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¡ Improving Modularity with ReqAligner
§ Semantic Analyses
§ Sequence Assembly
§ Sequence Alignment
§ Recommendation of Refactoring

¡ Finding Concerns with REAssistant
§ Overview
§ Use Cases Editor
§ UIMA-Analyzer
§ Rule/Query-Based Engine
§ Concern Visualizer
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Fig. 10: Possible Alignment of Use Case Sequences

point. If so, the algorithm then backtracks the optimal
local alignment moving incrementally from the starting
point to a cell with a score of 0 (see the path of ar-
rows drawn on the table). The algorithm assures that
the chain obtained is the best local alignment between
the use cases (or at least, one of many optimal align-
ments). Finally, observing the arrow directions of Table
2b, the algorithm can determine if the alignment in-
serted an empty space or deleted some character from
the sequences. As a result of this observation, a visual
representation of the local alignment found is returned
(marked with bold characters and underlined):

Use Case #1 =
· ·OD·IS·OD·IS·ON·IE·IE·WC·

Use Case #2 =
WC·FC·OD·IS·OD·IS·ON·IE· ·WC·FC

Although the strategy of reducing use-case steps to
DAs works very well and makes the application of se-
quence alignment straightforward, our technique can-
not ignore the terms that constitute the sentences of
use-case steps. We need to be sure that the DAs ac-
tually represent the same behavior and operate over
the same “things”. To complement the abstraction intro-
duced by DAs, we apply simple Information Retrieval
techniques. We defined a text similarity function that
counts the number of repeated terms between two use-
case steps and allow the technique to compare two use
cases at a lexical level. To mitigate problems of syn-
onymy and textual noise, we previously applied stop-
words and stemming techniques [29]. The text similar-
ity function produces a number between 0.0 and 1.0,
where 0.0 indicates a low lexical coincidence, and 1.0 in-
dicates a high lexical coincidence between the use-case
steps. This function is integrated into the ReqAligner by

Fig. 11: Matching and Computing Scores with Sequence
Alignment

changing the original similarity computation of the SA
technique for a multiplication of the substitution ma-
trix and the text function. The end result of this change
is an attenuated version of the alignment values. Fig-
ure 11 shows how the similarity values are re-computed
in the optimal alignment previously introduced. This
time, the best local alignment achieves a similarity of
22.0, a little below than the 30.0 obtained without the
text function, but still enough to consider it a candidate
duplication of functionality.
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Fig. 9: Transforming a Textual Use Case into Sequences of Domain Actions
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– A = {a1, ..., am}, B = {b1, ..., bn} are sequences of
characters of length m and n, respectively
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schema for a gap of length k
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is the score for opening a gap and G
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for extending a the gap.

Once H is computed, a dynamic-programming algo-
rithm is used for backtracking the best local alignment.
To compute the pairwise alignment that actually gives
the optimal score, the entry with maximum score in
H is used as the starting point. From this place, the
algorithm compares its value with the three possible
sources (match/mismatch, insertion, and deletion) to
see where it came from. If it is match, then a

i

and b
j

are aligned, if it is deletion, then a
i

is aligned with a
gap, and if it is insert, then b

j

is aligned with a gap.
This comparison is made incrementally, navigating the

matrix from right to left and from bottom to top, un-
til a cell with a score of 0 is found. In general, if there
are more than one starting point, the algorithm applies
an heuristic that leads to one of the many alternative
optimal alignments.

The substitution matrix defines the similarity be-
tween two given characters. In our technique, the values
of the matrix are expected to tell whether two use-case
steps (specifically, their DAs) express the same behav-
ior. To determine the matrix values, we studied require-
ments specifications modeled with use cases from a vari-
ety of software domains, such as business (e-commerce),
financial, device-sensing and content-management sys-
tems. We assessed the analysts’ intentions at the time of
writing a specific functionality and how the pre-defined
DAs related to those intentions. Based on this knowl-
edge, we estimated the values for the substitution ma-
trix depicted in Table 1. Matching DAs (on the diag-
onal) received a maximum value of 5.0, whereas mis-
matching DAs received similarity values ranging from
4.0 to 1.0. Completely dissimilar DAs were assigned to
a score of 0.0. For example, the use-case steps labeled
with RS and RM DAs (which model single data re-
trieval and multiple data retrieval behaviors, respec-
tively) have a similarity of 4.0 (as marked in Table
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¡ REAssistant assists analysts in searching for 
concerns in textual use cases

¡ Implemented as a set of Eclipse plugins
¡ Uses simple and advanced NLP techiques

(POS-tagging, Lemmatization, DP, SRL, 
among others)

¡ Uses domain knowledge to label significant
concepts in requirement documents

¡ Provision of an Eclipse-Forms-based use case 
editor, supported by an EMF model

¡ Developed using UIMA as underlying 
architecture for textual processing
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¡ UIMA modules produce 
“annotations” that are 
stored in XMI (EMF 
compliant) files

¡ EMF/Query2 technology to search concerns
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