATE Model

UML Model

Requirement

FIGURE 1 Example of a requirement specified through the top-ranked Architectural Languages in Industry

In this work, we use an RTAL approach that is based on Information Retrieval (IR) techniques. IR techniques index the
documents in a document space as well as the queries by extracting information about the occurrences of terms within them. This
information is used to define similarity measures between queries and documents. In the case of RTAL, this similarity measure
is used to identify that a traceability link might exist between two artifacts, one of which is used as a query44. Specifically, the
RTAL approach used in this work relies on Latent Semantic Indexing (LSI)11, which is the IR technique that achieves the best
RTAL results12,13 and that has been successfully applied to different kinds of software artifacts in different contexts44,45,15.

LSI is an automatic mathematical/statistical technique that analyzes relationships between queries and documents. Specifi-
cally, given a certain requirement-model pair as input for LSI, the RTAL approach uses the outcome produced from the LSI to
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FIGURE 2 Overview of Requirements Traceability to Architectural Language (RTAL)

build a model fragment that serves as a candidate for realizing the requirement. The LSI technique is based on textual similarity
in order to determine which model elements are closer to the provided requirement. In this way, the construction indexing of the
artifacts (requirement and architecture model) is preceded by a text homogenization phase. During this phase, different Natural
Language Processing (NLP) techniques are applied.

Figure 2 presents an overview of the RTAL approach. The left part shows the inputs for the approach: an architecture model
specified in an architectural language and a requirement in natural language. The center shows a simplified representation of
the main steps. The rounded rectangular boxes represent the different steps of the RTAL approach. The ’Natural Language
Processing’ step homogenizes the natural language from the model and the requirement. Finally, the ’Textual Similarity among
Model Elements and the Requirement’ step recover the traceability links between requirements and architecture models based on
textual similarity. As output, the RTAL approach provides a model fragment relevant to the requirement. The following sections
describe the RTAL approach in detail.

3.1 Natural Language Processing
First, the RTAL approach deals with homogenizing the natural language from the requirement and the natural language from
the elements that form the architecture model. Well-known Natural Language Processing (NLP) techniques are applied: the
Parts-of-Speech tagging technique [7], and Lemmatizing techniques [23]. Thanks to these techniques, the language of both the
requirements and the ALs is unified, avoiding verb tenses, noun plurals, and strange word forms that negatively interfere with
the RTAL process.

The inclusion of domain experts, particularly software engineers, in traceability processes is a widely discussed topic within
the SE community. It is often regarded as beneficial to have some sort of domain knowledge embedded in automated traceability
systems, particularly in areas that are related to software reuse and software variability. Some of the techniques derived from
humans interacting with traceability processes are Domain Term Extraction and Stopword Removal.

In order to carry out these techniques, RTAL Engineers provide two separate lists of terms: a list of terms (both single-word
terms and multiple-word terms) that belong to the domain and that must always be kept for analysis and a list of irrelevant words
that can appear throughout the entirety of the specification documents and that have no value whatsoever for the analysis. Both
kinds of terms can be automatically filtered in or out of the final query, depending on the needs of the domain experts. For
example, a list of relevant domain terms contains words such as Pantograph, Multiplexer, Left door, and/or CCTV system, among
others. By contrast, a list of irrelevant words contains words such as Trigger, State, Time, and/or Status; among other words.
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FIGURE 3 Requirements Traceability to Architecture Languages (RTAL) through Latent Semantic Indexing Example

3.2 Textual Similarity among Model Elements and the Requirement
After homogenizing the natural language from the requirement and the natural language from the elements that conform the
architecture model, LSI recovers the traceability links between requirements and architecture models. LSI is an automatic math-
ematical/statistical technique that analyzes relationships between queries and documents (bodies of text). It constructs vector
representations of both a user query and a corpus of text documents by encoding them as a term-by-document co-occurrence
matrix and analyzes the relationships between those vectors to get a similarity ranking between the query and the documents
(see Figure 3).

Figure 3 shows an example of a term-by-document co-occurrence matrix, with values associated with our case study, the
vectors, and the resulting ranking. An overview of the elements of the matrix is provided below.

• Each row in the matrix (term) stands for each of the words that compose the processed requirement and natural lan-
guage representation of the input architecture model. Figure 3 shows a set of representative words in the domain, such as
’Pantograph’, as the terms of each row.

• Each column in the matrix (document) stands for one of the model elements extracted from the input architecture model.
Figure 3 shows identifiers in the columns such as ’ME1’ or ’ME2’, which represent the documents of those specific
architecture model elements.

• The final column stands for the query, which is one requirement.
• Each cell in the matrix contains the frequency with which the term of its row appears in the document denoted by its

column. For instance, in Figure 3, the term ’Pantograph’ appears twice in the ’MEN’ document and once in the query.
Vector representations of the documents and the query columns are obtained by normalizing and compositing the term-by-

document co-occurrence matrix using Singular Value Decomposition (SVD)46,11. SVD is a form of factor analysis, or more
properly, the mathematical generalization of which factor analysis is a special case. In SVD, a rectangular matrix is decom-
posed into the product of three other matrices. One component matrix describes the original row entities as vectors of derived
orthogonal factor values, another describes the original column entities in the same way, and the third is a diagonal matrix that
contains scaling values such that when the three components are matrix-multiplied, the original matrix is reconstructed.

Figure 3 presents a three-dimensional graph of the SVD. The graph shows the vectorial representations of some of the matrix
columns. For legibility reasons, only a small set of columns is presented. To measure the degree of similarity between vectors,
the RTAL approach calculates the cosine between the query vector and the document vectors. Cosine values that are closer to 1
denote a higher degree of similarity, and cosine values that are closer to -1 denote a lower degree of similarity. Similarity increases
as vectors point in the same general direction (as more terms are shared between documents). Through this measurement, the
model elements are ordered according to their degree of similarity to the requirement.

The relevancy ranking (shown in Figure 3) is produced according to the calculated degrees of similarity. In this example,
LSI retrieves ’ME2’ and ’MEN’ in the first and second position of the relevancy ranking since the query-documents cosines
are ’0.93’ and ’0.85’, implying a high degree of similarity between the model elements and the requirement. In contrast, the
’M1’ Model Element is returned in a lower position of the ranking because its query-document cosine is ’-0.87’, implying a low
degree of similarity.

From the ranking of all the model elements, those that have a similarity measure greater than x must be taken into account.
The heuristic that the RTAL approaches use, and that is used in other works15,47 is x = 0.7. This value corresponds to a 45◦
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angle between the corresponding vectors. Nevertheless, the selection of this threshold is an issue that is still under study, and its
proper parametrization has not yet been tackled in architecture models.

Following this principle, the model elements with a similarity measure equal or superior to x = 0.7 are taken to form a model
fragment, which is a candidate for realizing the requirement. Through the example provided in Figure 3, ME2 and MEN are
the model elements that are part of the model fragment obtained for the requirement, since their cosine values are superior to
the threshold. The model elements below the threshold, except ME1, are not shown in the ranking for reasons of space and
understandability. The model fragment generated in this manner is the final output of the RTAL approach. The right part of
Figure 3 shows an example of a model fragment specified through AADL. The model fragment reference the complete AADL
model that is shown in Figure 1. Words, such as ’Pantograph’ or ’HighVoltage’, can be seen in the visual representation, however,
some others are part of the properties and do not have a visual representation.

4 EVALUATION

In this section, we aim to clearly establish the scope of our work and to determine the key research questions that we must tackle
and bear in mind when designing our experiment. The following research questions (RQ) arise from the described problem.

RQ1: How do the different Architectural Languages influence traceability among requirements and architecture models?
RQ2: Is the difference in performance between Architectural Languages significant?
RQ3: How much is the quality of the solution influenced by each Architectural Language?
Answering RQ1 allows us to compare the performance results (in terms of recall, precision, F-measure, and MCC) of each of

the Architectural Languages in requirements traceability. Answering RQ2 allows us to provide formal and quantitative evidence
(using the Quade test and the Holm’s post hoc analysis) to determine whether or not the difference in performance is significant.
Answering RQ3 allows us to assess (through effect size measure, Vargha and Delaney’s 𝐴̂12) how much the quality of the
solutions is influenced by each Architectural Language.

In the following subsections, we introduce the experimental setup and the case study used, and we provide details of the
implementation of our evaluation. Finally, we present the results and the statistical analysis of our evaluation.

4.1 Experiment Setup
Figure 4 shows an overview of the process that was followed to evaluate the approach. The left part shows the artifacts, which
are provided by the industrial partner: requirements, architecture models, and approved traceability between requirements and
architecture models. The set of requirements is specified through each of the Architectural Languages selected for this study (a
set of those most relevant used by industry4).

A dedicated team of industrial experienced specialists was made available to us by the industrial partner to perform the
modeling of different requirements using different ALs. The team consisted of five system architects: one is experienced in
AADL, EAST-ADL, and Modelica, two are experienced in MIND, PCM, ACME, and xADL, one is experienced in Y_DON
and ARCHIMATE, and one is experienced in SDL and UML. They were in charge of realizing a set of requirements using the 11
different ALs presented in this paper. After realizing the different models, the five system architects reviewed all of the models.

As a result, the documentation includes eleven different architecture models that specify the same set of requirements but
using different ALs. As shown in Figure 4, the requirements and architecture model conform the input of the RTAL approach,
and approved traceability plays the role of the oracle.

The RTAL approach takes those inputs and obtains a model fragment for each requirement. The generated model fragments
are compared with the oracle. Once the comparisons are performed, a confusion matrix is calculated. A confusion matrix is
a table that is often used to describe the performance of a classification model (in this case, RTAL) on a set of test data (the
resulting model fragments) for which the true values are known (the oracle). In our case, each solution output by the RTAL
approach is a model fragment that is composed of a subset of the model elements that are part of the architecture model. Since the
granularity is at the level of model elements, the presence or absence of each model element is considered to be a classification.
The confusion matrix will distinguish between two values (TRUE or presence and FALSE or absence). We obtain a confusion
matrix for each requirement predicted by comparing the actual model fragment that corresponds to the requirement (obtained
from the oracle and considered the ground truth) and the predicted model fragment for the requirement. The confusion matrix
arranges the results of the comparison into four categories:



BALLARIN ET AL 9

AADL

Acme

ArchiMate

EAST-ADL

MIND

Modelica

PCM

SDL

UML

Y_DON

xADL

Architecture Model

Requirements

Documentation from Industrial Partner

Approved Traceability

AADL

Acme

ArchiMate

EAST-ADL

MIND

Modelica

PCM

SDL

UML

Y_DON

xADL

Input RTAL 
Approach

Model 
Fragment

Precision, Recall,
F-Measure, MCC

Measurements Report
Compare

Oracle

FIGURE 4 Experimental Setup

• True Positive (TP): an element that is predicted as present (in the solution) and is present in the real scenario (the oracle).
• False Positive (FP): an element that is predicted as present (in the solution) but is not present in the real scenario (the

oracle).
• True Negative (TN): an element that is predicted as not present (in the solution) and is not present in the real scenario

(the oracle).
• False Negative (FN): an element that is predicted as not present (in the solution) but is present in the real scenario (the

oracle).
Then, some performance measurements are derived from the values in the confusion matrix. Specifically, a report that includes

four performance measurements (Precision, Recall, F-Measure, and Matthews Correlation Coefficient) is created for the case
study.

Precision measures the number of elements from the solution that are correct according to the ground truth (the oracle) and
is defined as follows:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(1)
Recall measures the number of elements of the solution that are retrieved by the proposed solution and is defined as follows:

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(2)
F-measure corresponds to the harmonic mean of precision and recall and is defined as follows:

𝐹 −𝑀𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

= 2 ∗ 𝑇𝑃
2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

(3)
However, none of these previous measures correctly handle negative examples (TN). The MCC is a correlation coefficient

between the observed and predicted binary classifications that takes into account all of the observed values (TP TN, FP, FN)
and is defined as follows:

𝑀𝐶𝐶 = 𝑇𝑃 ⋅ 𝑇𝑁 − 𝐹𝑃 ⋅ 𝐹𝑁
√

(𝑇𝑃 + 𝐹𝑃 )(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃 )(𝑇𝑁 + 𝐹𝑁)
(4)

Precision and recall values can range from 0 to 1. A precision value equal to 0 means that no single model element from
the solution is the oracle while a precision value equal to 1 means that all of the model elements from the solution are present
in the oracle. A recall value equal to 0 means that no single model element from the realization of the requirement obtained
from the oracle is present in the model fragment of the solution while a recall value equal to 1 means that all of the model
elements from the oracle are present in the solution. A precision and recall values equal to 1 implies that both the solution and
the requirement from the oracle are the same. MCC values can range between -1 and 1. An MCC value equal to -1 means that
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there is no correlation between the prediction and the solution, an MCC value equal to 1 means that the prediction is perfect,
and an MCC value equal to 0 means that the prediction is random.

4.2 Case Study
For our evaluation, our industrial partner, CAF, provided us with natural language requirements and architecture models. The
data that support the findings of this study are openly available on the SVIT Research Group web at https://svit.usj.es/al-tlr-data/.

The software of a train is specified through more than 500 natural language requirements, with an approximate average of
50 words per requirement. The architecture models are specified with an average of 330 total model elements. We followed the
experimental setup shown in Figure 4. For this case study, we used a subset of 16 requirements (randomly selected). We executed
an independent run for each of the 16 requirements for each of the 11 ALs considered for this study, i.e., 16 (requirements) x 11
(AL) = 176 independent runs.

4.3 Implementation details
This approach was implemented within different environments, each of which depends on a specific software architecture. The
IR techniques used to process the language were implemented using OpenNLP48 for the POSTagger. LSI was implemented
using the Efficient Java Matrix Library (EJML)49.

In addition, in order to specify the requirements through different ALs, we used the following tools (also specified in Table
1): OSATE 2.2.3 to specify AADL models, AcmeStudio to specify Acme models, Archi 4.0.3 to specify ArchiMate models,
MetaEdit+ 5.5 to specify EAST-ADL models, MindEd 0.2.1 Eclipse Plugin to specify MIND models, OpenModelica to specify
Modelica models, Palladio-Bench to specify PCM models, PragmaDev Studio to specify SDL models, UML Designer 9.0 to
specify UML models, ArchStudio 4 tool to specify xADL models, and Visual Paradigm’s DFD tool to specify Y_DON models.

4.4 Results
This subsection presents the results obtained once the RTAL approach was executed for each of the ALs selected for this study.
Appendix A presents the charts with the precision and recall results for each requirement for our real-world case study and the
eleven ALs. A dot in the graph represents the average result of precision (x-axis) and recall (y-axis) for each of the requirements
in CAF.

RQ1 answer. In Table 2, we outline the results that are aggregated for each AL in our case study. We also show the F-Measure
and MCC performance indicators. Similarly, Figure 5 shows the box plots obtained from those results. The AL that achieved the
best results is Y_DON, attaining 1 in precision, 0.65 in recall, 0.78 in F-measure, and 0.75 in MCC. The second-best result in
precision was obtained by MIND, reaching 0.69; however, the recall value was very low, 0.04. The third-best result in precision
was obtained by ARCHIMATE, reaching 0.53, which also obtained the second-best result in recall, 0.39. In contrast, both EAST-
ADL and MODELICA obtained the worst results in all of the measurements. EAST-ADL obtained 0.06 in precision, 0.02 in
recall, 0.02 in F-measure, and -0.49 in MCC; MODELICA obtained 0.01 in precision, 0.01 in recall, 0.01 in F-Measure, and
-0.26 in MCC.

4.5 Statistical Analysis
In order to properly compare the results obtained in RTAL with the different architectural languages, we performed the statistical
analysis of the results following the criteria of50. We measured statistical significance and effect size. The statistical significance
allows us to provide formal and quantitative evidence that architectural languages have an impact on the metrics used for the
comparison. The effect size allows us to present that the differences in the results are significant in practice.

4.5.1 Statistical Significance
A statistical test is run to assess whether there is enough empirical evidence to claim that there is a difference between the
approaches (e.g., approach A is better than approach B). First, we need to define two hypotheses: the null hypothesis (𝐻0) and
the alternative hypothesis (𝐻1). In contrast to the alternative hypothesis, the null hypothesis states that there is no difference
between the approaches. Then, the statistical test verifies whether the null hypothesis could be rejected.

https://svit.usj.es/al-tlr-data/
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TABLE 2 Mean Values and Standard Deviations for Precision, Recall, F-Measure, and MCC for each Architectural Language.

Precision ± 𝜎 Recall ± 𝜎 F-measure ± 𝜎 MCC ± 𝜎

AADL Models 0.13 ± 0.13 0.37 ± 0.32 0.19 ± 0.17 0.10 ± 0.21
ACME Models 0.08 ± 0.05 0.21 ± 0.19 0.11 ± 0.08 0.00 ± 0.10

ARCHIMATE Models 0.53 ± 0.25 0.39 ± 0.28 0.43 ± 0.27 0.28 ± 0.33
EAST-ADL Models 0.06 ± 0.15 0.02 ± 0.05 0.02 ± 0.07 -0.49 ± 0.13

MIND Models 0.69 ± 0.48 0.04 ± 0.05 0.08 ± 0.08 0.15 ± 0.12
MODELICA Models 0.01 ± 0.02 0.01 ± 0.02 0.01 ± 0.02 -0.26 ± 0.05

PCM Models 0.28 ± 0.24 0.42 ± 0.35 0.31 ± 0.26 0.24 ± 0.29
SDL Models 0.38 ± 0.50 0.15 ± 0.24 0.20 ± 0.29 0.22 ± 0.31

UML Models 0.15 ± 0.14 0.33 ± 0.25 0.19 ± 0.15 0.08 ± 0.18
xADL Models 0.17 ± 0.15 0.15 ± 0.20 0.13 ± 0.14 -0.06 ± 0.16

Y_DON Models 1.00 ± 0.00 0.65 ± 0.13 0.78 ± 0.09 0.75 ± 0.10

The rejection of the null hypothesis is performed taking into account the 𝑝− 𝑣𝑎𝑙𝑢𝑒 provided by the statistical test. This value
can range between 0 and 1. Assuming that the null hypothesis is true, the closer the value is to 0, the lower the probability of
obtaining results at least as extreme as the observed ones. For the research community, a 𝑝 − 𝑣𝑎𝑙𝑢𝑒 below 0.05 is accepted to
indicate that the null hypothesis can be considered false50.

To select the test to follow, we took into account the distribution and the nature of our data. Our data does not follow a normal
distribution in general. In addition, our data is extracted from a real environment. Since our data does not follow a normal
distribution, our analysis requires the use of non-parametric techniques. There are several tests for analyzing this kind of data;
however, the Quade test shows that it is more powerful than the others when working with real data, i.e., extracted from a real
environment51.

RQ2 answer. The 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 obtained in the test are ≪ 2.2𝑥10−16 for precision and MCC, and 1.705𝑥10−10 for recall; the
statistics values obtained are 13.962, 8.1814, and 15.314 for precision, recall, and MCC, respectively. Since the 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 are
smaller than 0.05, we can reject the null hypothesis. Consequently, we can state that there are differences among the algorithms
for the performance indicators of precision, recall, and MCC.

Next to the Quade test, we perform an additional post hoc analysis to test which algorithm gives the best performance. With
the Holm’s post hoc analysis, we compare each algorithm against all other alternatives to indicate whether exist significant
differences between the results of a specific pair of algorithms.

Table 3 shows the 𝑝 − 𝑉 𝑎𝑙𝑢𝑒𝑠 of Holm’s post hoc analysis for the case study and the performance indicators for each pair
of algorithms. The majority of the 𝑝− 𝑉 𝑎𝑙𝑢𝑒𝑠 obtained by Y_DON are smaller than their corresponding significance threshold
value (0.05), indicating that the differences in performance between this AL and the rest of the ALs are significant. However,
when we compare AADL, ACME, SDL, UML, or xADL with the rest of the ALs, the majority of the values are greater than
the threshold. This indicates that the differences between those ALs could be due to mere chance and are not significant.

4.5.2 Effect size
The effect size assesses if an algorithm is statistically better than another and the magnitude of the improvement. For a non-
parametric effect size measure, we use Vargha and Delaney’s 𝐴̂12

52,53. 𝐴̂12 measures the probability that running one algorithm
yields higher values than running another algorithm. A value of 0.5 means that two algorithms are equivalent.

For example, we want to measure the effect size of an algorithm A against an algorithm B. An 𝐴̂12 value equal to 0.7 means
that the algorithm A would obtain better results in 70% of the runs. Similarly, an 𝐴̂12 value equal to 0.3 means that the algorithm
B would obtain better results in 70% of the runs.

RQ3 answer. Table 3 shows the values of the effect size statistics. In general, the largest differences were obtained between
Y_DON and the rest of the ALs, where Y_DON achieves the best results every time. When comparing ARCHIMATE, MIND,
and PCM with the rest of the ALs, the differences are not so large, but they obtain better results the majority of times. However,
when we compare EAST-ADL with the rest of the ALs, EAST-ADL gets worse results every time.
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TABLE 3 Holm’s post hoc 𝑝 − 𝑉 𝑎𝑙𝑢𝑒𝑠 and the 𝐴̂12 statistics for each pair of algorithms

Holm’s 𝐴̂12

Precision Recall MCC Precision Recall MCC
AADL vs. ACME 1 1 1 0.58203 0.62695 0.62695

AADL vs. ARCHIMATE 0.00574 1 1 0.08398 0.49609 0.31641
AADL vs. EAST-ADL 0.36681 0.00162 0.00015 0.79687 0.87891 1

AADL vs. MIND 0.08503 0.39920 1 0.28320 0.83203 0.36133
AADL vs. MODELICA 0.18268 0.00613 0.01623 0.87109 0.87109 1

AADL vs. PCM 1 1 1 0.33594 0.45898 0.35352
AADL vs. SDL 1 0.62333 1 0.56641 0.71484 0.32227

AADL vs. UML 1 1 1 0.42968 0.54102 0.52539
AADL vs. xADL 1 1 1 0.41602 0.70508 0.73047

AADL vs. Y_DON 0.98405 ≪ 2.2𝑥10−16 1.8𝑥10−05 0 0.26953 0
ACME vs. ARCHIMATE 0.00057 0.81473 1 0.03516 0.30859 0.22852

ACME vs. EAST-ADL 1 0.15266 0.00011 0.76563 0.84375 1
ACME vs. MIND 0.01377 1 1 0.27344 0.77344 0.18359

ACME vs. MODELICA 0.67573 0.38498 0.01322 0.81641 0.82813 1
ACME vs. PCM 1 0.83358 1 0.27344 0.33008 0.25781
ACME vs. SDL 1 1 1 0.54688 0.63477 0.33203

ACME vs. UML 1 1 1 0.33398 0.36328 0.36914
ACME vs. xADL 1 1 1 0.34375 0.63281 0.68555

ACME vs. Y_DON 1.9𝑥10−08 0.03101 2.5𝑥10−05 0 0.04297 0
ARCHIMATE vs. EAST-ADL 1.2𝑥10−07 5.0𝑥10−05 2.8𝑥10−08 0.94531 0.96875 0.99219

ARCHIMATE vs. MIND 1 0.03806 1 0.31250 0.94531 0.58984
ARCHIMATE vs. MODELICA 2.7𝑥10−08 0.00022 1.1𝑥10−05 1 0.99219 0.93750

ARCHIMATE vs. PCM 0.10538 1 1 0.77539 0.48438 0.54688
ARCHIMATE vs. SDL 0.00739 0.06649 1 0.62500 0.79883 0.56445

ARCHIMATE vs. UML 0.05621 1 1 0.90429 0.57813 0.69141
ARCHIMATE vs. xADL 0.01377 0.62333 0.16410 0.86914 0.77344 0.82031

ARCHIMATE vs. Y_DON 0.59196 1 0.02271 0 0.25195 0.06055
EAST-ADL vs. MIND 7.2𝑥10−06 1 4.9𝑥10−08 0.17578 0.24804 0

EAST-ADL vs. MODELICA 1 1 1 0.39844 0.39844 0.05664
EAST-ADL vs. PCM 0.03129 5.4𝑥10−05 2.6𝑥10−08 0.19531 0.14453 0
EAST-ADL vs. SDL 0.31385 1 7.0𝑥10−08 0.35156 0.35156 0

EAST-ADL vs. UML 0.06930 0.01916 6.6𝑥10−06 0.22852 0.14844 0
EAST-ADL vs. xADL 0.19533 0.22138 0.00681 0.22461 0.19531 0.00977

EAST-ADL vs. Y_DON 6.4𝑥10−13 1.2𝑥10−07 ≪ 2.2𝑥10−16 0 0 0
MIND vs. MODELICA 1.8𝑥10−06 1 1.8𝑥10−05 0.78516 0.69336 1

MIND vs. PCM 0.70166 0.04030 1 0.72656 0.21289 0.44922
MIND vs. SDL 0.10055 1 1 0.65625 0.52734 0.52734

MIND vs. UML 0.42606 1 1 0.72656 0.21289 0.63672
MIND vs. xADL 0.15858 1 0.22062 0.72656 0.30859 0.82031

MIND vs. Y_DON 0.08503 0.00038 0.01623 0.34375 0 0
MODELICA vs. PCM 0.01237 0.00024 1.1𝑥10−05 0.17188 0.17188 0
MODELICA vs. SDL 0.15858 1 2.5𝑥10−05 0.42969 0.42969 0

MODELICA vs. UML 0.02836 0.05604 0.00117 0.17188 0.17188 0.00391
MODELICA vs. xADL 0.10055 0.52070 0.26365 0.17188 0.17578 0.07227

MODELICA vs. Y_DON 1.1𝑥10−13 7.0𝑥10−07 1.1𝑥10−13 0 0 0
PCM vs. SDL 1 0.07003 1 0.54688 0.73047 0.50391

PCM vs. UML 1 1 1 0.63867 0.58789 0.66211
PCM vs. xADL 1 0.63987 0.16231 0.61914 0.70898 0.83008

PCM vs. Y_DON 3.2𝑥10−05 1 0.02318 0 0.33789 0.01172
SDL vs. UML 1 1 1 0.45313 0.28125 0.60938

SDL vs. xADL 1 1 0.26100 0.45313 0.41797 0.76563
SDL vs. Y_DON 5.2𝑥10−07 0.00082 0.01322 0.18750 0.05078 0.05859
UML vs. xADL 1 1 1 0.46484 0.70117 0.73828

UML vs. Y_DON 1.0𝑥10−05 0.22630 0.00040 0 0.11133 0
xADL vs. Y_DON 1.3𝑥10−06 0.01990 1.8𝑥10−07 0 0.05078 0
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FIGURE 6 Number of Architectural Language Model Elements for each requirement

5 DISCUSSION

There is a substantial inherent gap between requirement descriptions and ALs, because the transformation from requirements to
architecture models is not included in the model-driven architecture life cycle, which starts from an analysis model (or design
model) and ends with deployed code54. The reason for this exclusion is perhaps that requirements are always written with
natural language texts, which are not a model formal enough to be understood by computers55. As a result, natural language
requirements are not suitable for automated transformations.

Each AL is characterized by distinct conceptual architectural elements to satisfy different stakeholder concerns, giving engi-
neers different concepts in order to specify a software architecture: AADL (ComponentImpl, Connector, Block); Acme (System,
Component, Port); Archimate (Application collaboration, Business process, Infrastructure interface); EAST-ADL (EventChain,
ErrorBehavior, LifecycleStageKind); MIND (Class, Operation, Property); Modelica (class, equation, connect); PCM (Entity,
Role, RepositoryComponent); SDL (SdlNamedElement, SdlFeature, SdlAgent); UML (Constraint, Actor, Lifeline); xADL (Link,
Point, Interface); and Y_DON (Process, Data Store, Entity).

If we classify each AL according to the concepts used in its specification, there is a great disparity among ALs. For instance,
ACME uses seven concepts to specify its architecture, Y_DON uses four concepts to specify its architecture, and SDL uses
eleven concepts to specify its architecture. In addition, different ALs use a high number of concepts (more than one hundred
concepts) to specify their architectures. For example, UML uses around 110 concepts, AADL uses more than 200 concepts, and
EAST-ADL uses more than 400 concepts. We analyzed the results looking for correlations between requirements traceability
performance and the size of concepts in ALs specifications, but we did not find any correlations.

The concepts of each AL specification influence the number of elements that an architecture model contains (see Figure 6).
However, the number of model elements does not offer any explanation for the results achieved. Taking into account the same
requirements for all ALs, some ALs like PCM or SDL use around five elements to model a specific requirement, while other
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ALs such as MIND use more than one hundred elements to model the same requirement. This is the reason why we believe
that MIND obtains good precision values (69% of the elements found belong to the requirement), but low recall values (only
4% of the elements of the requirement are found). The approach has to find more than 100 elements in a model with more than
670 elements. In the case of Y_DON, which obtains the best precision value (100%), the size of the requirements is around 19
elements on average. It also obtains good values for recall (69%). In this case, the approach has to find 19 elements in models of
about 60 elements. Nevertheless, the analysis of our results did not reveal a correlation between the number of model elements
and the requirements traceability results achieved. Neither the AL concepts nor the requirement model elements explain the
performance differences among ALs. However, we realize that the architectural languages that allow the specification of the
requirements closer to the domain due to the architectural elements used obtain better results in precision and recall. This is
the case of Y_DON, which we consider the most abstract language of those studied because it allows defining the requirements
in the closest way to the domain. On the opposite side, we find MODELICA, which obtains the worst results because the final
models of the requirements are very far from the domain, it is the least abstract language.

ALs can be classified according to different criteria56,16. One of the well-accepted AL classifications is those presented by
Taylor et al.16, which distinguishes four AL categories based on the engineers’ concerns and purposes. The authors propose four
categories: 1) General-Purpose/Research Languages (e.g., UML or Archimate); 2) Early Architecture Description Languages
(e.g., PCM); 3) Domain-and Style-specific Languages (e.g., AADL or Modelica); and 4) Extensible architecture Description
Languages (e.g., xADL or Acme). Note that these categories are not mutually exclusive. For example, this paper classifies UML
and AADL as General-Purpose/Research Languages. However, both ALs can be considered Extensible Architecture Description
Languages also. UML uses extension mechanisms through profiles and stereotypes and AADL uses extension mechanisms
through annex libraries57. Even though different ALs can be classified in different categories, in that case, the existing works in
the field classify both UML and AADL as General-Purpose/Research Languages58,57,16,59,60. For this reason, we followed the
same classification16, classifying both UML and AADL ALs as General-Purpose/Research Languages.

Taking this classification into account, our analysis shows that General-Purpose/Research Languages achieve the best results
during requirements traceability followed by Extensible Architecture Description Languages. In contrast, both Early Architecture
Description Languages and Domain-and Style-specific Languages achieve worse results during requirements traceability. The
architecture models specified using those ALs classified as General-Purpose/Research Languages and those ALs classified as
Extensible architecture Description Languages contain more generic and domain-independent terms. In contrast, the architecture
models specified using those ALs classified as Early Architecture Description Languages and those ALs classified as Domain-
and style-specific Languages contain terms that are more closely aligned (i.e., high degree of textual similarity) with domain-
specific terms.

One might think that using domain-specific terms instead of generic terms would help during the requirements traceability
activity since requirements are made up of domain terms. However, counter-intuitively, our work reveals that it has exactly
the opposite effect. Those ALs use more domain-specific terms during architecture model specification (Early Architecture
Description Languages and Domain-and Style-specific Languages) leading to an excessive number of domain terms in the
architecture models, hindering requirements traceability. In contrast, ALs that enable engineers to use more generic and domain-
independent terms to specify their architectures (General-Purpose/Research Languages and Extensible architecture Description
Languages) lead to more effective use of domain-specific terms, resulting in better results during requirements traceability.

Furthermore, we have noted that the results of TLR are closely aligned with ALs’ grammar constraints. In some cases,
ALs’ grammar constraints are hindering requirements traceability with architecture models. In this paper, we consider grammar
constraints such as those barriers that ALs’ specifications apply to specify natural language from requirements. This is because
some ALs do not enable designers to specify open compound words from natural language requirements in architecture models.
Some ALs, such as Y_DON, MIND, or ARCHIMATE (those that best results achieve) enable designers to define the term with
spaces and special characters. Nevertheless, other ALs such as MODELICA, EAST-ADL, or ACME (those that achieve the
worst results) replace domain-specific terms’ spaces with a low bar, or directly remove the empty space by joining the words
which conform that term.

In order to illustrate this, we use the following requirement from a real-world train: "The PLC will disable the order of ’pan-
tograph equipment’s connection’ if the state of the knife switch is unknown, with the train in shutdown sequence". In that case,
’equipment’ is a domain-specific term that plays in a variety of industrial domains such as the aeronautic, automotive, medical,
nuclear, and railway domains, as well as many more. In addition, the domain-specific term ’knife switch’ is a compound word
that can be found in different ways depending on the architecture model, such as "knife switch", "knife_switch", or "knifeswitch".
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We strongly recommend researchers and practitioners take that into consideration, defining and considering a list of those
terms which can be simultaneously present in both domain-specific languages as in architecture model specification concepts.
Another recommendation perhaps less obvious but no less important is the fact that some ALs have grammatical constraints
which hinder requirement traceability with architecture models. For this reason, we recommend refining the initial architecture
models through patterns to achieve the change of requirements and traceability links. AL designers should not use words that are
domain-specific terms and architecture model specification concepts at the same time. In addition, AL designers should refine
the generated initial architecture models in order to delete AL constraints such as low bars or others.

Our results can help AL designers by providing them with which type of words play the same role on domain-specific terms
and on architecture model specification concepts (e.g., ’equipment’, ’door’, or ’signal receptor’, among others) in a way that
generates noise in the architecture models and that hampers the requirement traceability performance. Furthermore, our results
are relevant to researchers and practitioners by providing them with information about the differences among ALs (e.g., the
number of architecture definition concepts required to specify a particular model element in different languages). It enables
practitioners to make more informed decisions about ALs and to choose the one that best fits their needs in terms of requirements
traceability.

6 THREATS TO VALIDITY

In this section, we use the classification of threats to validity of61,62 to acknowledge the limitations of our work:
1. Construct Validity: This aspect of validity reflects the extent to which the operational measures that are studied repre-

sent what the researchers have in mind. In order to minimize this risk, we use objective and widely accepted measures
(Precision, Recall, F-Measure, Matthews Correlation Coefficient), which have been used before by other researchers in the
community63. Moreover, we performed a fair comparison among the architectural languages. We executed an independent
run for each of the 16 requirements for each of the 11 ALs considered for this study.

2. Internal Validity: This aspect of validity is of concern when causal relations are examined. There is a risk that the
factor being investigated may be affected by other neglected factors. The choice of the k value in the application of SVD
can produce sub-optimal accuracy when using LSI for software artifacts64. In order not to affect the comparison, we use
the same k value when performing requirement traceability in each of the architecture languages. Although evaluating
the influence of the k value could be relevant, it is out of the scope of this study. In addition, we take into account
reliability. This aspect is concerned with to what extent the data and the analysis are dependent on the specific researchers.
The requirements and architecture models of the trains used in our experiment were provided by our industrial partner’s
engineers, as well as the domain terms, which were crafted by domain experts who were not involved in this research.
Furthermore, the experience in the use of Architectural Languages (ALs) by a system architect modeler can impact the
results. All of the system architects of our industrial partner have more than 15 years of experience in the field. In order to
mitigate this problem, all of the system architects have reviewed all of the models. That is, each system architect verifies
that the models constructed by the rest of the team are well constructed and a good representation of the requirement.

3. External Validity: This aspect of validity is concerned with to what extent it is possible to generalize the findings and
to what extent the findings are of relevance for other cases. The architectural languages used in our research to model
the real-world CAF architecture are a diverse set of ALs used in the industry that can be applied to different domains. In
addition, the RTAL approach does not rely on the specific conditions of any domain. Nevertheless, our results should be
replicated with other case studies before assuring their generalization.

4. Conclusion Validity: This aspect is concerned with to what extent the data and the analysis are dependent on the specific
researchers. To avoid this threat, all of the inputs were provided by our industrial partner. Moreover, we used precision,
recall, F-measure, and MCC metrics to analyze the confusion matrix obtained in the evaluation. We also employed stan-
dard statistical analysis following accepted guidelines50 (Quade test, Holm’s post hoc analysis, and Vargha and Delaney’s
𝐴̂12).
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TABLE 4 Related Work Overview

From Requirements to Languages used Industrial Evaluation
Eaddy et al.71 Code C# NO
Shahid et al.65 Code Not specified NO

Al-Saiyd et al.72 Architecture UML NO
Zisman et al.66 Code UML Yes (Philips)
Sherba et al.67 Architecture Not specified NO
Abbors et al.68 Test cases UML, QML NO
Delater et al.69 Code UML, Java NO

Han, J.73 Architecture HTML Yes (NATS)
Cleland et al.74 Performance models Java NO

Bouquet et al.70 Test cases Not Specified Yes (Smart Card Industry)
This Work Architecture 11 ALs Yes (CAF)

7 RELATED WORK

Requirements traceability plays an important role in the Software Engineering Community65,66,67,68,69,70. In this section, we
summarize related works and compare this study with them with regard to the domain of Software Artifact Traceability. Table 4
presents a review of related works to requirements traceability. These works are classified in terms of target artifacts, languages
used, and industrial evaluation. First, we introduce the state-of-the-art of traceability among requirements and code, second,
we describe the state-of-the-art of traceability among requirements and architectures. Finally, we present the state-of-the-art of
traceability among requirements and other software artifacts such as test cases or performance models.

Some works focus on the traceability between requirements and source code. For instance, Eaddy et al.71 present a systematic
methodology for identifying which code is related to which requirement and a suite of metrics for quantifying the amount of
crosscutting code. In65, the authors present an approach for locating the traceability of functional requirements into artifacts
such as methods, classes, and packages. Delater et al.69 present an approach for tracing requirements and source code during
software development to satisfy the information needs of developers regarding requirements during development. Zisman et al.66
automate the generation of traceability relations between textual requirement artifacts and object models using heuristic rules.
However, these approaches deal with the traceability between source code and requirements. In contrast, our work recovers the
traceability between requirements and architecture models.

Other works address traceability among requirements and architectures. For instance, Al-Saiyd et.al72 describe the impact
of changing the requirements in the architectural software design based on risks and the corresponding affected areas of the
development systems. They explore the impacts of new or changing system requirements on existing and future system goals and
identify factors that may influence the software architecture design. Sherba et al.67 proposed an approach, TraceM, that is based
on techniques from open-hypermedia and information integration. TraceM manages traceability links between requirements
and architecture. TraceM enables the creation, maintenance, and viewing of traceability relationships in tools that software
professionals use on a daily basis. In73, the author proposes a tool for managing system requirements, system architectures, and
the traceability between them. The tool involves an underlying information model that captures the key concepts and relationships
of requirements engineering and architecture design. In contrast to these works, our work analyzes the influence of different
Architectural Languages on RTAL, considering a set of eleven ALs used by industry.

Finally, some works deal with recovering traceability links among requirements and other software artifacts. In68, the authors
present an approach for tracing product requirements across a model-based testing process, from informal documents via test
models to test cases, and back to requirements and test models. Cleland et al.74 address traceability by proposing a method
for establishing and utilizing traceability links between requirements and performance models. The approach identifies where
relationships exist between requirements and performance models and supports the process of analyzing the impact of a proposed
change upon the performance of the system through dynamic re-execution of requirement-dependent models. In70, an approach
to automatically produce the traceability matrix from requirements to test cases is presented. In contrast, we evaluate the influence
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of using the most popular ALs on RTAL, measuring the results based on four performance indicators, which include Precision,
Recall, F-measure, and Matthews Correlation Coefficient. Finally, we conclude by providing insights about how traceability
links recovery can be improved in requirements and architecture models.

8 CONCLUSION

Many Architectural Languages (ALs) can be found today4, each of which has the chief aim of becoming the ideal language for
specifying software systems architectures. In industrial scenarios, it is common to use different ALs to specify different software
systems. However, despite the popularity of different ALs, the question of how ALs influence software system maintainability
has not yet received much attention.

Motivated by this challenge, we have analyzed the influence of the ALs used by industry4 in one of the most commonly
performed activities during the software system maintenance phase: requirements traceability. Actively supporting traceability
is critical to the software engineering community in order to verify and trace non-reliable parts9 and to decrease the expected
defect rate in development software10.

We conducted an evaluation in the railway domain with our industrial partner CAF, a worldwide leader in railway man-
ufacturing. Requirements Traceability to Architecture Languages (RTAL) achieves the best results when the AL used is a
General-Purpose/Research Language. The next best results are achieved by those ALs that are classified as Extensible Archi-
tecture Description Languages. Those ALs that use more generic and domain-independent terms to specify their architectures
obtain better results during requirements traceability.

Our results can help AL designers by providing them with which type of terms play the same role on domain-specific and
on architecture model specifications in a way that generates noise in the architecture models and that hampers the requirement
traceability performance. Furthermore, our results are relevant to researchers and practitioners by providing them with infor-
mation about the differences among ALs enabling practitioners to make more informed decisions about ALs and to choose the
one that best fits their needs in terms of requirements traceability. As part of our future work, we are planning to explore the
influence of ALs on bug location.
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APPENDIX

A CHARTS WITH THE PRECISION AND RECALL RESULTS FOR EACH REQUIREMENT
FOR OUR REAL-WORLD CASE STUDY AND THE ELEVEN ALS
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FIGURE A1 Mean Precision and Recall for the CAF Case Study for AADL
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FIGURE A2 Mean Precision and Recall for the CAF Case Study for ACME
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FIGURE A3 Mean Precision and Recall for the CAF Case Study for ARCHIMATE
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FIGURE A4 Mean Precision and Recall for the CAF Case Study for EAST-ADL



BALLARIN ET AL 25

●

●
● ●●

●
●●

●●

●

●
●●

●●

0 20 40 60 80 100

0
20

40
60

80
10

0

Precision (%)

R
ec

al
l (

%
)

FIGURE A5 Mean Precision and Recall for the CAF Case Study for MIND
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FIGURE A6 Mean Precision and Recall for the CAF Case Study for MODELICA



26 BALLARIN ET AL

●

●

●

●

●●●

●

●

●

●

●●

●

●

●

0 20 40 60 80 100

0
20

40
60

80
10

0

Precision (%)

R
ec

al
l (

%
)

FIGURE A7 Mean Precision and Recall for the CAF Case Study for PCM
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FIGURE A8 Mean Precision and Recall for the CAF Case Study for SDL
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FIGURE A9 Mean Precision and Recall for the CAF Case Study for UML

●●

●

●

● ●● ●

●

●

●

●

●

●

●

●

0 20 40 60 80 100

0
20

40
60

80
10

0

Precision (%)

R
ec

al
l (

%
)

FIGURE A10 Mean Precision and Recall for the CAF Case Study for xADL
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