Reverse Engineering Variability from Natural Language
Documents: A Systematic Literature Review
Yang Li, Sandro Schulze, Gunter Saake
Otto-von-Guericke Universität Magdeburg, Germany
{yang.li,sandro.schulze,saake}@ovgu.de

ABSTRACT

1

Identifying features and their relations (i.e., variation points) is crucial in the process of migrating single software systems to software
product lines (SPL). Various approaches have been proposed to perform feature extraction automatically from different artifacts, for
instance, feature location in legacy code. Usually such approaches
a) omit variability information and b) rely on artifacts that reside
in advanced phases of the development process, thus, being only
of limited usefulness in the context of SPLs. In contrast, feature
and variability extraction from natural language (NL) documents
is more favorable, because a mapping to several other artifacts is
usually established from the very beginning. In this paper, we provide a multi-dimensional overview of approaches for feature and
variability extraction from NL documents by means of a systematic
literature review (SLR). We selected 25 primary studies and carefully evaluated them regarding different aspects such as techniques
used, tool support, or accuracy of the results. In a nutshell, our key
insights are that i) standard NLP techniques are commonly used,
ii) post-processing often includes clustering & machine learning
algorithms, iii) only in rare cases, the approaches support variability extraction, iv) tool support, apart from text pre-processing is
often not available, and v) many approaches lack a comprehensive
evaluation. Based on these observations, we derive future challenges, arguing that more effort need to be invested for making
such approaches applicable in practice.

Software product Line Engineering (SPLE) has been proposed as a
large-scale development methodology that enables the efficient
development of related software systems from a common set of
core assets in a prescribed way [31, 32]. The resulting software
product line (SPL) then comprises a set of software-intensive systems
that can be distinguished by their commonalities and differences
in terms of features. A feature in this context is a user-visible
increment in functionality [4]. Based on (de-)selecting features,
a particular variant can be tailored and generated based on the
developed core assets.
Usually, software development does not start with an SPLE approach, because a) it induces high upfront costs (e.g., domain analysis) and b) it is mostly unclear whether a vast amount of variants is
needed. Hence, traditional development approaches are preferred
with ad-hoc mechanisms used to introduce variability. In particular, it is common practice in industry to apply Clone&Own (CAO),
that is, replicating an existing system and adapting it according to
the new requirements [12, 35]. However, while this ad-hoc practice comes with low effort and is easy to use, information about
commonalities and differences amongst the cloned systems is lost,
thus, impeding the maintenance and evolution of the typically large
number of variants. At some point, the aforementioned procedure
becomes impractical, and thus, an SPLE approach is introduced, either using a reactive or extractive migration strategy [24]. A crucial
point during this transition is to identify features and the variation points among them, i.e., how they relate to each other (e.g.,
alternative features or exclude/require relation between features).
Especially for legacy systems that have been evolved over years, it
is non-trivial to extract this information, and thus, automation is
needed to support this step. Hence, reverse engineering techniques
such as feature location and extraction are typically used to support
the migration process.
While feature location has been subject to intensive research [11],
their applicability for reverse engineering in an SPL context has
two crucial limitations:
(1) Existing feature location techniques predominantly focus
on single software systems, while information about variation points is missing. Hence, the extracted information is
insufficient for migrating to a SPLE process.
(2) Since existing techniques focus solely on source code, additional effort may be required for feature extraction of
other artifacts (e.g., requirements, models, documentation)
due to missing traceability links from the source code.
We argue that these limitations can be cured by focusing on software
requirements specifications (SRS) as primary artifact for feature and
variability extraction. Due to considerable progress in natural language processing (NLP), a variety of information, including variation
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INTRODUCTION

points, can be extracted from such requirements, thus, addressing
limitation 1. Moreover, requirements are the initial development
artifact and usually traceability links to all other artifacts in later development phases, such as source code or test cases, are maintained.
Hence, by extracting variability information from SRS documents,
we can exploit these links for mapping of feature and variability
information to other artifacts, thus, resolving limitation 2.
In this paper, we investigate the current state-of-the-art of feature
and variability extraction from natural language (NL) documents
by means of a comprehensive literature survey. To this end, we
not only focus on existing techniques that have been adopted for
SPLs, but also on the maturity of these approaches, that is, to what
extent they could be applicable in practice. In particular, we make
the following contributions:
• A comprehensive study of existing reverse engineering
approaches, used input formats, employed NLP techniques
and further algorithms for feature & variability extraction.
• A qualitative analysis regarding multiple criteria, such as
accuracy, completeness, and their evaluation, which allow
to compare the reviewed approaches at a reasonable level
of detail.
• We provide key observations, identified within our detailed
comparison, and derive shortcomings and challenges that
are beneficial to identify future research directions.
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NLP IN A NUTSHELL

NLP is a way for computers to analyze, understand, and derive
meaning from human language. By utilizing NLP, developers can
organize and structure knowledge to perform tasks such as automatic summarization, translation, or relationship extraction. We
briefly introduce how NLP techniques are generally used, with a
specific focus on feature identification and variability extraction in
SPLs. The general process is shown in Figure 1.
As a first step, NL documents are transformed into types of words
that can be identified and analyzed easily by computers. This step is
called Text Pre-processing. In particular, NL documents are divided
into words, phrases, symbols, or other meaningful elements (e.g.,
using tokenization). Additionally, these elements can be tagged
with their type of word (e.g., noun, verb, object, etc.) using Part-ofSpeech tagging (PoS tagging). In addition, stop words which usually
refer to the most common words in a vocabulary (e.g., ”the”, ”at”)
are removed in this phase, as they lack any linguistic information.
A second (optional) step is Term weighting which can be adopted
to estimate the significance of terms in NL documents by calculating
the frequency of their occurrence in different NL documents. For
instance, Term Frequency-Inverse Document Frequency (TF-IDF)
and C-NC value are two commonly used techniques. With TFIDF, the term is considered important if it appears frequently in a
document, but infrequently in other documents. C-NC value is a
more sophisticated statistical measure which combines linguistic
and statistical information.
Another optional step is Semantic Analysis that is typically used
to gain semantic information. Several techniques can be employed
in this step, for example, Vector Space Model (VSM) and Latent
Semantic Analysis (LSA) are widely used to conduct a semantic
analysis. With VSM, preprocessed documents are represented as

Figure 1: General process for applying NLP techniques in
reverse engineering variability from NL documents.

vectors. Through calculating the cosine between the vectors, similarity between documents can be determined. LSA utilizes a termdocument matrix to analyze the similarity of documents and can
be combined with Singular Value Decomposition (SVD) to reduce
the dimension of the textual documents.
Additionally to the NLP process, the transformed data can be further analyzed by a post-processing step in order to identify features
and extract variability information. Certainly, various methods
can be used in this step, such as, Clustering Approaches and Association Rule Mining. Cluster approaches are adopted to group
similar features with a feature being a cluster of tight-related requirements. Association rule mining is used to discover affinities
among features across products, and to augment and enrich the
initial product profile. After post-processing, various outputs can
be obtained, such as, a feature list or feature model.

3

REVIEW METHODOLOGY

A systematic literature review (SLR) is an accepted method for evaluating and interpreting all available research relevant to a particular
research question, topic area, or phenomenon of interest [23]. In
particular, we apply the proposed guidelines by Kitchenham et
al. [23] in order to identify, classify, compare, and evaluate existing
techniques for reverse engineering variability from natural language documents. In this section, we provide information about all
steps we performed for planning the review.

134

3.1

Need for a Review

In recent years, the application of NLP techniques for aiding the
software engineering process by reverse engineering information
from several artefacts has been increased considerably. Our literature review aims to complement recent efforts by providing an
overview of how NLP techniques are used to infer features from
NL documents [6]. In particular, we extend the review by Bakar et
al. by a) focussing also on how variability information is extracted
and b) by a comprehensive qualitative evaluation of the approaches
regarding aspects such as accuracy, automation, and tool support.
As a contribution, we provide detailed insights for both, researchers
and practitioners, in the current state and maturity of extracting
detailed variability information from NL documents. Moreover, we
not only highlight promising approaches, but also identify gaps and
formulate derived challenges that have to be addressed in future,
thus, paving the way for more efforts in this research directions.

PICOC

Description

Population

Literature in reverse engineering variability
from NL documents.
Mechanisms, i.e., techniques, methods, tools,
approaches that realize such a reverse engineering process.
Techniques together with their performance,
evaluation and tool support proposed by each
primary study.
Several observations regarding applicability
and quality of current approaches and major
gaps and open challenges in this field.
The SPLE process, in particular the reverse engineering step to enable a systematic product-line
development (e.g., in an extractive way).

Intervention

Comparison

Outcome

Context

Table 1: Research questions structured by PICOC criteria.

3.2

Research Questions

The focus of this SLR is to identify, compare, and evaluate existing
approaches for feature and variability extraction from NL documents. We formulate our research questions based on the PICOC
method (Population, Intervention, Comparison, Outcome, and Context) [18] and present the respective criteria in Table 1.
While our overall question targets the applicability of current
approaches in practice, we guide our systematic literature review
by the following concrete research questions:

3.3

Search Strategy

To identify relevant literature and extract the important information, we set up a search strategy that consists of three steps. First,
we specify scientific databases to search for our initial set of candidate papers. In particular, we search in the databases of ACM
Digital Library, IEEE Xplore, SpringerLink, ScienceDirect, Scopus,
dblp, and Google Scholar for studies published in journals, conferences, and workshops between the year 2000 and 2017. We have
chosen these libraries as they are renowned scientific databases
that index the most important publications in the field, such as from
ACM, IEEE, or Elsevier. As a second step, we implement a review
process to exclude duplicate studies or studies that are not relevant
for other reasons (cf. Section 3.4). Afterwards, as a third step, we
apply snowballing to complement the initial search [39]. In particular, we analyze references and citations of retrieved studies and
secondary studies (i.e., existing surveys), thus, identifying relevant
literature not covered by the aforementioned databases. Finally,
we merge the results from our initial searching and snowballing to
obtain the final set of primary studies.

RQ1: What approaches of feature & variability extraction
from NL documents have been proposed for SPLs?
With this question, we aim at summarizing all relevant techniques
that contribute to the goal of our literature review. Although feature extraction is also subject to research in software engineering,
we are mainly interested in approaches focussing on SPLs and how
these approaches tackle the challenge of extracting variability information. Finally, we aim at identifying which kind of NL documents
have been used as input for feature extraction.
RQ2: How are the techniques supported regarding tools and
automation?
We are interested, whether the techniques, obtained through RQ1,
are supported by robust tools or just implemented as prototypes.
This is of special importance in the context of applicability in practice, such as in real-world systems or industry. Similarly, we evaluate to what extent the process of extracting features is automated.
RQ3: How reliable are the approaches, proposed for feature extraction in SPLs?
With this question, we focus on the quality of the proposed approaches. In particular, we are interested in two aspects. First,
the completeness, that is, to what extent do the approaches also
extract variability, thus, providing information for creating a complete picture of the SPL (e.g., by means of a feature model). Second,
the accuracy, that is, how precisely do the proposed approaches
extract features (and variability) from NL documents. As a result
of this research question, we analyze to what extent the proposed
approaches can be applied in practice or need to be revised and
evaluated more thoroughly. Moreover, we derive limitations and
open challenges from answering this research questions.

3.4

Conducting the Review

Basically, we conduct our systematic review based on the protocol
defined in the previous subsection. For instantiating this protocol,
we have to take concrete actions as follows; (i) define the concrete
search term, (ii) define inclusion and exclusion criteria for identifying relevant literature, and (iii) specify a concrete and systematic
process for extracting the data needed to answer our RQs.
Search Criteria: To construct our search string, we derived keywords from our research questions based on the population, intervention, and outcome. Additionally, we checked for possible
synonyms, related terms and alternative spellings. Finally, we used
boolean logic; an ”OR” to combine alternative terms/spellings and
an ”AND” to connect the major terms in our string. The resulting
search string is as follows:
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• Inclusion criteria IC01–IC02 (and which one applies)
• Exclusion criteria EC01–EC04 (and which one applies)
The first author initially applied the data extraction process. For
all excluded paper, a brief reason was specified and double-checked
by the second author. In case of non-agreement, the paper has been
discussed by both authors to find a consensus. Once both authors
finally decided on the primary studies, we performed a further
retrieval by applying the snowballing method [39]. In particular,
we took all primary studies and papers excluded due to EC04 into
account. For papers, found by snowballing, the same extraction
process as above was applied and if we decided on their relevance,
it was added to the list of primary studies.
For the final list of primary studies, we read the full paper and
captured and extracted additional data, required to perform our
analysis and answer our research questions. In particular, we extracted the following data:
• Input and Output of the corresponding approach.
• Methodology, i.e., which NLP techniques are used and
which further techniques are possibly applied in a post
processing step. Moreover, we noted the degree of automation and how much of the variability (i.e., relation between
features) can be recovered by a particular approach.
• Evaluation: to what extent a particular approach has been
evaluated and what is the result of the evaluation, especially regarding accuracy
• Tools: Is any tool available, implementing the proposed
approach and NLP techniques.

(”feature extraction” OR ”feature selection” OR ”feature location”
OR ”feature identification” OR ”feature detection” OR ”feature mining” OR ”feature clustering” OR ”feature similarity”) AND (”natural
language” OR ”requirement” OR ”textual requirement” OR ”description” OR ”specification” OR ”product review” OR ”Natural language
processing”) AND (”Software Product Lines” OR ”product family” OR
”software family” OR ”Feature-oriented software development”)
In spite of the fact that all of the relevant keywords are of similar
meanings, they differ somewhat. ”Feature extraction” is the most
frequent term in this topic used to describe the process of extracting
features from NL documents. ”Feature selection” usually means selecting a good feature set to achieve customer requirements, which
focuses on the problem of optimization. ”Feature location” predominantly concentrates on locating feature in source code. ”Feature
identification” and ”feature mining” are both used as synonyms
for feature extraction or feature location. ”Feature detection” is
highly relevant to detect dead features. ”Feature clustering” refers
to approaches where clustering algorithms have been employed
to group features according to some clustering criteria. ”Feature
similarity” means the commonality of features. Understanding the
small difference among these keywords, the study selection can be
conducted more efficiently and comprehensively.
Inclusion and Exclusion Criteria: We created a set of inclusion
(IC) and exclusion (EC) criteria to identify potential primary studies.
While initially intended to be applied on the title and abstract,
it turned out that this is insufficient for most of the papers to
decide on their relevance. Hence, we also scanned introduction and
conclusion to make a more reliable decision. The inclusion criteria
we finally created, based on the analysis scope, are as follows:

4

RESULTS

In this section, we present the results from our literature review.
First, we briefly report on the results of our systematic literature
search, described in Section 3. Then, we provide detailed answers
to our formulated research questions.

IC01 Articles matching the search string mentioned above and
within the scope of our analysis, i.e., they propose a technique or mechanism for feature & variability extraction
from NL documents.
IC02 Articles published between January 1st 2000 to May 30th
2017, since research on automatic feature & variability extraction from NL documents in SPLs began in 21st century.

4.1

Results of Studies Search

In order to obtain the primary studies, we initially used the predefined search string on the selected databases mentioned (cf. Section 3.3). As a result, we retrieved an initial list of relevant studies
comprising 428 papers (ACM:22, IEEE:28, SpringerLink:102, ScienceDirect:5, Scopus:58, dblp:94, Google Scholar:119). Note that in
this step, we already applied our inclusion criteria to the papers
found, thus, all non-relevant papers have already been filtered out.
Next, we applied our exclusion criteria to this initial list. After
applying EC01, a majority of the papers could be discarded, as they
propose relevant approaches, but on different artifacts than we are
interested in. Further papers have been discarded, because they
adhere to EC03 and EC04. Finally, we removed duplicated papers
from our list, which eventually results into a list of nine papers.
Based on these selected papers and on the papers excluded due
to EC04 (i.e., constituting secondary studies), we then performed
snowballing as an additional step to retrieve relevant papers we
may have missed so far. In particular, we performed three iterations
of backward (i.e., analyzing the reference list of selected papers)
and forward (i.e., screening papers on Google Scholar that cite our
selected papers) snowballing [39]. In the first iteration, we found
445 papers (backward:384, forward:61), from which we excluded

Moreover, we consider studies irrelevant if they meet at least
one of the following exclusion criteria:
EC01 Articles not focusing on feature and variability extraction
from NL documents in SPL, i.e., feature extraction from
legacy code, approaches improving feature modelling, functional requirements extraction, etc;
EC02 Articles not written in English;
EC03 Articles not belonging to research papers, i.e., proposals,
summary of conference, lecture notes, etc;
EC04 Articles not pertaining to the firsthand researches, namely,
related literature review or survey papers.
Data Extraction: First of all, we applied our search string to the
scientific databases. Afterwards, we applied inclusion and exclusion
criteria to the result. Along with this process, we extracted and
stored the following information in a spreadsheet:
• Date of search, scientific database, study identifier
• Publication information, author, title, publication year,
source, publication type (Journal/Conference)
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Table 2: Overview of all reviewed papers, ordered by year of appearance.
ID

Title

Year

Source

Input

Accessibility

Output

P01

An Approach to Constructing Feature Models Based on Requirements Clustering
An Exploratory Study of Information Retrieval Techniques in Domain Analysis
A Framework for Constructing Semantically Composable Feature Models from
Natural Language Requirements
On-demand Feature Recommendations Derived from Mining Public Product
Descriptions
Supporting Commonality and Variability Analysis of Requirements and Structural Models
On Extracting Feature Models From Product Descriptions
Decision Support for the Software Product Line Domain Engineering Lifecycle
Mining Commonalities and Variabilities from Natural Language Documents
Supporting Domain Analysis through Mining and Recommending Features
from Online Product Listings
Mining and Recommending Software Features across Multiple Web Repositories
Feature Model Extraction from Large Collections of Informal Product Descriptions
A Systems Approach to Product Line Requirements Reuse
Analyzing Variability of Software Product Lines Using Semantic and Ontological
Considerations
Generating Feature Models from Requirements : Structural vs . Functional
Perspectives
Detecting Feature Duplication in Natural Language Specifications when Evolving Software Product Lines
Improving the Management of Product Lines by Performing Domain Knowledge
Extraction and Cross Product Line Analysis
Recommending Features and Feature Relationships from Requirements Documents for Software Product Lines
Semantic Information Extraction for Software Requirements using Semantic
Role Labeling
CMT and FDE: Tools to Bridge the Gap between Natural Language Documents
and Feature Diagrams
Automatic Semantic Analysis of Software Requirements Through Machine
Learning and Ontology Approach
Extracting Features from Online Software Reviews to Aid Requirements Reuse
Variability Analysis of Requirements: Considering Behavioral Differences and
Reflecting Stakeholdersfi Perspectives
Mining Feature Models from Functional Requirements
Automated Extraction of Product Comparison Matrices from Informal Product
Descriptions
Extracting Software Features from Online Reviews to Demonstrate Requirements Reuse in Software Engineering

2005

[9]

SRS

Yes

FM

2008
2009

[3]
[38]

SRS
SRS

No
No

FM
FM

2011

[13]

PD

Yes

FM

2012

[25]

SRS

No

RTLs

2012
2012
2013
2013

[1]
[5]
[14]
[17]

PD
PD
PB
PD

Yes
No
No
Yes

FM
FM
FL
FM

2013
2013

[40]
[10]

PD
PD

Yes
Yes

FL
FM

2014
2014

[30]
[33]

SRS
SRS

No
No

OVM
SRSS

2014

[19]

SRS

Yes

FM

2015

[21]

SRS

No

DFs

2015

[34]

FD

Yes

FM

2015

[16]

SRS

Yes

FM

2015

[36]

SRS

No

SI

2015

[15]

PB

No

FM

2016

[37]

SRS

No

SI

2016
2016

[7]
[20]

OR
SRS

Yes
No

FL
FM

2016
2017

[27]
[29]

SRS
PD

No
Yes

FM
PCM

2017

[28]

OR

Yes

FL

P02
P03
P04
P05
P06
P07
P08
P09
P10
P11
P12
P13
P14
P15
P16
P17
P18
P19
P20
P21
P22
P23
P24
P25

SRS: software requirement specification; PD/PB: product description/brochure; OR: online software reviews; FD: feature diagrams.
FM: feature model; OVM: Orthogonal Variability Model; FL: feature list; RTLs: recommendation traceability links; SSRS: SRS similarity; DFs: duplicated features; SI: semantic information; PCM:
product comparison matrix.

430 papers due to our exclusion criteria and removal of duplicates.
Hence, 15 papers have been considered to be relevant, and thus,
added to our list of primary studies. For these papers, we again
applied the snowballing technique, resulting into 1191 papers, from
which one paper remained after applying exclusion criteria and
duplicate elimination. Finally, we also applied snowballing for
the paper retrieved in the previous iteration, but from initially 58
potential papers all have been discarded (excluded or duplicated).

As a result, given our list of nine papers from the initial search,
we were able to identify 16 further papers with snowballing that we
found worth to be added to our primary studies. Hence, we found
25 papers as primary studies that are subject to further analysis in
order to answer our research questions. We provide an overview
of all papers, together with the extracted information, in Table 2
and answer our research questions in the following.
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4.2

Answering Research Questions

learning. The particular algorithms we identified are especially able
to learn specific pattern in the preprocessed and enriched data from
the NLP process. In this way, even complex dependencies can be
inferred, which is hardly possible with NLP mechanisms only.
Types of documents: As NL documents may occur in various
forms, we are also curious about which kind of documents are
subject to feature/variability extraction. According to Table 2, our
review indicates that software requirements specifications (SRS) are
used predominantly (> 50%) as input, usually based on standards
such as IEEE-STD-830. Interestingly, the structure (e.g., hierarchies)
of such documents is only rarely employed, though it may contain
valuable information such as for grouping features or establishing
parent-child relationships. Moreover, only few data sets for SRS
are provided, thus, preventing from replicating most of the studies.
Next frequently, product descriptions (PD) are used (∼ 28%), mainly
due to their availability (e.g., via web pages such as softpedia.com)
and the rich information, they contain. For instance, features are
likely to appear more explicit in such documents and sometimes
even bullet lists are provided. Finally, product brochures (PB), i.e.,
documents used for marketing reasons, are sometimes used. Usually, they highlight main features of a product, thus, making it
easy to extract them. However, due to their limited purpose (e.q,
acquiring new customers), they are usually incomplete and contain
only few or no variability information.

The main goal of this SLR is to provide detailed insights of techniques used, degree of maturity achieved and shortcomings and
challenges ahead for extracting feature and variability information
from NL documents. To this end, we formulated three research
questions in Section 3.2, which we answer in the following.
RQ1: What approaches of feature extraction from NL documents
have been proposed for SPLs?
With this RQ, we shed light on techniques used for the extraction
process and which kind of NL documents are considered as input
for the respective approaches.
Techniques used: In Table 3, we provide a detailed overview of
techniques used by the particular approaches. First of all, our analysis reveals that all of the phases, outlined in Section 2, have been
employed by the considered approaches. For text pre-processing,
the majority performs POS tagging (∼ 44%) to decompose the documents in their building blocks. Moreover, tokenization was applied
frequently (20%), yielding to a similar result. Beyond preprocessing, term weighting with different techniques is quite common
amongst the approaches (∼ 36%). Our inspection reveals that this
technique is mainly used to identify meaningful terms that resemble possible features. An interesting observation we made, is that
most approaches employ more than one technique, either from
preprocessing only or in combination with term weighting.

Observation 4. Software requirements specifications are frequently
used as input for feature & variability extraction from NL documents.
However, the reviewed papers provide no or only limited (i.e., small,
artificial) SRS documents, thus, impeding replicability and making
applicability in practice questionable.

Observation 1. For extracting features and variability, a diverse
selection of NLP techniques is employed, indicating that a) different
approaches may lead to the desired result and b) applying multiple
NLP techniques increases the quality of the result.
While above-mentioned approaches focus mainly on syntactical
aspects, many approaches also make use of the (optional) built-in
mechanisms of NLP for semantic analysis (∼ 56%). In particular,
latent semantic analysis (LSA) and semantic role labeling are preferred techniques, where the latter is combined with using a proper
lexical database. If we take quality criteria such as accuracy or completeness into account (cf. Table 4), we observe a slight tendency
that an additional semantic analysis improves the overall result.

RQ2: How are the techniques supported regarding tools and automation?
Since the process of extracting features & variability is pretty complex and tedious, sophisticated tool support and a high degree of
automation are inevitable. We use both aspects as quality criteria
for the reviewed papers, and thus, evaluate them using a 3-point
scale. The results are presented in Table 4 (last two columns), with
tool support further divided into tools for NLP which is indispensable on the basis of Figure 1 and tools for feature & variability
extraction (FVE) developed based on the proposed approaches.
For tool support, means that comprehensive tool support exists
and is available. Accordingly, G
# indicates that tool support is described, but not available. Finally, if tool support is neither provided
nor described, the approach is rated with #. We use the same symbols for the degree of automation, indicating that an approach is
fully automated, semi-automated, or only minor/not automated.
Tool support: Our analysis reveals that many approaches do not
provide any tool support (∼ 52% for NLP & ∼ 36% for FVE). In
most of these cases, only algorithms used are mentioned, but neither their origin nor how multiple algorithms are put together is
elaborated. This, in turn makes it hard to reason about the respective approaches, thus, mitigating the trust in the applicability of
them. For another, fairly large amount of approaches (∼ 32% for
NLP & ∼ 48% for FVE), tools are described, but not provided or
not available anymore (e.g., [38]). This is especially surprising, as
in some of these cases researchers invested considerable effort in
building whole frameworks to automate the extraction process.

Observation 2. Semantically understanding the NL documents
is a crucial aspect for successfully reverse engineering features &
variability.
Finally, many approaches (∼ 60%) perform an additional postprocessing step on the top of previously mentioned NLP mechanisms (cf. Figure 1). Our analysis reveals that especially clustering
algorithms are preferably used in this stage of the extraction process (∼ 32%). The reason is that clustering is able to find relations
between previously identified concept or terms. Hence, such algorithms are especially beneficial to finding related and unrelated
features, and thus, enable the search for groups of features and
even other relationships among them such as hierarchies.
Observation 3. Clustering algorithms are well-suited to complement the NLP process, as they facilitate the detection of specific
relationship between features such as groups or parent-child relations.
Besides clustering, a variety of other techniques are employed
for post-processing (∼ 48%), mainly from the domain of machine
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Table 3: Overview of the techniques used by the reviewed approaches in the particular phases of the extraction process.
Techniques
NLP Techniques

ID
Text Pre-processing

Term Weighting
Semantic Analysis

Lexical Database

Clustering Techniques

Partitional Clustering

Fuzzy Clustering
Neural Clustering
Hierarchical Clustering
Incremental Clustering
Further Techniques

Tokenisation
Part of Speech Tagging
Lemmatization
Stemming
TF-IDF
C-NC Value
Vector Space Model
Latent Semantic Analysis
Contrastive Analysis
Syntactical Heuristics
Latent Dirichlet Allocation
Semantic Role Labeling
Semantic Model
WordNet
SemCor
PropBank
FrameNet

P06 P09 P12 P15 P19
P06 P08 P09 P10 P12 P15 P18 P19 P20
P24 P25
P24 P25
P11 P25
P04 P09 P10 P11 P23 P25
P08 P19 P24
P02 P05
P02 P03 P21 P22 P25
P08 P21 P24
P24
P10
P13 P14 P18 P20 P22
P23
P07 P16 P20 P23
P20
P18 P20
P18 P20

K-Means
K-Medoids
SPK-Means
Fuzzy C-Means
Self Organizing Map Clustering
Hierarchical Agglomerative Clustering
Incremental Diffusive Clustering

P10 P21
P10
P04 P11
P09 P21
P21
P01 P02 P16
P04 P09 P10

Greedy Algorithm
Formal Concept Analysis
Propositional Logic
Association Rule Mining
Heuristics
Decision Tree
K-nearest Neighbors
Edmondsfi Algorithm
Maximum Entropy Method

P20
P23
P06
P09 P10 P11
P17 P23
P18
P04 P19 P20
P11 P16
P20

Even worse, the non-availability also questions the sustainability
of such approaches, that is, whether they have been created for
practical usage or just for theoretical evaluations. Finally, only for
a minor amount (∼ 16% for both, NLP & FVE), tools are available
online, for instance on Github, usually complemented by examples
and further material. In some cases, the tools appear to be mature,
stable, and designed to be used by a wide range of researchers and
practitioners (e.g., [15, 29]).

Approaches that provide full automation refrain from taking user
input into account, although this may influence the results, e.g.,
regarding feature names. Moreover, our analysis reveals that these
approaches usually exhibit a rather low accuracy (cf. Table 4).
Observation 6. Most approaches provide a high degree of automation, whereas full automation is an exception (but possible in
general). This is mainly due to the complex extraction process, which
requires manual assessment and domain knowledge to achieve a satisfiable result.
RQ3: How reliable are the approaches, proposed for feature extraction in SPLs?
With this research question, we investigate the result quality of the
extraction process. In particular, we focus on two quality criteria;
accuracy, that is, to what extent the identified feature & variability
information is correct; and completeness, that is, whether and to
what extent feature & variability information is extracted. Moreover, we assess how comprehensive the approaches have been
evaluated.

Observation 5. When tools are available, they make a stable,
maintained, and reliable impression,and thus, are likely to be applicable in practice. However, in most cases, no tools are described or
even exist, thus, mitigating trust in applicability and reliability of the
corresponding approaches.
Automation: The vast majority of approaches (> 90%) foster a
semi-automated approach, where at least some manual adjustment
is required. Most commonly, parameters and thresholds need to
be specified (e.g., [1, 13, 38]) or domain analysts have to interact
with the described tool in order to correct or validate information.
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Table 4: Result of the qualitative analysis of primary studies.
ID

Acc.

Compl.

Eval

P01
P02
P03
P04
P05
P06
P07
P08
P09
P10
P11
P12
P13
P14
P15
P16*
P17
P18
P19
P20
P21
P22
P23
P24
P25

#
#/G
#
#/G
#
G
#
#
G
#
G
#
#
G
#
G
#
G
#
G
#

G
#
#
G
#
#
G
#
#
G
#
G
G
#
#
G
#
G
#/
#
G
#

#
G
#
#
G
#
#
G
#/
G
#
#
G
#/
#/G
#
#/G
#
G
#
G
#
#/G
#
#
#
#
#
#
G
#
#
G
G
#
#
G
#
G/
#

#
#
#
#
#
#
#
G
#
#
G
#
G
#
#

#
#
G
#
#
G
#
#
#/G
#
#/G
#
#
G
#

Tool Support
NLP FVE
#
G
#
#
G
#
#
#

#
#
G
G
#
#
#

#
G
#
#
#
#
#
#

#
G
#
G
#
#
#
G
#
G
#
#
#
G
#
#

#
#
G
#
#
G
#
#
G
G
#
G
#

G
#
G
#
G
#
G
#
G
#

perform rather bad in corresponding metrics (e.g., precision, recall; [9, 16, 21]), other approaches simply do not provide any information about it. For the latter, the reason is that they focus on other
aspects such as usefulness for guiding developers, thus, the evaluation does not provide any quantitative measures (e.g., [19, 20]).
Next, some approaches (∼ 40%) provide relatively accurate results,
which can be seen as a starting point for further, manual refinement.
Finally, only one approach (∼ 4%) is highly accurate, and thus, can
be used out-of-the-box (i.e., without manual adjustment).

Automation
G
#
#
G
G
#
#
G
G
#
#
G
#
G
#
G
G
#
G
#

Observation 7. The accuracy is one of the most critical problems that needs to be improved for achieving practical applicability.
However, it seems that even with less or unknown accuracy, several
approaches perform well in supporting developers in manual domain
analysis or even extraction processes.

#
G
G
#
#
G/
G
#

Completeness: Generally, many approaches extract partial variability information (∼ 48%). However, in most of these cases, only
some relations (e.g., mandatory, optional) are extracted, and thus,
important information is missing. For a similar amount of approaches, only features are identified, but not their relationships
(∼ 44%), which means that they are of limited usefulness for the
SPLE process. Finally, only a minor proportion (∼ 8%) provides
complete and explicit variability information that makes it possible
to generate a complete feature model with detailed relationships.

G
#
G
#
#
G
#
G
G
#
G
#/
G
#
G
#
#
G

Observation 8. When features and variability information are
complete and explicit, they constitute a feature model with detailed
relationships. However, in most cases, the approaches are incomplete
wrt. variability information, thus, requiring increased manual effort
for recreating this information.

FVE: feature & variability extraction; *this approaches has been negatively evaluated, because it takes already existing feautre diagrams as input, thus, being partially out of scope.

Evaluation: Surprisingly, many of the reviewed approaches (∼
52%) provide a weak or even no evaluation. In some cases, the
approaches are just sketched, but fail to evaluate it in any sense,
while others lack important information such as study design or
sound evaluation criteria. Furthermore, certain approaches (∼ 36%)
provide a basic evaluation, but lack reproducibility due to missing
access to tools and/or data sets. Finally, only a minor proportion
(∼ 12%) presents a comprehensive and reproducible evaluation that
gives valuable insights in benefits and limitation of the respective
approaches, thus, making their claimed contribution convincing.

We present the results in Table 4, using the same 3-point scale as
in the previous RQ, having the following meaning. For accuracy, the
means that the approach is very accurate, i.e., features (and variability) are reverse engineered correctly. Accordingly, the G
# means
that the approach is sufficiently accurate, that is, main information
is correct but contains minor inconsistencies (e.g., wrong/missing
features or variability). Finally, the # means that the approach
is inaccurate, thus, only capable for providing a very high level
overview of separated concerns. For completeness, the means that
the complete information (i.e., features & variability) is extracted
explicitly, most likely in form of a feature model. In contrast, the
G
# indicates that variability information is only partially extracted.
Consequently, the # means that no variability information can
be extracted by the approach, thus, the result is only a list of features. For the evaluation, indicates that a comprehensive and
also reproducible revaluation is provided that allows for a detailed
reasoning about the proposed approach. Likewise, the G
# means
that the evaluation has some limitations, for instance, only a small
or artificial case study is used or the case study is not reproducible,
thus, the results of the study can not be verified. Finally, the #
refers to approaches that provide no or only a weak evaluation.
Accuracy: Our analysis reveals that many approaches (∼ 56%)
are inaccurate, however, for various reasons. While some of them

Observation 9. A comprehensive and reproducible evaluation
makes an approach more reliable and allows for reproducibility. However, in most cases, evaluations are performed either in a weak and
unsound manner or lack important resources to reproduce them. Especially the latter aspect impedes an objective comparison.

4.3

Threats to Validity

Construct Validity: Our search string may be incomplete, and
thus, limit the diversity of information from digital engines. We
addressed this issue by diversifying search terms, extending to their
synonyms, and elaborating the different meanings between them.
In addition, we carefully derived the search term based on our
research questions.
Internal Validity: First, we may have overseen important papers
to be included in the survey, due to bias of primary study selection
or negligence. We addressed this issue by an independent repetition of the literature search by a second author, according to the

140

presented methodology (Section 3). Second, the assessment of the
approaches, regarding our proposed quality criteria, is prone to
be subjective, thus, introducing bias in the overall evaluation. We
addressed this issue as follows: Two authors of this paper independently assessed all primary studies regarding the criteria given in
Table 4. Afterwards, theses authors compared their results; in case
their opinion diverged, they discussed reasons for their assessment
and, finally, made a common decision.
External Validity: We didn’t expand the primary study selection
to books, which possibly affects the generalizability of our study.
Conclusion Validity: The data extraction may be of bias. To
tackle it, the first author initially extracted data complying with
the predefined data extraction form, then double-checked by the
second author and discussed whether the data was accurate and
appropriate to answer the research questions.

5

is of superior importance for making the next step. This, in turn,
requires a common sense of tool building, which may go beyond
the scope of pure research. Nevertheless, we argue that one of the
challenges is that fundamental ideas are backed by tools that can
be accessed by others. This way, researcher can join forces, and
thus, push the boundaries for extracting features & variability.

6

RELATED WORK

In this section, we discuss related literature reviews addressing
reverse engineering techniques for extracting feature and analyzing
the commonality and variability of products.
Dit et al. conducted a systematic review of feature location techniques in source code, including case studies and tools, and then,
presented a taxonomy for classification along nine key dimensions [11]. However, although encompassing NLP and Information
Retrieval (IR) techniques, the considered techniques address source
code comments, identifiers, etc., rather than textual requirements.
Khurum and Gorschek presented a systematic review of domain analysis solutions to analyze the level of industrial application and/or empirical validation of the proposed solutions [22].
Moreover, they investigate usability and usefulness of proposed
approaches. However, this review does not present the specific
approaches, used to identify features and their relationships from
the primary studies, especially targeting NL documents.
Lisboa et al. conducted a systematic review of domain analysis
tools which support the domain analysis process to identify and
document common and variable characteristics of systems in a specific domain [26]. This review covers a large-scale tools analyzing
different sources, instead of only focusing on NL documents, thus
being less comprehensive.
Berger et al. presented a systematic review of variability modeling practices in industrial SPLs to provide insights into application
scenarios and perceived benefits of variability modeling, notations
and tools used, the scale of industrial models, and experienced challenges and mitigation strategies [8]. However, this review focuses
on notations and related tools employed in variability modelling
rather than on approaches for extracting of features & variability.
Alves et al. conducted a systematic review of requirements engineering for SPLs to suggest important implications for practice, and
identifying research trends, open problems, and areas for improvement [2]. This review also provides a survey of semi-automatic or
automatic tools used. However, it was conducted in 2009, leading
to the lack of the latest tools. The types of surveyed requirements
artifacts include not only NL documents, but also requirements in
various forms, e.g., features and orthogonal variability models. In
addition, it does not focus on approaches for feature & variability
extraction.
Bakar et al. presented a systematic review of feature extraction
approaches from NL requirements for reuse in SPLs [6]. This review
provides a detailed survey of approaches used for identifying features and analyzing their relationships from textual requirements,
e.g., NLP techniques and clustering approaches, and also specifies
the evaluation approaches. However, this review just contains 13
studies, which can not offer a comprehensive survey and doesn’t
provide sufficient evidences of the available tools supporting the
variability information extraction.

DISCUSSION

Based on our detailed analysis, we summarize and discuss our
observations. In particular, we elaborate on aspects that constitute
challenges and need to be improved in future research.
Input format matters. In our survey, we found SRS and product
descriptions to be the most common input for feature & variability extraction. While SRS provide the most detailed information,
representing the domain, we identified a lack of access to SRS,
which impedes the progress in developing approaches for information extraction from such documents. On the other hand, product
descriptions are freely available, but only reflect an incomplete
overview of a domain. For future research, we see two challenges.
First, a detailed comparison (by means of a sound evaluation) to
what extent product descriptions can be used for domain analysis
as an alternative for SRS. Second, to design reverse engineering
approaches so that they can be used flexibly with different input
formats, in particular, supporting SRS and product descriptions.
Extracting variability is challenging. Extracting variability information is by far the most challenging task, indicated by the rather
low proportion of accurate and complete approaches. Depending
on the kind of input documents, different approaches are used to
extract variation points. However, most of them need manual intervention, i.e., the result of the automated extraction is not accurate
and complete enough to get rid of domain analysts’ correcting.
The reason is that variability extraction from NL documents is a
process of understanding natural language, which is usually full of
ambiguities. Thus, the challenge is to improve existing approaches,
either by new combinations of existing techniques or by developing
new techniques. Also, we see great potential in taking additional
information (e.g., domain knowledge) into account, which poses
the challenge of integrating it in an automated extraction process.
Rethinking sustainability. Tool support and a coherent evaluation are mostly missing, due to several reason. For making progress
in extracting features & variability, especially regarding its applicability in practice, these aspects need to be addressed in future.
First, establishing a ground truth (e.g., a gold standard) is inevitable
for assessing future approaches. This not only allows to compare
approaches with each other, but also to draw conclusion about
their performance (in terms of accuracy) and robustness. Second,
reusing existing approaches for reproducibility and improvement
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CONCLUSION
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Feature and variability information extraction from NL documents
can obtain a explicit mapping of feature and variability information
to other artifacts. However, there are few systematic literature reviews providing a comprehensive and detailed survey of approaches
and tools used for extracting features and their relationships from
NL documents. In this paper, we present the results of our systematic literature review of 29 papers that propose approaches
to extract features and variability and which we compared and
analyzed qualitatively based on several criteria.
Based on our review, we made several observations and derived
implications and challenges for current but also future research in
this field. Among other, our key findings are that
a) software requirements and product descriptions are the most
common NL documents, but exhibit differences with respect to the
information used for extraction;
b) Many approaches are neither accurate nor complete, and thus,
of limited use in practice due to increased manual effort or simply
wrong information
c) tool support is rather sparse, which impedes reproducibility, and
thus, makes a fair comparison and reasoning impossible
d) Full automation is hard to achieve and, based on several evaluations, may even not be wanted or possible, because some amount
of domain knowledge is only manually available or expressible.
Based on our findings, we suggested several actions to overcome
current limitations, but also to provide more solid foundations for
future research in this direction. As future work, we intend to tackle
some of the mentioned challenges by ourselves.
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