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Abstract: Requirement traceability is an important and costly task that creates trace links from requirements
to diﬀerent software artifacts. These trace links can help engineers reduce the time and complexity of software
maintenance. The information retrieval (IR) technique has been widely used in requirement traceability. It uses
the textual similarity between software artifacts to create links. However, if two artifacts do not share or share
only a small number of words, the performance of the IR can be very poor. Some methods have been developed to
enhance the IR by considering relations between target artifacts, but they have been limited to code rather than
to other types of target artifacts. To overcome this limitation, we propose an automatic method that combines the
IR method with the close relations between target artifacts. Speciﬁcally, we leverage close relations between target
artifacts rather than just text matching from requirements to target artifacts. Moreover, the method is not limited
to the type of target artifacts when considering the relations between target artifacts. We conduct experiments on
ﬁve public datasets and take account of trace links between requirements and diﬀerent types of software artifacts.
Results show that under the same recall, the precisions on the ﬁve datasets improve by 40%, 8%, 20%, 4%, and
6%, respectively, compared with the baseline method. The precision on the ﬁve datasets improves by an average of
15.6%, showing that our method outperforms the baseline method when working under the same conditions.
Key words: Requirement traceability; Information retrieval; Close relations; Target artifacts
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1 Introduction
Requirement traceability (RT) is deﬁned as “the
ability to describe and follow the life of a requirement, in both a forwards and backwards direction
(i.e., from its origins, through its development and
speciﬁcation, to its subsequent deployment and use,
‡
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and through all periods of on-going reﬁnement and
iteration in any of these phases)” (Gotel and Finkelstein, 1994). As a research direction of RT, traceability link recovery is a software engineering task
that deals with the identiﬁcation and comprehension of dependencies and relations between software
artifacts.
As an important link in software process management, RT plays a signiﬁcant role in ensuring
system quality and responding to changing requirements. With RT, software developers can discover
dependencies between artifacts, assess requirement
coverage, and calculate the impact of requirement
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changes. On one hand, RT is dedicated to helping
software developers do tracing analysis to determine
whether all low-level elements (such as design and
source code) have corresponding requirements. On
the other hand, it can be used for integrity analysis
and test coverage evaluation to determine whether
all requirements have been implemented and tested
accordingly (Hayes et al., 2005).
In this paper, we focus on the linkage between
requirements and various artifacts (such as use case,
design, and test case) to provide more support for
software development and maintenance activities.
With the increasing size and complexity of software systems, manual recovery and maintenance of
trace links are time-consuming and laborious. The
advantage of using information retrieval (IR) is that
it can automatically recover trace links through text
analysis. This is very helpful for solving traditional
requirement tracing problems such as heavy manual workload, diﬃcult maintenance, and being errorprone. However, a basic problem of IR is that the
textual similarity calculation is based on the keyword matching degree between two kinds of artifacts.
If the two artifacts (e.g., the requirement and the
source code) are heterogeneous, they may not share
a common vocabulary, synonyms, or the language
structure, and IR will miss the link.
Automatic tracing methods in this ﬁeld have
been studied a lot in recent years. For example,
strategies such as thesaurus utilization (Wang et al.,
2009; Leuser and Ott, 2010), project glossary (Zou
et al., 2010), phrasing (Zou et al., 2006, 2010), key
phrases (Chen and Grundy, 2011), and refactoring
(Mahmoud and Niu, 2013, 2014) have been used
to reduce the adverse eﬀects caused by inconsistent
terminology or missing, misplaced, and duplicated
signs in textual artifacts. Nevertheless, these strategies were used mainly for text processing of artifacts,
ignoring the consideration of the relations between
target artifacts.
Trace links exist widely between the requirements and diﬀerent types of software artifacts. These
artifacts contain, but are not limited to, software architecture documents, design models, source code,
test cases, and conﬁguration ﬁles. For example, understanding which requirements are covered by test
cases, i.e., requirement tracing in test cases, is an
important concern in the quality assurance of complex software systems. Capturing the traceability
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relationship between software requirements and design allows developers to check whether the design
meets the requirement and to analyze the impact of
requirement changes on the design. Some methods
are often limited to certain types of software artifacts or require speciﬁc preconditions. Therefore,
developers cannot easily apply them to general use.
This makes it a bit diﬃcult for developers to decide
which method can be adopted for their projects.
In considering the relations between the target
artifacts to enhance IR, the focus is on the code
(Panichella et al., 2013; Kuang et al., 2017). The
reason is that code is a structured document, and
there are some relations (e.g., inheritance, aggregation, and dependencies) among code. However, few
people analyze the relations between other types of
target artifacts, such as test cases. Since there are
dependencies between the code that can be used,
considering relations between other types of target
artifacts (such as test cases) can also be used. Therefore, we develop a method that has few limitations
and minimize the impact of diversity of target software artifacts. That is our contribution.
In this paper, we present a novel method by
using close relations between target artifacts to improve IR-based traceability link recovery. To the best
of our knowledge, there is no research to analyze the
relations between target artifacts other than code to
improve the IR model in RT tasks. First, we use
the IR method to create candidate links. Then, we
apply the “bonus” value to some trace links, and the
target artifacts in these trace links are closely connected with the target artifacts in the correct trace
links. We apply this method to ﬁve open datasets,
and experimental results show that the precisions on
EasyClinic, CM1-NASA, Pine, GANNT, and iTrust
are increased by 40%, 8%, 20%, 4%, and 6%, respectively, with the same recall value. The precision
on the ﬁve datasets improves by 15.6% on average,
showing that this method can eﬀectively improve the
performance of the IR model.

2 Background
2.1 IR-based method
IR refers to a type of technique used to
compute textual similarities among diﬀerent documents. The textual similarity is computed using the
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occurrence of terms in the documents. If two documents share a large number of terms, those documents are considered to be similar. There are a number of IR methods studied in the automated tracing
literature, including the vector space model (VSM)
(Hayes et al., 2006), latent semantic indexing (LSI)
(Marcus and Maletic, 2003), and probabilistic model
(PM) (Antoniol et al., 2002). In the VSM, each
document is represented as a vector of terms. The
similarity of two documents is calculated based on
the angle between each document’s vector. For example, the similarity may be the cosine of the angle
between the vectors. LSI determines the degree of
correlation by analyzing the implicit “semantic correlation” between texts. This method improves the
vector space model to capture not only the semantics
of individual words, but also the semantics of sentences, paragraphs, and the whole literature, instead
of focusing on the original literal word description.
The PM uses document and query related probabilities to calculate document similarity and query
similarity, respectively.
In conclusion, although these algorithms can automatically analyze the text, establish the candidate
trace links, and reduce human labor, there are a large
number of natural language descriptions in the software artifacts; that is, accurate lexical, syntax, and
semantics are still facing huge challenges. Therefore,
how to improve the IR method has become the focus
of research.
2.2 CRT-based method
In software engineering, there is an association
between target artifacts (such as use cases) derived
from the same requirement. For some textual artifacts (with a certain form of structure), such as
source codes and use cases, as we know, there are relations of inheritance and aggregation among source
codes that implement the same requirement, and
relations of generalization and inclusion among use
cases that implement the same requirement. All of
these textual types of target artifacts can be preprocessed to convert them to the natural text form.
Moreover, the relation between the target artifacts
does not disappear with the pre-processing. The associations that still exist between the various types
of target artifacts are collectively referred to as close
relations. In fact, we can think of this close relation
as representing a semantic connection between the
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two target artifacts.
Later, we also calculate the semantic similarity
between the two target artifacts to indicate whether
there is a close relation between them. In other
words, there is a close relation between the target
artifacts that implement the same requirement. Our
goal is to discover and use the close relations between
the target artifacts (called the CRT-based method)
to contribute to the tracing task.
Embedding (also known as distributed representation) is a technique for learning vector representations of entities (such as words, sentences, and images), in which similar entities have vectors that are
close to each other. Word embedding can be used
to convert a word into a ﬁxed-length vector representation for easy mathematical processing. Words
with similar contexts have similar meanings and similar vector representations. The word embedding
technique has been widely used to solve the semantic similarity matching problem. Combining the IR
technique with word embedding techniques, the candidate list obtained from IR is re-ranked after considering the close relations between target artifacts.
This can eﬀectively improve IR-based requirement
traceability.

3 Approach
In this section, we describe a method for trace
link recovery combining the IR method and close
relations between target artifacts (called IR_CRT).
We conjecture that the close links in target artifacts
are transitive for traceability recovery. If a close link
exists between two target artifacts, and a textual link
(from an IR method) exists between a source artifact
and one of the target artifacts, then we conjecture
that a link exists from the source artifact to both
target artifacts. In practice, a method combining
IR and semantic information detects the transitive
relations and assigns a bonus to the textual similarity
of those relations (Panichella et al., 2013).
The traceability L is expressed as a set of trace
links L= {l1 , l2 ,· · · , ln }, and each trace link li is a
three-tuple src, tgt, sim, where src is a source artifact, tgt is a target artifact, and sim is the similarity
degree between src and tgt. The requirement region
identiﬁes all target artifacts that trace to a given
requirement. Fig. 1 is a description of requirement
traceability and the requirement region.
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3.1 CRT graph and requirement region
We represent the close relations between target artifacts of a software system as a close graph
(CRTG). When the close relations between our target artifacts have been calculated, formally, let G(T,
E) be the graph of close relations between target artifacts, where T = {t1 , t2 , ..., tn } is the set of nodes
(target artifacts) and E = {e1 , e2 , ..., em } is the
set of edges. Each edge (ti , tj ) ∈ E represents a
close relation. Let S = {s1 , s2 , ..., sp } be the set
of source artifacts (e.g., use cases) and L = {l1 , l2 ,
..., lk } the set of links. Each link (si , tj ) ∈ L (si ∈
S and tj ∈ T ) represents a candidate link obtained
by IR. Fig. 2 depicts an excerpt of the CRTG of an
EasyClinic system, which is provided by the CoEST
community (http://www.coest.org/). Research has
found that requirements are usually implemented in
connected areas of a CRTG and these connected areas are called requirement regions (Burgstaller and
Egyed, 2010). The requirement region (highlighted
in gray in Fig. 2) identiﬁes all test cases (TC) that
implement the requirement UC7 (here UC means use
case) of the EasyClinic system.
If there is a link between the target artifact T1
and the source artifact S1 , several of the close (most
semantically similar) target artifacts to the target
artifact T1 (in CRTG, close to T1 ) will be given an
additional bonus, and the similarity value will be recalculated to make these target artifacts more traceable to S1 . For example, in Fig. 2, there is a link
between the target artifact TC51 and the source artifact UC7 ; the similarity values between TC53 and
UC7 , and between TC57 and UC7 related to the semantics of TC51 will be recalculated to improve the
ranking of the correct link (TC53 , TC57 ) in the candidate link. Conversely, all target artifacts with the

TC53
Target artifact

TC57
Req. region

...
Close relation

Fig. 2 Excerpt of CRTG for EasyClinic (requirement
region for UC7 is highlighted in gray)

closest semantic relations to the target artifact are
not traceable when the target artifact has a high
possibility of not tracing to the source artifact. The
target artifact TC100 , in Fig. 2, is an example.
3.2 Candidate list generation and re-ranking
Our method consists mainly of three steps
(Fig. 3).
First, a traditional IR-based traceability recovery method is used to generate an original candidate
list of traceability for each requirement Ri . To
recover trace links with IR-based approaches, we
perform a few standard document pre-processing
steps (normalizing), such as removing stop words
(like “a,” “an,” and “the” that have no real meaning),
punctuation, and particular words (unique to a
dataset, such as EasyClinic). When the type of
target artifact is code, some identiﬁers named
according to the camel’s hump rule are also cut
into separate words. To eliminate the diﬀerences
between the writing styles of source and target
artifacts, CoreNLP is used to extract the word stem
and restore the word form. The pre-processing code
snippet is shown in Fig. 4. These pre-processing
steps also provide support for the subsequent use
of word embedding to calculate the similarity
between the target artifacts. Then, we use the
VSM to calculate the similarity values of the
source artifact and the target artifact to generate
the candidate trace link. These commonly used
algorithms often replace each other; however, in
terms of ease of use, the VSM is used. Therefore, this experiment is based on the VSM to
obtain the candidate list. Here, we use RETRO
(https://opensource.gsfc.nasa.gov/projects/RETRO)
(Hayes et al., 2007), a tool that integrates VSM
algorithms, to generate a list of tracing candidates.
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Fig. 3 Candidate list generation and re-ranking process
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public class EmailUtil {
private DAOFactory factory;
public EmailUtil (DAOFactory factory) {
this.factory=factory;
}
public void sendEmail (Email email) throws DBException {
factory.getFakeEmailDAO().sendEmailRecord(email);
}
}
1. Original artifact
Pre-processing

Code snippet document:
Email Util DAO Factory factory Email Util DAO Factory factory
factory factory send Email Email email Factory get Fake Email DAO
send Email Record email
2. Normalized artifact

Fig. 4 Data pre-processing demonstration

Second, for each Ri , we generate a candidate
list cl through the IR-based traceability recovery
method. The target artifacts in cl are sorted according to the similarity values from high to low.
We need to cut the ranked candidate list cl to form
the initial requirement region. Here, we select the
ﬁrst cut percentage needed for the experiment. This
is the cut percentage of the requirement region. Usually, cut-point or threshold based strategies can be
adopted to cut the list. The ﬁrst category cuts the
ranked list regardless of the similarity values by using a constant k or a variable k% (called cut percentage). The second category uses a threshold ξ on a

similarity value and only the pairs of artifacts having
a similarity value greater than or equal to ξ will be
retrieved. Constant threshold (e.g., ξ=0.70) or scale
threshold (i.e., ξ=c·MaxSimilarity, where 0≤c≤1)
is commonly used for this strategy. Each outsideregion target artifact (the target artifact outside the
initial requirement region) is obtained through the
inside-region target artifacts (the target artifacts inside the initial requirement region) and the CRTG.
Word embedding is a technique that can be used
for computing semantic similarity between texts, and
it can be used for estimating whether there is a close
relation between target artifacts in a project. A wellbehaved word embedding model often needs a large
number of corpus-related ﬁelds to train it. Given
that our target artifacts cover many areas, such as
medicine and aeronautics, we use generic domain
word embedding models, such as word2vec. The
main idea of word2vec is to train a model according
to the context of each word so that similar words
will have similar numerical representations. The
word2vec embedding model used here was trained
using the Google Negative News text corpus (about
100 billion words, containing 300-dimensional vectors for three million words and phrases). It is
a general domain corpus. Because of the limitation of datasets, no domain-speciﬁc corpus can be
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obtained. In the above work, we have pre-processed
the datasets, taking the pre-processed datasets as
the input of the embedding model, and the output
is the similarity value between target artifacts. For
each Tj , through word embedding, we can obtain
the close relation list sl ranking from high to low in
similarity value. For Tj , we assume that the top k%
links of its close relation list are closely related to
Tj . We also need to cut the ranked candidate list sl
to form the CRTG. Here, we select the second cut
percentage needed for the experiment, which is the
cut percentage of the CRTG.
Third, for each Ri , inside-region target artifacts are directly added to a new candidate list,
and the outside-region target artifacts are re-ranked
(Algorithm 1) by considering whether to increase
a bonus. Then we add the candidate trace links
with recalculated similarity value to the new candidate list. The size (measured as the diﬀerence between the maximum and minimum similarity values)
of the ranked list can sensibly diﬀer from one system to another, or when tracing diﬀerent types of
artifacts. For this reason, we propose an adaptive
bonus that is proportional to the median variability
of the similarity values computed for each software
artifact. More precisely, we set the adaptive bonus
as δ = median {vi , vi+1 , ..., vn } where a generic vi
value denotes the variability of the similarity value
of the ith artifact, i.e., vi = (maxi − mini )/2, where
maxi and mini are the maximum and minimum similarity values of the ith source artifact, respectively
Algorithm 1 Re-ranking the original candidate list
Input: Original candidate list
Output: Re-ranked candidate list
1: i ← 1 // i means the position of a trace link in the
// candidate list
2: while not (end of List) do
3:
Obtain the top k % links (s, tj ) in position i of
List
4:
for all tp ∈ T do
5:
if (tj , tp ) ∈ E then
6:
Sim(s, tp ) ← Sim(s, tp ) + δ· Sim(s, tp )
// Each edge (ti , tj ) ∈ E represents a close
// relation
7:
end if
8:
end for
9:
i← i + 1
10: end while
11: Re-ranked List
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(Panichella et al., 2013). With respect to the constant bonus, the proposed approach takes into account the variability of the ranked list. The new
candidate list is a re-ranking of the original candidate list.

4 Evaluation
To ﬁnd out whether we can improve the eﬃciency of the IR method by leveraging close relations
between target artifacts, we propose the following
research questions:
RQ1: What is the best setting for our method
(such as the size of the initial requirement region)?
RQ2: Whether our method is generic to create
links from requirements to x (x can be test cases,
designs, code, etc.) without considering what type
of artifact the target is?
To answer these questions, we design two groups
of experiments. Table 1 shows the characteristics of
the considered software systems in terms of type and
number of source/target artifacts. Table 1 also reports the number of correct links between diﬀerent
types of source and target artifacts. Such information (that we use as an oracle to evaluate the accuracy of the proposed traceability recovery methods)
is derived from the traceability matrix provided by
the original developers.
To respond to the ﬁrst research question, we undertake two steps. First, we need to select a dataset
at random, and then use the RETRO tool (using
VSM with TF-IDF weighting) to generate candidate
trace links for artifact pairs. Second, we need to set
the two cut percentages required by our program as
1%, 3%, 5% of the original requirement region and
5%, 10%, 15% of the CRTG respectively, and then
conduct random combination to generate a total of
nine sets of experimental results. For the second research question, we also undertake two steps. First,
as mentioned earlier, candidate links are obtained
using the IR method. Second, according to the results of the ﬁrst experiment, the best setting of the
method is selected for the experiment.
The performance of IR-based traceability recovery methods is usually measured using two metrics,
recall and precision. Recall is the ratio of the number
of links that are successfully retrieved to the number
of links that are relevant. Precision is the ratio of
the number of links that are successfully retrieved to
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Table 1 System information
System

Source artifact
(number of source artifacts)

Target artifact
(number of target artifacts)

Number of correct links

EasyClinic
CM1-NASA
Pine
GANNT
iTrust

UC (30)
Req. (235)
Req. (49)
HR (17)
UC (36)

TC (63)
Design (220)
UC (51)
LR (69)
CC (106)

63
353
250
68
174

UC: use case; TC: test case; HR: high-level requirements; LR: low-level requirements; CC: class code

the number of all retrieved links (Armstrong, 2013):
|{relevant_links} ∩ {retrieved_links}|
,
|{relevant_links}|
(1)
|{relevant_links} ∩ {retrieved_links}|
Precision =
.
|{retrieved_links}|
(2)
To further measure the overall quality of the experimental results, we select another two commonly
used metrics: AP (average precision) and MAP
(mean average precision) (Dietrich et al., 2013). AP
measures how well relevant documents of all queries
(requirements) are ranked to the top of the retrieved
links, and it is computed as follows:
N
Precision (r) · isRelevant (r)
,
(3)
AP = r=1
|RelevantDocuments|

5.1 RQ1—determining the best setting of the
IR_CRT method

Recall =

where r is the rank of the target artifact in a ranked
list of links, isRelevant() is a binary function assigned
“1” if the link is relevant and “0” otherwise, Precision() is the precision computed after truncating the
list immediately below that ranked position, and N
is the total number of documents. When multiple
links are listed for a single similarity value (e.g., at
similarity of zero), the links are evenly distributed
across the space of that score, simulating their random distribution. MAP is the mean of the AP scores
over a set of queries (requirements), and it is computed across all queries as follows:
Q
q=1 AP
MAP =
,
(4)
Q
where q is a single query and Q is the total number
of queries.

5 Results
The method mentioned in Section 3 is implemented and several common metrics in IR, like precision, recall, and MAP, are used for evaluation.

We need a setting for our method, such as the
size of the initial requirement region (the value for
variable k%). Our method is called IR_CRT (k1 %
& k2 %), where IR indicates the underlying information retrieval method, and k1 and k2 are the cut
percentages for requirement region and CRTG respectively. For example, the method IR_CRT (1%
& 1%) means that the IR method is adopted, the
initial requirement region is the top 1% of the candidate list generated by IR, and the CRTG is the top
1% of the close relation candidate list by word2vec.
Here, VSM is used as the underlying IR method to
automatically generate trace links for the dataset
(EasyClinic). Figs. 5 and 6 show the precision–recall
curves and MAP values at diﬀerent values of cutpoint variable (k1 % & k2 %) on EasyClinic, respectively. The ﬁgures show that the results obtained
by our method are superior to those of IR regardless of the combination of the cut percentages for
our method. However, to verify the validity of our
method on diﬀerent datasets, we select the best performing combination, namely, 5% & 10%. Hereafter,
(5% & 10%) is adopted for further experiments. Generally, the setting of this method depends on the size
and quality of datasets. Although some cut percentages can be recommended, we need to conduct
experiments to tune the cut percentages for the best
performance in diﬀerent situations.
5.2 RQ2—verifying that the IR_CRT
method is not limited to the target artifact
type
In the second experiment, we add four diﬀerent types of datasets of target artifacts (low-level requirements, code, design) and compare our method
(IR_CRT (5% & 10%)) with the IR method. For
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Fig. 6 MAP values of IR_CRT at diﬀerent cut percentage values on EasyClinic
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Fig. 5 Precision–recall curves on EasyClinic: (a)
IR_CRT at diﬀerent cut percentage values; (b)
IR_CRT (1% & 5%) versus IR

the sake of fairness, these two methods adopt the
same IR method VSM. Fig. 7 shows the comparison of MAP values between IR_CRT and the baseline method. Fig. 8 shows the comparison of the
precision–recall curves between IR_CRT and IR.
Speciﬁcally, from Fig. 7, the ranking quality obtained
by the IR_CRT (5% & 10%) method is superior
to that by the baseline method. For the GANNT
dataset, the MAP values of IR_CRT (5% & 10%)
and IR are 0.59 and 0.57, respectively. From Fig. 8,
it can be seen that the highest value of the IR_CRT
precision improvement is 39.24% (at the 100% recall
on the Pine dataset) compared with IR.
For the iTrust dataset, its target artifact is
code, and then we reproduce the O-CSTI (optimistic
combination of structural and textual information)
(Panichella et al., 2013). O-CSTI (the target artifact
can only be code) uses an IR method to locate a set
of initial trace links, and then extends that set using the structural information. However, only struc-

Dataset

Fig. 7 MAP values of IR versus IR_CRT (5% & 10%)
on diﬀerent datasets

tural information is considered when the traceability
links from the IR method are veriﬁed by developers
and classiﬁed as correct links. Although this method
can improve accuracy, it requires extra manpower
and degrades the automation of the tool. Moreover,
from the experimental results of iTrust, our method
performs better.
As we can see, this method improves less on
the iTrust dataset than the other four. The core of
this method is to improve the initial candidate list
by ﬁnding the close relations between the target artifacts. The word embedding technique is used to
calculate the close semantic relations between target
artifacts; however, for diﬀerent types of target artifacts, the calculation results of word embedding are
diﬀerent.
The word embedding technique usually performs well when it is used to calculate similarity between textual documents. Compared with
code (with some syntax and structure), the word
embedding technique performs better in calculating
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Fig. 8 Comparison of the precision–recall curves of IR versus IR_CRT (5% & 10%): (a) CM1-NASA; (b)
Pine; (c) GANNT; (d) iTrust (since the type of its target artifact is code, we also add the O-CSTI result for
comparison)

the close relations between textual documents in a
natural language. For source code, many programming language reserved words do little to calculate
close relations between code. There are also some abbreviations and custom variable names in code that
need to be pre-processed. Moreover, the structural
information between the code is richer. When the
source code is treated only as a natural language
text, part of the semantic information of the source
code is lost. On the contrary, for requirement documents and test cases, most of which are made up of
natural languages, the word embedding results will
be better, for the ﬁnal precision and recall values.
As the results show, the IR_CRT method can
eﬀectively improve the performance of the IR model.
As an example of the source artifact UC7 in the EasyClinic dataset, Table 2 describes the top 10 target artifacts’ re-ranking process. According to the combination of cut percentages 5% and 10%, the initial requirement region is {TC51 , TC56 }, CRTG={{TC51 ,
TC53 , TC56 , TC55 , TC52 , TC54 }, {TC56 , TC57 ,

TC51 , TC53 , TC55 , TC54 }}, namely, E={(TC51 ,
TC51 ), (TC51 , TC53 ), (TC51 , TC56 ), (TC51 , TC55 ),
(TC51 , TC52 ), (TC51 , TC54 ), (TC56 , TC56 ), (TC56 ,
TC57 ), (TC56 , TC51 ), (TC56 , TC53 ), (TC56 , TC55 ),
(TC56 , TC54 )}. The results show that the trace
links, which are ranked 8th and 9th , rise to 6th and
7th after re-ranking, respectively.

6 Discussion
In the RT, IR is often used to automate the creation of trace links. This can reduce a lot of labor
and time. However, the results are often not so satisfactory, so there is a lot of research on improving IR.
In this paper, we improve the preliminary ranking
lists of IR by leveraging close relations between the
target artifacts, and the experimental results suggest
that this method can eﬀectively improve the IR performance from the perspective of the three metrics
(precision, recall, and MAP).
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Table 2 An example of the re-ranking part of the target artifacts of UC7 (EasyClinic)
Source
artifact

Target
artifact

Similarity
score (initial)

Ranking
(initial)

Similarity
score (recalculated)

Re-ranking

isTrace

UC7
UC7
UC7
UC7
UC7
UC7
UC7
UC7
UC7
UC7

TC51
TC56
TC55
TC54
TC52
TC58
TC62
TC53
TC57
TC60

0.320 63
0.289 95
0.286 59
0.282 88
0.279 67
0.273 86
0.273 27
0.271 60
0.232 51
0.041 22

1
2
3
4
5
6
7
8
9
10

0.423 433 596 9
0.382 916 668 5
0.378 479 351 7
0.373 579 814 4
0.369 340 592 1
0.273 86
0.273 27
0.358 683 108
0.307 059 681 3
0.053 586

1
2
3
4
5
8↓
9↓
6↑
7↑
10

×
×
×
×
×

×
×

UC: use case; TC: test case; ×: trace link

6.1 Related work
To improve the accuracy of the IR-based traceability recovery method, the current main idea is
from the perspective of lexical analysis, such as text
pre-processing (Zhao et al., 2017) and the IR model
(Ghannem et al., 2017). Despite these advances,
no single IR method has been shown to consistently
have the highest performance for traceability (Abadi
et al., 2008; Oliveto et al., 2010; Gethers et al., 2011).
In addition to these technical improvements,
other related work has concentrated on the characteristics of the target artifacts in traceability. The
most studied is that when the target artifact is
code, the dependency between code should be considered to improve the performance of the IR model.
Panichella et al. (2013) proposed an algorithm, optimistic combination of structural and textual information, called O-CSTI, which uses an IR method to
locate a set of initial trace links, and then extends
that set using the structural information. The similarity in each link is increased by adding a bonus δ
if there is a relation between the class in the current
link and other classes. Based on O-CSTI, the method
UD-CSTI proposed by Panichella et al. (2013) introduces user feedback and code dependency analysis into IR-based requirement-to-code traceability
recovery. Although these methods can improve accuracy, they require extra manpower and degrade
the automation of the tool.
Based on the related work, we have proposed a
new method (called IR_CRT) combining IR techniques and close relations between target artifacts,
which considers any type of target artifact and thus
has a kind of universality. In other words, our

method is more applicable. The target artifact of
RT includes, but is not limited to, source code; it
can also be use cases, test cases, design, and so on.
Moreover, the method is fully automated and requires no human intervention. Experimental results
showed that our method is superior to the baseline
method.
To support traceability, several tools have been
introduced, including ADAMS Re-Trace (de Lucia
et al., 2005), RETRO (Dekhtyar et al., 2007; Hayes
et al., 2007; Hayes, 2012), Poirot (Lin et al., 2006),
Tracter (Mahmoud and Niu, 2011), and TraceLab
(Keenan et al., 2012). Each of these tools has a
substantial code base, test cases, and sometimes user
stories or requirements, design, etc. For ease of use
and accessibility, we experiment with RETRO, which
provides the original list of candidates for the ﬁrst
step of the experiment.
Recently, there has also been some seminal work
on traceability. For example, Guo et al. (2017) introduced a method which uses deep learning to incorporate requirement artifact semantics and domain
knowledge into the tracing solution. Unfortunately,
because of the limitations of the obtained datasets
(diﬃcult to acquire large corpora), such methods
cannot be applied in practice. Du et al. (2020) proposed an active learning method to train a predictive tracing link model with less information, which
greatly reduced the manpower.
6.2 Threats to validity
Some threats could potentially limit the validity
of our experiments.
First, a possible threat to the validity of
this method is the quality and size of the initial

Wang et al. / Front Inform Technol Electron Eng

requirement region. Low quality of artifacts and
unsuitable IR techniques could negatively aﬀect the
ranking of the candidate list. In addition, the strategy (cut-point based or threshold based) for cutting
the list has an impact. Diﬀerent values for cut-point
or threshold will lead to diﬀerent sizes of the initial requirement region. In view of this threat, some
low-quality artifacts can be enhanced by using thesaurus, query extension, the Rocchio algorithm, and
other techniques. On the basis of good quality of the
artifacts, diﬀerent IR techniques such as VSM, LSI,
and PM can be applied to carry out experiments.
When selecting a cut percentage to form the initial
requirement region, experiments were carried out on
multiple datasets, and the current optimum was selected for subsequent experiments.
Second, a possible threat to the validity of our
method is the quality of close relations ranking between target artifacts. The inclusion of irrelevant
texts in artifacts in pre-trained word embedding
models can lead to inaccurate and incomplete ranking results. To cut the irrelevant text in the artifacts, we need to take more pre-processing to solve
the problems of synonyms, polysemy, and reserved
words. There is still room for improvement in the
accuracy of the embedded model proposed in this
paper. Because of the limited datasets in hand at
present, a general domain model was temporarily
used to calculate the close relations. In future, we
will use more datasets to train speciﬁc domain models to improve the quality of close relations ranking
between target artifacts.
Third, a possible threat to the validity of our
method is the selection of evaluated systems. We
evaluated several medium-sized systems. However,
it is hard to estimate the performance of our method
for large systems. The method has not yet been validated on large datasets because the datasets available so far are of medium size. Some large datasets,
such as industrial ones, are temporarily unavailable.
In future work, we will use some large systems to
verify this method.

7 Conclusions
For requirement traceability recovery, pure IRbased methods (which measure only the textual similarity of two artifacts) have hit a bottleneck. In this
paper, we have proposed a new method, IR_CRT,
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to generate trace links automatically via combining
IR techniques and close relations between target artifacts. Besides textual similarity, the close semantic
relations between target artifacts have been considered. An empirical evaluation conducted on ﬁve
software systems suggests that our approach outperforms the baseline method. The advantages of
this method are that it can eﬀectively improve the
performance of the IR model without considering
the type of the target artifact (not limited by the
datasets) and without the need for additional labor
(fully automated).
In future work, we will generate trace links
across artifacts using close relations between target
artifacts, not just target artifacts of the same type.
At the same time, we will apply this method to more
datasets of diﬀerent sizes to prove the eﬀectiveness
of the method.
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