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Which solver is best for my instance?
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Which solver is best for my instance? What makes configuration models complex?
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🤢

Which solver is best for my instance? What makes configuration models complex?

Which instances do I have to test?
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Intra-Instance Machine Learning:

• On single product line
• (Often) configuration options as features
• Example: performance model
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automatically and progressively with random samples, such that one can use it to produce

predictions, starting with a small random sample, and subsequently extend it when further

measurements are available. DECART combines a previous approach based on plain CART

(Classification And Regression Trees) (Guo et al. 2013) with automated resampling and

parameter tuning. Using resampling, DECART learns a prediction model and determines

the model’s accuracy based on a given sample of measured configurations. Using param-

eter tuning, DECART ensures that the prediction model has been learned using optimal

parameter settings of CART based on the currently available sample.

In summary, we make the following contributions:
– We propose a data-efficient performance learning approach, called DECART, that

combines CART with resampling and parameter tuning for performance prediction of

configurable systems. DECART builds, validates, and determines a prediction model

automatically based on a single given sample. In practice, if there is already a sample

available, one can produce predictions directly based on the sample using DECART.

– We demonstrate the effectiveness and practicality of DECART by means of a set of

experiments on 10 real-world configurable systems, spanning different domains, with

different sizes, different configuration mechanisms, and different implementation lan-

guages. The evaluation is based on data from 30 independent experiments. It shows that

DECART effectively determines an accurate prediction model based on a small sam-

ple and, more importantly, the prediction accuracy estimated based on the sample can

represent the generalized prediction accuracy of the whole population.

– To evaluate the novel features and innovation of DECART, we compare DECART to

previous work based on plain CART (Guo et al. 2013). Also, we empirically compare

three widely-used resampling techniques (hold-out, cross-validation and bootstrapping)

and three parameter-tuning techniques (random search, grid search and Bayesian opti-

mization). Our empirical results demonstrate that DECART produces more accurate

predictions than the original CART-based method. Given that a systematic parameter

tuning is involved, DECART still works very fast, and the entire process of selecting a

prediction model takes, at most, seconds for all subject systems (excluding the time to

obtain the sample measurements).

– To explore why DECART works with small random samples, we propose an analytical

sample quality metric that quantifies a sample’s goodness of fit to the whole population

and thus provides a quantitative analysis of the quality of a sample for performance

prediction. Previously, this was only surveyed by an empirical analysis of performance

distributions (Guo et al. 2013).
– We have implemented DECART and made the source code of our implementation of

DECART publicly available at http://github.com/jmguo/DECART/.

This article is based on an earlier conference paper (Guo et al. 2013). Compared to that

paper, the text and the method have been significantly extended and improved. First, we

propose a systematic approach that combines typical CART with resampling and parameter

tuning to enable data-efficient performance learning, to reduce measurement effort for vali-

dating a performance-prediction model. Second, the previous approach tuned the parameters

of CART using a set of empirically-determined rules, which may not work when new sub-

ject systems are considered, while DECART adopts systematic and automated resampling

and parameter tuning, such that the best prediction model with optimal parameter settings

can be selected. Third, previously we only explored why the learning approach works by

a comparative analysis of performance distributions, which is empirical and subjective. By
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1827demonstrate the effectiveness and practicality of DECART. In particular, DECART achieves

a prediction accuracy of 90% or higher based on a small sample, whose size is linear in

the number of features. In addition, we propose a sample quality metric and introduce a

quantitative analysis of the quality of a sample for performance prediction.Keywords Performance prediction · Configurable systems · Regression · Model

selection · Parameter tuning

1 Introduction

Many software systems, such as databases, compilers, and Web servers, provide configura-

tion options for stakeholders to tailor the systems’ functional behavior and non-functional

properties (e.g., performance, cost, and energy consumption). Configuration options rele-

vant to stakeholders are often called features (Czarnecki and Eisenecker 2000; Apel and

Kästner 2009). Each system variant derived from a configurable software system can be

represented as a selection of features, called a configuration.
Performance (e.g., response time or throughput) is one of the most important non-

functional properties, because it directly affects user perception and cost (Westermann

et al. 2012). Finding an optimal configuration to meet a specific performance goal is

often important for developers, system administrators, and users. Naively, one could mea-

sure the performance of all configurations of a system and then identify which is the

fastest, or build a precise performance model linking feature selection and performance.

Unfortunately, this is usually infeasible, as, due to a combinatorial explosion of possible

combinations of features, even a small-scale configurable system can have a very large num-

ber of configurations. Moreover, measuring the performance of an individual configuration

might be time-consuming in itself (e.g., executing a complex benchmark). Measuring many

configurations, or measuring slow runs, incur an unacceptable measurement cost.

Typically, only a limited set of configurations can be measured in practice, either by

simulation (Westermann et al. 2012) or by monitoring in the field (Thereska et al. 2010). We

call this subset of configurations (along with the corresponding performance measurements)

a sample, and all configurations of a system (along with their performance values) the whole

population. We want to predict the performance of configurations in the population based

on a performance model built by measuring only the sample. Predicting the performance of

a new configuration based on a given sample is likely less accurate than directly measuring

its performance. A key challenge is to balance measurement effort and prediction accuracy,

by using only a small sample (for example, a sample with a size that is linear in the number

of features) to predict the performance of other configurations in the population with a high

accuracy (say, above 90%).To address this challenge and to hit a sweet spot between measurement effort and pre-

diction accuracy, we aim at a data-efficient learning approach, which is recently gaining

momentum in the community of machine learning (Deisenroth et al. 2016). The key idea

is to efficiently reuse available data and then enable effective learning for many small-data

problems. This is particularly useful if acquiring data is expensive, such as in personal-

ized healthcare, robot reinforcement learning, sentiment analysis, and community detection

(Deisenroth et al. 2016). We bring these ideas to performance prediction of configurable

systems, proposing Data-Efficient CART (DECART), a performance prediction method that

suffices with a small sample of measured configurations of a software system and that

effectively determines a reasonably accurate prediction model therefrom. DECART works

Empir Software Eng (2018) 23:1826–1867
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Abstract Many software systems today are configurable, offering customization of func-
tionality by feature selection. Understanding how performance varies in terms of feature
selection is key for selecting appropriate configurations that meet a set of given require-
ments. Due to a huge configuration space and the possibly high cost of performance
measurement, it is usually not feasible to explore the entire configuration space of a config-
urable system exhaustively. It is thus a major challenge to accurately predict performance
based on a small sample of measured system variants. To address this challenge, we pro-
pose a data-efficient learning approach, called DECART, that combines several techniques
of machine learning and statistics for performance prediction of configurable systems.
DECART builds, validates, and determines a prediction model based on an available sam-
ple of measured system variants. Empirical results on 10 real-world configurable systems
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Inter-Instance Machine Learning

• on multiple product lines
• metric-based feature set
• Example: configuration model maintainability
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Table 1: MiniCOfFEE: subset of 15 maintainability measures for FMs selected from the COfFEE catalog [13]

.

Acronym
Name

Description

NF
Number of Features

Number of features in the model

NM
Number of Mandatory Features

Number of mandatory features in the model

NLeaf Number of Leaf Features
Number of features without children

NTop Number of top Features
Number of features direct descendant of the root

CogC Cognitive Complexity
Number of variants points

FEX
Feature Extensibility

NLeaf + SCDF + MCDF

FoC
Flexibility of Configuration

(Number of optional features)/NF

DTMax Maximum Depth of Tree
Number of features of the longest path from the root of the feature model

NVC
Number of Valid Configurations

Number of possible and valid configurations of the feature model

RoV
Ratio of Variability

NVC/NF2

RDen Coeficient of connectivity-density Average number of (non-parent) features referenced in the constraints of a feature

NGXOr Number of XOr groups
Number of variation points with relationship XOr

NGOr Number of Or groups
Number of variation points with relationship Or

SCDF Number of Features dependent on
unique cycles

The sum of all features that participate in child feature constraints that have variant

points with [ 1..1 ]

MCDF Multiple feature-dependent cycles The sum of all features that participate in child feature constraints that have cardinality

variant points [ 1 .. * ]
left. This process repeats until reaching a leaf node, which

indicates the resulting class [16].
There are several measures to measure the quality of a classifica-

tion model. In general, measures consider true positives (TP), false

positives (FP), true negatives (TN), and false negatives (FN) values.

Some of the main classification measures are:
• Accuracy. It is measured by the ratio of the number of cor-

rect classifications to the total number of samples [19]. The

formula below expresses accuracy:𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 +𝑇𝑁𝑇𝑃 + 𝐹𝑃 +𝑇𝑁 + 𝐹𝑁 (1)

• Precision. The precision measure has a great emphasis on

catching false-positive errors. It can be measured by the ratio

of the number of correct positive ratings to the total number

of positive ratings [19]. Precision is expressed by the formula

below.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(2)

• Recall. Unlike precision, the recall measure has a great em-

phasis on catching false negative errors. It can be measured

by the ratio between the number of correct positive ratings

and the number of correct positive ratings plus the num-

ber of false-negative ratings [19]. Recall is expressed by the

formula below.

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(3)

• F1 Score. This measure is obtained from the calculation of

the harmonic mean between the precision and recall [19].

F1-Score is expressed by the formula below.𝐹1 = 2 · 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 · 𝑅𝑒𝑐𝑎𝑙𝑙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (4)

• AUC-ROC. AUC-ROC is a performance measure for the

classification problem that tells how much a model is able

to distinguish between the classes [39]. ROC (Receiver Op-

erating Characteristic) is a probability curve plotted with

TPR (True Positive Ratio) versus FPR (False Positive Ratio)

[39]. AUC is the area under the ROC curve. TPR and FPR are

expressed by the formulas below.
𝑇𝑃𝑅 = 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(5)

𝐹𝑃𝑅 = 𝐹𝑃
𝑇𝑁 + 𝐹𝑃

(6)

2.3 Related workBezerra et al. [13] carried out a systematic mapping to identify

measures to assess the quality of FMs. The authors then proposed

COfFEE, a catalog of 32 FM quality measures, and validated with

FMs extracted from the S.P.L.O.T. repository [37]. The measures

identified in this work were implemented for automatic collection

in a tool called DyMMer [14]. In a later work [12], the authors

carried out an analysis of the correlation between the measures in

the COfFEE catalog. As a result, the authors found that a subset

of the measures in the original catalog was sufficient to assess the

quality of FMs. The authors then proposed a new catalog called

MiniCOfFEE [12], consisting of 15 out of the 32 measures in the

COfFEE catalog. In this work, the measurements from the Mini-

COfFEE [12] catalog will serve to train ML models to assess the

maintainability of FMs. Also, the measures in the MiniCOfFEE [12]

catalog are analyzed to see if it is still possible to reduce the number

of measures necessary to assess the maintainability of an FM. The

analysis considers the correlations between the 15 FM maintain-

ability measures and the importance of each measure for a set of

ML models.El-Sharkawy et al. [25] carried out a systematic literature review

to identify measures of SPL variability. The authors analyzed 42

papers in which 52 measures for variability models were identified,

80 for code artifacts and 10 for both artifacts. In subsequent works,

the authors manage to automate the measures in a tool called

MetricHaven [23] and evaluate the automated structure from a set

of metrics in the Linux Kernel [24]. In this work, we prefer to use
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the values of a set of maintainability measures. Thus, to classify
FM maintainability as very bad, bad, moderate, good, and very good.
When using the ML approach, it is necessary to obtain a pre-

classified FM data set as it is a supervised learning problem [36].
One way to classify the data would be using SPL experts, but to
get a reasonably sized dataset, a relatively large number of experts
makes the option unfeasible. Hence, we opted to use an automatic
classification approach of FM maintainability to pre-classify the
training dataset of the algorithms.In this context, the goal of the present work is to use ML algo-
rithms to classify FM maintainability. To accomplish this goal, we
carried out a comparison between the FM maintainability classifi-
cation approaches proposed in [21] and in our previous work [44].
The comparison used a human-based oracle of FM maintainability
classifications. It will serve as a basis for choosing one of the two
approaches to pre-classify the dataset to employ in the training
of ML algorithms. The classification of the obtained classification
models uses accuracy, precision, recall, F1, and AUC-ROCmeasures.
The best classification model could support domain engineers and
anyone interested in improving SPL to easily and quickly evaluate
the FM maintainability.Two research questions guided our investigation:• RQ1:What are the most representative measures to evaluate

the FM maintainability?• RQ2:What is the best ML model to evaluate FM maintainabil-
ity?

RQ1 seeks to investigate which maintainability measures are
needed to evaluate FM maintainability. This reduction has the po-
tential to increase the performance and scalability of ML models.
RQ2 on the other hand, seeks to investigate which is the best ML
model among those produced in this work in terms of accuracy,
precision, recall, F1, and AUC-ROC. The best ML model will be
made available as a result of this work.Among the main contributions of the present study we could
highlight the following:

• Compare two FM maintainability classification approaches
described in the literature.• Create an ML-based approach to classifying the FM main-
tainability using white-box algorithms.• Find out the nine most significant measures to assess FM
maintainability.

The rest of this study is organized as follows. Section 2 presents
the theoretical basis to support the understanding of this study
and related work. Section 3 describes the search method. Section 4
presents the study results. Section 5 discusses the main threats to
validity. Finally, Section 6 presents the conclusions and future work.2 BACKGROUND
2.1 Evaluation the FM maintainabilityIn [13], the authors carried out a systematic mapping study and
identified 32 quality measures for FM in a catalog called COfFEE.
In a later study [12], the authors analyzed the measures from the
COfFEE catalog and identified correlations between some of these
measures. Also, they found that it was possible to characterize
the quality of an FM by using only 15 out of the 32 measures.

Therefore, they created a new catalog describing these 15 measures
and named it MiniCOfFEE [12] (Table 1). In this current study, we
aggregated the measures from the MiniCOfFEE [12] catalog by
using ML models to allow the assessment of FM maintainability.
The DyMMer tool (Dynamic feature Model tool based on Measures)
will support collecting measures automatically [14].
2.2 Machine learningML is a subarea of artificial intelligence (AI) that brings together a
set of methods that allow computers to learn from data to improve
predictions [3]. ML is a branch of computational algorithms that
are still evolving [22]. Several areas, e.g., finance, health, and adver-
tising, to name a few, have applied ML methods and techniques to
handle particular problems [7]. Literature works also use ML with
SPL for several purposes, such as constraints inferring [47] and
quality measures aggregation [44]. There are four “learning" types:
supervised learning, unsupervised learning, reinforcement learn-
ing, and evolutionary learning. The former is the most commonly
employed one. For the resolution of ML problems (especially in
supervised and unsupervised learning), a generally adopted process
encompasses the following stages: data collection and preparation,
selection of independent variables, choice of algorithms, selection
of parameters and models, and evaluation [36].Supervised learning problems comprise two types of problems:
(i) classification problems, in which the dependent variable is cate-
gorical; and (ii) regression problems, in which the dependent vari-
able is numeric [36]. In this work, we handle the classification of
FMs by considering their maintainability values. We take the set
of 15 FM maintainability measures. This scenario encompasses a
classification problem (supervised learning) as the intended result
is categorical. There are several algorithms for the classification
problem, among which we can highlight:

• Naive Bayes. It is a family of algorithms that calculate the
probability of a given result given a set of conditions, us-
ing the theorem of Bayes [16]. Naive Bayes is a powerful
and easy to train classifier [16]. It receives the name naive
because it assumes that the independent variables have no
dependencies (i.e., they are not correlated), which may not
be the case in certain classification problems [43].• LogisticRegression. Despite having regression in the name,
this is a classification algorithm based on the probability of
a given sample belonging to a certain class [16]. The logistic
regression algorithm has some similarities with the linear
regression algorithm (used in regression problems). The dif-
ference is that in the logistic regression, the output value of
the function must be between (0, 1). Therefore, the sigmoid
function is introduced, whose output value must be between
(0, 1).

• DecisionTree. It is a type of logic-based algorithm to use for
regression and classification problems [43]. In classification
problems, the algorithm forms a binary tree structure that
allows a sequential decision process to discover the class
of a given sample [16]. It is possible to evaluate a given
independent variable from the tree root and decide whether
the next node will be either the one on the right or the
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ABSTRACT
Software Product Lines (SPL) are generally specified using a Feature
Model (FM), an artifact designed in the early stages of the SPL de-
velopment life cycle. This artifact can quickly become too complex,
which makes it challenging to maintain an SPL. Therefore, it is es-
sential to evaluate the artifact’s maintainability continuously. The
literature brings some approaches that evaluate FM maintainabil-
ity through the aggregation of maintainability measures. Machine
Learning (ML) models can be used to create these approaches. They
can aggregate the values of independent variables into a single
target data, also called a dependent variable. Besides, when using
white-box ML models, it is possible to interpret and explain the
ML model results. This work proposes white-box ML models in-
tending to classify the FM maintainability based on 15 measures.
To build the models, we performed the following steps: (i) we com-
pared two approaches to evaluate the FM maintainability through
a human-based oracle of FM maintainability classifications; (ii) we
used the best approach to pre-classify the ML training dataset; (iii)
we generated three ML models and compared them against classifi-
cation accuracy, precision, recall, F1 and AUC-ROC; and, (iv) we
used the best model to create a mechanism capable of providing
improvement indicators to domain engineers. The best model used
the decision tree algorithm that obtained accuracy, precision, and
recall of 0.81, F1-Score of 0.79, and AUC-ROC of 0.91. Using this
model, we could reduce the number of measures needed to evaluate
the FM maintainability from 15 to 9 measures.

CCS CONCEPTS
• General and reference → Measurement; • Software and its
engineering → Software product lines; • Theory of compu-
tation → Machine learning theory.

KEYWORDS
quality evaluation, software product line, feature model, machine
learning
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1 INTRODUCTION
Software Product Line (SPL) is a family of systems created and
developed from a set of features [20]. A feature is a unit of function-
ality of a software system that satisfies a requirement, represents
a design decision, and provides a potential configuration option
[8, 29, 46]. Features are a central concept within the SPL paradigm,
and one of the artifacts used to specify them is the feature model
(FM) [5, 29]. FM is a graphical representation that defines SPL fea-
tures and the relationships and constraints between them. Besides,
from an FM, it is possible to retrieve all valid combinations between
the features [1, 18]. As the design of an FM occurs in the domain en-
gineering phase, in the early stages of the SPL development, errors
in this artifact can spread across the SPL [12, 38].

Considering that an FM defines all the features of an SPL, this
artifact can quickly become too complex over time, making it chal-
lenging to maintain and evolve the SPL [15, 26, 31, 35, 40]. This
increase in complexity occurs because changes underwent by SPL
(e.g., changes in requirements that result in the addition or removal
of features) generally imply changes in the FM [18]. Therefore, it is
essential to evaluate the quality of this artifact during the evolution
of an SPL so that the model remains maintainable [6, 12, 21, 44].

One of the strategies commonly used to evaluate the FM main-
tainability is using quality measures [6, 10, 12, 21, 25, 44, 45]. In
[12], the authors carried out a systematic mapping study to identify
FM quality measures from the literature. As a result, the authors
leveraged a catalog of 32 measures to evaluate the quality of an FM.
However, it is still difficult to assess the general quality of an FM by
using quality measures. Each measure focuses on a specific charac-
teristic of the model and not on this as a whole. Also, the ranges of
values of the measures are broad, and there is no clear indication of
which values can be considered adequate or inadequate [21]. The
greater the number of measures, the greater the time and effort
required for evaluation. Manual evaluation becomes even more
difficult. Several studies have used metrics, datasets, and machine
learning (ML) techniques to predict software maintainability in
single-system software development [4, 28, 34].

A feasible strategy to handle the problems mentioned above
would be to aggregate measures in a single value that indicates the
general maintainability of an FM. In [21], the authors used such
a strategy, applying fuzzy logic to a set of 15 quality measures to
aggregate them to produce a single index capable of indicating
the degree of maintainability of an FM. This strategy also allows
the classification of FM maintainability in the range very low, low,
medium, high, and very high, based on the index value. In our
previous work [44], we used another strategy to group the values of
maintainability measures into a single value. Clustering algorithms,
a type of ML algorithm, were applied to group FMs according to

[2] Configuration Model Maintainability
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automatically and progressively with random samples, such that one can use it to produce

predictions, starting with a small random sample, and subsequently extend it when further

measurements are available. DECART combines a previous approach based on plain CART

(Classification And Regression Trees) (Guo et al. 2013) with automated resampling and

parameter tuning. Using resampling, DECART learns a prediction model and determines

the model’s accuracy based on a given sample of measured configurations. Using param-

eter tuning, DECART ensures that the prediction model has been learned using optimal

parameter settings of CART based on the currently available sample.

In summary, we make the following contributions:
– We propose a data-efficient performance learning approach, called DECART, that

combines CART with resampling and parameter tuning for performance prediction of

configurable systems. DECART builds, validates, and determines a prediction model

automatically based on a single given sample. In practice, if there is already a sample

available, one can produce predictions directly based on the sample using DECART.

– We demonstrate the effectiveness and practicality of DECART by means of a set of

experiments on 10 real-world configurable systems, spanning different domains, with

different sizes, different configuration mechanisms, and different implementation lan-

guages. The evaluation is based on data from 30 independent experiments. It shows that

DECART effectively determines an accurate prediction model based on a small sam-

ple and, more importantly, the prediction accuracy estimated based on the sample can

represent the generalized prediction accuracy of the whole population.

– To evaluate the novel features and innovation of DECART, we compare DECART to

previous work based on plain CART (Guo et al. 2013). Also, we empirically compare

three widely-used resampling techniques (hold-out, cross-validation and bootstrapping)

and three parameter-tuning techniques (random search, grid search and Bayesian opti-

mization). Our empirical results demonstrate that DECART produces more accurate

predictions than the original CART-based method. Given that a systematic parameter

tuning is involved, DECART still works very fast, and the entire process of selecting a

prediction model takes, at most, seconds for all subject systems (excluding the time to

obtain the sample measurements).

– To explore why DECART works with small random samples, we propose an analytical

sample quality metric that quantifies a sample’s goodness of fit to the whole population

and thus provides a quantitative analysis of the quality of a sample for performance

prediction. Previously, this was only surveyed by an empirical analysis of performance

distributions (Guo et al. 2013).
– We have implemented DECART and made the source code of our implementation of

DECART publicly available at http://github.com/jmguo/DECART/.

This article is based on an earlier conference paper (Guo et al. 2013). Compared to that

paper, the text and the method have been significantly extended and improved. First, we

propose a systematic approach that combines typical CART with resampling and parameter

tuning to enable data-efficient performance learning, to reduce measurement effort for vali-

dating a performance-prediction model. Second, the previous approach tuned the parameters

of CART using a set of empirically-determined rules, which may not work when new sub-

ject systems are considered, while DECART adopts systematic and automated resampling

and parameter tuning, such that the best prediction model with optimal parameter settings

can be selected. Third, previously we only explored why the learning approach works by

a comparative analysis of performance distributions, which is empirical and subjective. By

Empir Software Eng (2018) 23:1826–1867

1827demonstrate the effectiveness and practicality of DECART. In particular, DECART achieves

a prediction accuracy of 90% or higher based on a small sample, whose size is linear in

the number of features. In addition, we propose a sample quality metric and introduce a

quantitative analysis of the quality of a sample for performance prediction.Keywords Performance prediction · Configurable systems · Regression · Model

selection · Parameter tuning

1 Introduction

Many software systems, such as databases, compilers, and Web servers, provide configura-

tion options for stakeholders to tailor the systems’ functional behavior and non-functional

properties (e.g., performance, cost, and energy consumption). Configuration options rele-

vant to stakeholders are often called features (Czarnecki and Eisenecker 2000; Apel and

Kästner 2009). Each system variant derived from a configurable software system can be

represented as a selection of features, called a configuration.
Performance (e.g., response time or throughput) is one of the most important non-

functional properties, because it directly affects user perception and cost (Westermann

et al. 2012). Finding an optimal configuration to meet a specific performance goal is

often important for developers, system administrators, and users. Naively, one could mea-

sure the performance of all configurations of a system and then identify which is the

fastest, or build a precise performance model linking feature selection and performance.

Unfortunately, this is usually infeasible, as, due to a combinatorial explosion of possible

combinations of features, even a small-scale configurable system can have a very large num-

ber of configurations. Moreover, measuring the performance of an individual configuration

might be time-consuming in itself (e.g., executing a complex benchmark). Measuring many

configurations, or measuring slow runs, incur an unacceptable measurement cost.

Typically, only a limited set of configurations can be measured in practice, either by

simulation (Westermann et al. 2012) or by monitoring in the field (Thereska et al. 2010). We

call this subset of configurations (along with the corresponding performance measurements)

a sample, and all configurations of a system (along with their performance values) the whole

population. We want to predict the performance of configurations in the population based

on a performance model built by measuring only the sample. Predicting the performance of

a new configuration based on a given sample is likely less accurate than directly measuring

its performance. A key challenge is to balance measurement effort and prediction accuracy,

by using only a small sample (for example, a sample with a size that is linear in the number

of features) to predict the performance of other configurations in the population with a high

accuracy (say, above 90%).To address this challenge and to hit a sweet spot between measurement effort and pre-

diction accuracy, we aim at a data-efficient learning approach, which is recently gaining

momentum in the community of machine learning (Deisenroth et al. 2016). The key idea

is to efficiently reuse available data and then enable effective learning for many small-data

problems. This is particularly useful if acquiring data is expensive, such as in personal-

ized healthcare, robot reinforcement learning, sentiment analysis, and community detection

(Deisenroth et al. 2016). We bring these ideas to performance prediction of configurable

systems, proposing Data-Efficient CART (DECART), a performance prediction method that

suffices with a small sample of measured configurations of a software system and that

effectively determines a reasonably accurate prediction model therefrom. DECART works
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Abstract Many software systems today are configurable, offering customization of func-
tionality by feature selection. Understanding how performance varies in terms of feature
selection is key for selecting appropriate configurations that meet a set of given require-
ments. Due to a huge configuration space and the possibly high cost of performance
measurement, it is usually not feasible to explore the entire configuration space of a config-
urable system exhaustively. It is thus a major challenge to accurately predict performance
based on a small sample of measured system variants. To address this challenge, we pro-
pose a data-efficient learning approach, called DECART, that combines several techniques
of machine learning and statistics for performance prediction of configurable systems.
DECART builds, validates, and determines a prediction model based on an available sam-
ple of measured system variants. Empirical results on 10 real-world configurable systems
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Table 1: MiniCOfFEE: subset of 15 maintainability measures for FMs selected from the COfFEE catalog [13]

.

Acronym
Name

Description

NF
Number of Features

Number of features in the model

NM
Number of Mandatory Features

Number of mandatory features in the model

NLeaf Number of Leaf Features
Number of features without children

NTop Number of top Features
Number of features direct descendant of the root

CogC Cognitive Complexity
Number of variants points

FEX
Feature Extensibility

NLeaf + SCDF + MCDF

FoC
Flexibility of Configuration

(Number of optional features)/NF

DTMax Maximum Depth of Tree
Number of features of the longest path from the root of the feature model

NVC
Number of Valid Configurations

Number of possible and valid configurations of the feature model

RoV
Ratio of Variability

NVC/NF2

RDen Coeficient of connectivity-density Average number of (non-parent) features referenced in the constraints of a feature

NGXOr Number of XOr groups
Number of variation points with relationship XOr

NGOr Number of Or groups
Number of variation points with relationship Or

SCDF Number of Features dependent on
unique cycles

The sum of all features that participate in child feature constraints that have variant

points with [ 1..1 ]

MCDF Multiple feature-dependent cycles The sum of all features that participate in child feature constraints that have cardinality

variant points [ 1 .. * ]
left. This process repeats until reaching a leaf node, which

indicates the resulting class [16].
There are several measures to measure the quality of a classifica-

tion model. In general, measures consider true positives (TP), false

positives (FP), true negatives (TN), and false negatives (FN) values.

Some of the main classification measures are:
• Accuracy. It is measured by the ratio of the number of cor-

rect classifications to the total number of samples [19]. The

formula below expresses accuracy:𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 +𝑇𝑁𝑇𝑃 + 𝐹𝑃 +𝑇𝑁 + 𝐹𝑁 (1)

• Precision. The precision measure has a great emphasis on

catching false-positive errors. It can be measured by the ratio

of the number of correct positive ratings to the total number

of positive ratings [19]. Precision is expressed by the formula

below.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(2)

• Recall. Unlike precision, the recall measure has a great em-

phasis on catching false negative errors. It can be measured

by the ratio between the number of correct positive ratings

and the number of correct positive ratings plus the num-

ber of false-negative ratings [19]. Recall is expressed by the

formula below.

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(3)

• F1 Score. This measure is obtained from the calculation of

the harmonic mean between the precision and recall [19].

F1-Score is expressed by the formula below.𝐹1 = 2 · 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 · 𝑅𝑒𝑐𝑎𝑙𝑙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (4)

• AUC-ROC. AUC-ROC is a performance measure for the

classification problem that tells how much a model is able

to distinguish between the classes [39]. ROC (Receiver Op-

erating Characteristic) is a probability curve plotted with

TPR (True Positive Ratio) versus FPR (False Positive Ratio)

[39]. AUC is the area under the ROC curve. TPR and FPR are

expressed by the formulas below.
𝑇𝑃𝑅 = 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(5)

𝐹𝑃𝑅 = 𝐹𝑃
𝑇𝑁 + 𝐹𝑃

(6)

2.3 Related workBezerra et al. [13] carried out a systematic mapping to identify

measures to assess the quality of FMs. The authors then proposed

COfFEE, a catalog of 32 FM quality measures, and validated with

FMs extracted from the S.P.L.O.T. repository [37]. The measures

identified in this work were implemented for automatic collection

in a tool called DyMMer [14]. In a later work [12], the authors

carried out an analysis of the correlation between the measures in

the COfFEE catalog. As a result, the authors found that a subset

of the measures in the original catalog was sufficient to assess the

quality of FMs. The authors then proposed a new catalog called

MiniCOfFEE [12], consisting of 15 out of the 32 measures in the

COfFEE catalog. In this work, the measurements from the Mini-

COfFEE [12] catalog will serve to train ML models to assess the

maintainability of FMs. Also, the measures in the MiniCOfFEE [12]

catalog are analyzed to see if it is still possible to reduce the number

of measures necessary to assess the maintainability of an FM. The

analysis considers the correlations between the 15 FM maintain-

ability measures and the importance of each measure for a set of

ML models.El-Sharkawy et al. [25] carried out a systematic literature review

to identify measures of SPL variability. The authors analyzed 42

papers in which 52 measures for variability models were identified,

80 for code artifacts and 10 for both artifacts. In subsequent works,

the authors manage to automate the measures in a tool called

MetricHaven [23] and evaluate the automated structure from a set

of metrics in the Linux Kernel [24]. In this work, we prefer to use
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the values of a set of maintainability measures. Thus, to classify
FM maintainability as very bad, bad, moderate, good, and very good.
When using the ML approach, it is necessary to obtain a pre-

classified FM data set as it is a supervised learning problem [36].
One way to classify the data would be using SPL experts, but to
get a reasonably sized dataset, a relatively large number of experts
makes the option unfeasible. Hence, we opted to use an automatic
classification approach of FM maintainability to pre-classify the
training dataset of the algorithms.In this context, the goal of the present work is to use ML algo-
rithms to classify FM maintainability. To accomplish this goal, we
carried out a comparison between the FM maintainability classifi-
cation approaches proposed in [21] and in our previous work [44].
The comparison used a human-based oracle of FM maintainability
classifications. It will serve as a basis for choosing one of the two
approaches to pre-classify the dataset to employ in the training
of ML algorithms. The classification of the obtained classification
models uses accuracy, precision, recall, F1, and AUC-ROCmeasures.
The best classification model could support domain engineers and
anyone interested in improving SPL to easily and quickly evaluate
the FM maintainability.Two research questions guided our investigation:• RQ1:What are the most representative measures to evaluate

the FM maintainability?• RQ2:What is the best ML model to evaluate FM maintainabil-
ity?

RQ1 seeks to investigate which maintainability measures are
needed to evaluate FM maintainability. This reduction has the po-
tential to increase the performance and scalability of ML models.
RQ2 on the other hand, seeks to investigate which is the best ML
model among those produced in this work in terms of accuracy,
precision, recall, F1, and AUC-ROC. The best ML model will be
made available as a result of this work.Among the main contributions of the present study we could
highlight the following:

• Compare two FM maintainability classification approaches
described in the literature.• Create an ML-based approach to classifying the FM main-
tainability using white-box algorithms.• Find out the nine most significant measures to assess FM
maintainability.

The rest of this study is organized as follows. Section 2 presents
the theoretical basis to support the understanding of this study
and related work. Section 3 describes the search method. Section 4
presents the study results. Section 5 discusses the main threats to
validity. Finally, Section 6 presents the conclusions and future work.2 BACKGROUND
2.1 Evaluation the FM maintainabilityIn [13], the authors carried out a systematic mapping study and
identified 32 quality measures for FM in a catalog called COfFEE.
In a later study [12], the authors analyzed the measures from the
COfFEE catalog and identified correlations between some of these
measures. Also, they found that it was possible to characterize
the quality of an FM by using only 15 out of the 32 measures.

Therefore, they created a new catalog describing these 15 measures
and named it MiniCOfFEE [12] (Table 1). In this current study, we
aggregated the measures from the MiniCOfFEE [12] catalog by
using ML models to allow the assessment of FM maintainability.
The DyMMer tool (Dynamic feature Model tool based on Measures)
will support collecting measures automatically [14].
2.2 Machine learningML is a subarea of artificial intelligence (AI) that brings together a
set of methods that allow computers to learn from data to improve
predictions [3]. ML is a branch of computational algorithms that
are still evolving [22]. Several areas, e.g., finance, health, and adver-
tising, to name a few, have applied ML methods and techniques to
handle particular problems [7]. Literature works also use ML with
SPL for several purposes, such as constraints inferring [47] and
quality measures aggregation [44]. There are four “learning" types:
supervised learning, unsupervised learning, reinforcement learn-
ing, and evolutionary learning. The former is the most commonly
employed one. For the resolution of ML problems (especially in
supervised and unsupervised learning), a generally adopted process
encompasses the following stages: data collection and preparation,
selection of independent variables, choice of algorithms, selection
of parameters and models, and evaluation [36].Supervised learning problems comprise two types of problems:
(i) classification problems, in which the dependent variable is cate-
gorical; and (ii) regression problems, in which the dependent vari-
able is numeric [36]. In this work, we handle the classification of
FMs by considering their maintainability values. We take the set
of 15 FM maintainability measures. This scenario encompasses a
classification problem (supervised learning) as the intended result
is categorical. There are several algorithms for the classification
problem, among which we can highlight:

• Naive Bayes. It is a family of algorithms that calculate the
probability of a given result given a set of conditions, us-
ing the theorem of Bayes [16]. Naive Bayes is a powerful
and easy to train classifier [16]. It receives the name naive
because it assumes that the independent variables have no
dependencies (i.e., they are not correlated), which may not
be the case in certain classification problems [43].• LogisticRegression. Despite having regression in the name,
this is a classification algorithm based on the probability of
a given sample belonging to a certain class [16]. The logistic
regression algorithm has some similarities with the linear
regression algorithm (used in regression problems). The dif-
ference is that in the logistic regression, the output value of
the function must be between (0, 1). Therefore, the sigmoid
function is introduced, whose output value must be between
(0, 1).

• DecisionTree. It is a type of logic-based algorithm to use for
regression and classification problems [43]. In classification
problems, the algorithm forms a binary tree structure that
allows a sequential decision process to discover the class
of a given sample [16]. It is possible to evaluate a given
independent variable from the tree root and decide whether
the next node will be either the one on the right or the
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ABSTRACT
Software Product Lines (SPL) are generally specified using a Feature
Model (FM), an artifact designed in the early stages of the SPL de-
velopment life cycle. This artifact can quickly become too complex,
which makes it challenging to maintain an SPL. Therefore, it is es-
sential to evaluate the artifact’s maintainability continuously. The
literature brings some approaches that evaluate FM maintainabil-
ity through the aggregation of maintainability measures. Machine
Learning (ML) models can be used to create these approaches. They
can aggregate the values of independent variables into a single
target data, also called a dependent variable. Besides, when using
white-box ML models, it is possible to interpret and explain the
ML model results. This work proposes white-box ML models in-
tending to classify the FM maintainability based on 15 measures.
To build the models, we performed the following steps: (i) we com-
pared two approaches to evaluate the FM maintainability through
a human-based oracle of FM maintainability classifications; (ii) we
used the best approach to pre-classify the ML training dataset; (iii)
we generated three ML models and compared them against classifi-
cation accuracy, precision, recall, F1 and AUC-ROC; and, (iv) we
used the best model to create a mechanism capable of providing
improvement indicators to domain engineers. The best model used
the decision tree algorithm that obtained accuracy, precision, and
recall of 0.81, F1-Score of 0.79, and AUC-ROC of 0.91. Using this
model, we could reduce the number of measures needed to evaluate
the FM maintainability from 15 to 9 measures.

CCS CONCEPTS
• General and reference → Measurement; • Software and its
engineering → Software product lines; • Theory of compu-
tation → Machine learning theory.
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quality evaluation, software product line, feature model, machine
learning
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1 INTRODUCTION
Software Product Line (SPL) is a family of systems created and
developed from a set of features [20]. A feature is a unit of function-
ality of a software system that satisfies a requirement, represents
a design decision, and provides a potential configuration option
[8, 29, 46]. Features are a central concept within the SPL paradigm,
and one of the artifacts used to specify them is the feature model
(FM) [5, 29]. FM is a graphical representation that defines SPL fea-
tures and the relationships and constraints between them. Besides,
from an FM, it is possible to retrieve all valid combinations between
the features [1, 18]. As the design of an FM occurs in the domain en-
gineering phase, in the early stages of the SPL development, errors
in this artifact can spread across the SPL [12, 38].

Considering that an FM defines all the features of an SPL, this
artifact can quickly become too complex over time, making it chal-
lenging to maintain and evolve the SPL [15, 26, 31, 35, 40]. This
increase in complexity occurs because changes underwent by SPL
(e.g., changes in requirements that result in the addition or removal
of features) generally imply changes in the FM [18]. Therefore, it is
essential to evaluate the quality of this artifact during the evolution
of an SPL so that the model remains maintainable [6, 12, 21, 44].

One of the strategies commonly used to evaluate the FM main-
tainability is using quality measures [6, 10, 12, 21, 25, 44, 45]. In
[12], the authors carried out a systematic mapping study to identify
FM quality measures from the literature. As a result, the authors
leveraged a catalog of 32 measures to evaluate the quality of an FM.
However, it is still difficult to assess the general quality of an FM by
using quality measures. Each measure focuses on a specific charac-
teristic of the model and not on this as a whole. Also, the ranges of
values of the measures are broad, and there is no clear indication of
which values can be considered adequate or inadequate [21]. The
greater the number of measures, the greater the time and effort
required for evaluation. Manual evaluation becomes even more
difficult. Several studies have used metrics, datasets, and machine
learning (ML) techniques to predict software maintainability in
single-system software development [4, 28, 34].

A feasible strategy to handle the problems mentioned above
would be to aggregate measures in a single value that indicates the
general maintainability of an FM. In [21], the authors used such
a strategy, applying fuzzy logic to a set of 15 quality measures to
aggregate them to produce a single index capable of indicating
the degree of maintainability of an FM. This strategy also allows
the classification of FM maintainability in the range very low, low,
medium, high, and very high, based on the index value. In our
previous work [44], we used another strategy to group the values of
maintainability measures into a single value. Clustering algorithms,
a type of ML algorithm, were applied to group FMs according to
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automatically and progressively with random samples, such that one can use it to produce

predictions, starting with a small random sample, and subsequently extend it when further

measurements are available. DECART combines a previous approach based on plain CART

(Classification And Regression Trees) (Guo et al. 2013) with automated resampling and

parameter tuning. Using resampling, DECART learns a prediction model and determines

the model’s accuracy based on a given sample of measured configurations. Using param-

eter tuning, DECART ensures that the prediction model has been learned using optimal

parameter settings of CART based on the currently available sample.

In summary, we make the following contributions:
– We propose a data-efficient performance learning approach, called DECART, that

combines CART with resampling and parameter tuning for performance prediction of

configurable systems. DECART builds, validates, and determines a prediction model

automatically based on a single given sample. In practice, if there is already a sample

available, one can produce predictions directly based on the sample using DECART.

– We demonstrate the effectiveness and practicality of DECART by means of a set of

experiments on 10 real-world configurable systems, spanning different domains, with

different sizes, different configuration mechanisms, and different implementation lan-

guages. The evaluation is based on data from 30 independent experiments. It shows that

DECART effectively determines an accurate prediction model based on a small sam-

ple and, more importantly, the prediction accuracy estimated based on the sample can

represent the generalized prediction accuracy of the whole population.

– To evaluate the novel features and innovation of DECART, we compare DECART to

previous work based on plain CART (Guo et al. 2013). Also, we empirically compare

three widely-used resampling techniques (hold-out, cross-validation and bootstrapping)

and three parameter-tuning techniques (random search, grid search and Bayesian opti-

mization). Our empirical results demonstrate that DECART produces more accurate

predictions than the original CART-based method. Given that a systematic parameter

tuning is involved, DECART still works very fast, and the entire process of selecting a

prediction model takes, at most, seconds for all subject systems (excluding the time to

obtain the sample measurements).

– To explore why DECART works with small random samples, we propose an analytical

sample quality metric that quantifies a sample’s goodness of fit to the whole population

and thus provides a quantitative analysis of the quality of a sample for performance

prediction. Previously, this was only surveyed by an empirical analysis of performance

distributions (Guo et al. 2013).
– We have implemented DECART and made the source code of our implementation of

DECART publicly available at http://github.com/jmguo/DECART/.

This article is based on an earlier conference paper (Guo et al. 2013). Compared to that

paper, the text and the method have been significantly extended and improved. First, we

propose a systematic approach that combines typical CART with resampling and parameter

tuning to enable data-efficient performance learning, to reduce measurement effort for vali-

dating a performance-prediction model. Second, the previous approach tuned the parameters

of CART using a set of empirically-determined rules, which may not work when new sub-

ject systems are considered, while DECART adopts systematic and automated resampling

and parameter tuning, such that the best prediction model with optimal parameter settings

can be selected. Third, previously we only explored why the learning approach works by

a comparative analysis of performance distributions, which is empirical and subjective. By
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1827demonstrate the effectiveness and practicality of DECART. In particular, DECART achieves

a prediction accuracy of 90% or higher based on a small sample, whose size is linear in

the number of features. In addition, we propose a sample quality metric and introduce a

quantitative analysis of the quality of a sample for performance prediction.Keywords Performance prediction · Configurable systems · Regression · Model

selection · Parameter tuning

1 Introduction

Many software systems, such as databases, compilers, and Web servers, provide configura-

tion options for stakeholders to tailor the systems’ functional behavior and non-functional

properties (e.g., performance, cost, and energy consumption). Configuration options rele-

vant to stakeholders are often called features (Czarnecki and Eisenecker 2000; Apel and

Kästner 2009). Each system variant derived from a configurable software system can be

represented as a selection of features, called a configuration.
Performance (e.g., response time or throughput) is one of the most important non-

functional properties, because it directly affects user perception and cost (Westermann

et al. 2012). Finding an optimal configuration to meet a specific performance goal is

often important for developers, system administrators, and users. Naively, one could mea-

sure the performance of all configurations of a system and then identify which is the

fastest, or build a precise performance model linking feature selection and performance.

Unfortunately, this is usually infeasible, as, due to a combinatorial explosion of possible

combinations of features, even a small-scale configurable system can have a very large num-

ber of configurations. Moreover, measuring the performance of an individual configuration

might be time-consuming in itself (e.g., executing a complex benchmark). Measuring many

configurations, or measuring slow runs, incur an unacceptable measurement cost.

Typically, only a limited set of configurations can be measured in practice, either by

simulation (Westermann et al. 2012) or by monitoring in the field (Thereska et al. 2010). We

call this subset of configurations (along with the corresponding performance measurements)

a sample, and all configurations of a system (along with their performance values) the whole

population. We want to predict the performance of configurations in the population based

on a performance model built by measuring only the sample. Predicting the performance of

a new configuration based on a given sample is likely less accurate than directly measuring

its performance. A key challenge is to balance measurement effort and prediction accuracy,

by using only a small sample (for example, a sample with a size that is linear in the number

of features) to predict the performance of other configurations in the population with a high

accuracy (say, above 90%).To address this challenge and to hit a sweet spot between measurement effort and pre-

diction accuracy, we aim at a data-efficient learning approach, which is recently gaining

momentum in the community of machine learning (Deisenroth et al. 2016). The key idea

is to efficiently reuse available data and then enable effective learning for many small-data

problems. This is particularly useful if acquiring data is expensive, such as in personal-

ized healthcare, robot reinforcement learning, sentiment analysis, and community detection

(Deisenroth et al. 2016). We bring these ideas to performance prediction of configurable

systems, proposing Data-Efficient CART (DECART), a performance prediction method that

suffices with a small sample of measured configurations of a software system and that

effectively determines a reasonably accurate prediction model therefrom. DECART works
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Abstract Many software systems today are configurable, offering customization of func-
tionality by feature selection. Understanding how performance varies in terms of feature
selection is key for selecting appropriate configurations that meet a set of given require-
ments. Due to a huge configuration space and the possibly high cost of performance
measurement, it is usually not feasible to explore the entire configuration space of a config-
urable system exhaustively. It is thus a major challenge to accurately predict performance
based on a small sample of measured system variants. To address this challenge, we pro-
pose a data-efficient learning approach, called DECART, that combines several techniques
of machine learning and statistics for performance prediction of configurable systems.
DECART builds, validates, and determines a prediction model based on an available sam-
ple of measured system variants. Empirical results on 10 real-world configurable systems
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Table 1: MiniCOfFEE: subset of 15 maintainability measures for FMs selected from the COfFEE catalog [13]

.

Acronym
Name

Description

NF
Number of Features

Number of features in the model

NM
Number of Mandatory Features

Number of mandatory features in the model

NLeaf Number of Leaf Features
Number of features without children

NTop Number of top Features
Number of features direct descendant of the root

CogC Cognitive Complexity
Number of variants points

FEX
Feature Extensibility

NLeaf + SCDF + MCDF

FoC
Flexibility of Configuration

(Number of optional features)/NF

DTMax Maximum Depth of Tree
Number of features of the longest path from the root of the feature model

NVC
Number of Valid Configurations

Number of possible and valid configurations of the feature model

RoV
Ratio of Variability

NVC/NF2

RDen Coeficient of connectivity-density Average number of (non-parent) features referenced in the constraints of a feature

NGXOr Number of XOr groups
Number of variation points with relationship XOr

NGOr Number of Or groups
Number of variation points with relationship Or

SCDF Number of Features dependent on
unique cycles

The sum of all features that participate in child feature constraints that have variant

points with [ 1..1 ]

MCDF Multiple feature-dependent cycles The sum of all features that participate in child feature constraints that have cardinality

variant points [ 1 .. * ]
left. This process repeats until reaching a leaf node, which

indicates the resulting class [16].
There are several measures to measure the quality of a classifica-

tion model. In general, measures consider true positives (TP), false

positives (FP), true negatives (TN), and false negatives (FN) values.

Some of the main classification measures are:
• Accuracy. It is measured by the ratio of the number of cor-

rect classifications to the total number of samples [19]. The

formula below expresses accuracy:𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 +𝑇𝑁𝑇𝑃 + 𝐹𝑃 +𝑇𝑁 + 𝐹𝑁 (1)

• Precision. The precision measure has a great emphasis on

catching false-positive errors. It can be measured by the ratio

of the number of correct positive ratings to the total number

of positive ratings [19]. Precision is expressed by the formula

below.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(2)

• Recall. Unlike precision, the recall measure has a great em-

phasis on catching false negative errors. It can be measured

by the ratio between the number of correct positive ratings

and the number of correct positive ratings plus the num-

ber of false-negative ratings [19]. Recall is expressed by the

formula below.

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(3)

• F1 Score. This measure is obtained from the calculation of

the harmonic mean between the precision and recall [19].

F1-Score is expressed by the formula below.𝐹1 = 2 · 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 · 𝑅𝑒𝑐𝑎𝑙𝑙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (4)

• AUC-ROC. AUC-ROC is a performance measure for the

classification problem that tells how much a model is able

to distinguish between the classes [39]. ROC (Receiver Op-

erating Characteristic) is a probability curve plotted with

TPR (True Positive Ratio) versus FPR (False Positive Ratio)

[39]. AUC is the area under the ROC curve. TPR and FPR are

expressed by the formulas below.
𝑇𝑃𝑅 = 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(5)

𝐹𝑃𝑅 = 𝐹𝑃
𝑇𝑁 + 𝐹𝑃

(6)

2.3 Related workBezerra et al. [13] carried out a systematic mapping to identify

measures to assess the quality of FMs. The authors then proposed

COfFEE, a catalog of 32 FM quality measures, and validated with

FMs extracted from the S.P.L.O.T. repository [37]. The measures

identified in this work were implemented for automatic collection

in a tool called DyMMer [14]. In a later work [12], the authors

carried out an analysis of the correlation between the measures in

the COfFEE catalog. As a result, the authors found that a subset

of the measures in the original catalog was sufficient to assess the

quality of FMs. The authors then proposed a new catalog called

MiniCOfFEE [12], consisting of 15 out of the 32 measures in the

COfFEE catalog. In this work, the measurements from the Mini-

COfFEE [12] catalog will serve to train ML models to assess the

maintainability of FMs. Also, the measures in the MiniCOfFEE [12]

catalog are analyzed to see if it is still possible to reduce the number

of measures necessary to assess the maintainability of an FM. The

analysis considers the correlations between the 15 FM maintain-

ability measures and the importance of each measure for a set of

ML models.El-Sharkawy et al. [25] carried out a systematic literature review

to identify measures of SPL variability. The authors analyzed 42

papers in which 52 measures for variability models were identified,

80 for code artifacts and 10 for both artifacts. In subsequent works,

the authors manage to automate the measures in a tool called

MetricHaven [23] and evaluate the automated structure from a set

of metrics in the Linux Kernel [24]. In this work, we prefer to use
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the values of a set of maintainability measures. Thus, to classify
FM maintainability as very bad, bad, moderate, good, and very good.
When using the ML approach, it is necessary to obtain a pre-

classified FM data set as it is a supervised learning problem [36].
One way to classify the data would be using SPL experts, but to
get a reasonably sized dataset, a relatively large number of experts
makes the option unfeasible. Hence, we opted to use an automatic
classification approach of FM maintainability to pre-classify the
training dataset of the algorithms.In this context, the goal of the present work is to use ML algo-
rithms to classify FM maintainability. To accomplish this goal, we
carried out a comparison between the FM maintainability classifi-
cation approaches proposed in [21] and in our previous work [44].
The comparison used a human-based oracle of FM maintainability
classifications. It will serve as a basis for choosing one of the two
approaches to pre-classify the dataset to employ in the training
of ML algorithms. The classification of the obtained classification
models uses accuracy, precision, recall, F1, and AUC-ROCmeasures.
The best classification model could support domain engineers and
anyone interested in improving SPL to easily and quickly evaluate
the FM maintainability.Two research questions guided our investigation:• RQ1:What are the most representative measures to evaluate

the FM maintainability?• RQ2:What is the best ML model to evaluate FM maintainabil-
ity?

RQ1 seeks to investigate which maintainability measures are
needed to evaluate FM maintainability. This reduction has the po-
tential to increase the performance and scalability of ML models.
RQ2 on the other hand, seeks to investigate which is the best ML
model among those produced in this work in terms of accuracy,
precision, recall, F1, and AUC-ROC. The best ML model will be
made available as a result of this work.Among the main contributions of the present study we could
highlight the following:

• Compare two FM maintainability classification approaches
described in the literature.• Create an ML-based approach to classifying the FM main-
tainability using white-box algorithms.• Find out the nine most significant measures to assess FM
maintainability.

The rest of this study is organized as follows. Section 2 presents
the theoretical basis to support the understanding of this study
and related work. Section 3 describes the search method. Section 4
presents the study results. Section 5 discusses the main threats to
validity. Finally, Section 6 presents the conclusions and future work.2 BACKGROUND
2.1 Evaluation the FM maintainabilityIn [13], the authors carried out a systematic mapping study and
identified 32 quality measures for FM in a catalog called COfFEE.
In a later study [12], the authors analyzed the measures from the
COfFEE catalog and identified correlations between some of these
measures. Also, they found that it was possible to characterize
the quality of an FM by using only 15 out of the 32 measures.

Therefore, they created a new catalog describing these 15 measures
and named it MiniCOfFEE [12] (Table 1). In this current study, we
aggregated the measures from the MiniCOfFEE [12] catalog by
using ML models to allow the assessment of FM maintainability.
The DyMMer tool (Dynamic feature Model tool based on Measures)
will support collecting measures automatically [14].
2.2 Machine learningML is a subarea of artificial intelligence (AI) that brings together a
set of methods that allow computers to learn from data to improve
predictions [3]. ML is a branch of computational algorithms that
are still evolving [22]. Several areas, e.g., finance, health, and adver-
tising, to name a few, have applied ML methods and techniques to
handle particular problems [7]. Literature works also use ML with
SPL for several purposes, such as constraints inferring [47] and
quality measures aggregation [44]. There are four “learning" types:
supervised learning, unsupervised learning, reinforcement learn-
ing, and evolutionary learning. The former is the most commonly
employed one. For the resolution of ML problems (especially in
supervised and unsupervised learning), a generally adopted process
encompasses the following stages: data collection and preparation,
selection of independent variables, choice of algorithms, selection
of parameters and models, and evaluation [36].Supervised learning problems comprise two types of problems:
(i) classification problems, in which the dependent variable is cate-
gorical; and (ii) regression problems, in which the dependent vari-
able is numeric [36]. In this work, we handle the classification of
FMs by considering their maintainability values. We take the set
of 15 FM maintainability measures. This scenario encompasses a
classification problem (supervised learning) as the intended result
is categorical. There are several algorithms for the classification
problem, among which we can highlight:

• Naive Bayes. It is a family of algorithms that calculate the
probability of a given result given a set of conditions, us-
ing the theorem of Bayes [16]. Naive Bayes is a powerful
and easy to train classifier [16]. It receives the name naive
because it assumes that the independent variables have no
dependencies (i.e., they are not correlated), which may not
be the case in certain classification problems [43].• LogisticRegression. Despite having regression in the name,
this is a classification algorithm based on the probability of
a given sample belonging to a certain class [16]. The logistic
regression algorithm has some similarities with the linear
regression algorithm (used in regression problems). The dif-
ference is that in the logistic regression, the output value of
the function must be between (0, 1). Therefore, the sigmoid
function is introduced, whose output value must be between
(0, 1).

• DecisionTree. It is a type of logic-based algorithm to use for
regression and classification problems [43]. In classification
problems, the algorithm forms a binary tree structure that
allows a sequential decision process to discover the class
of a given sample [16]. It is possible to evaluate a given
independent variable from the tree root and decide whether
the next node will be either the one on the right or the
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ABSTRACT
Software Product Lines (SPL) are generally specified using a Feature
Model (FM), an artifact designed in the early stages of the SPL de-
velopment life cycle. This artifact can quickly become too complex,
which makes it challenging to maintain an SPL. Therefore, it is es-
sential to evaluate the artifact’s maintainability continuously. The
literature brings some approaches that evaluate FM maintainabil-
ity through the aggregation of maintainability measures. Machine
Learning (ML) models can be used to create these approaches. They
can aggregate the values of independent variables into a single
target data, also called a dependent variable. Besides, when using
white-box ML models, it is possible to interpret and explain the
ML model results. This work proposes white-box ML models in-
tending to classify the FM maintainability based on 15 measures.
To build the models, we performed the following steps: (i) we com-
pared two approaches to evaluate the FM maintainability through
a human-based oracle of FM maintainability classifications; (ii) we
used the best approach to pre-classify the ML training dataset; (iii)
we generated three ML models and compared them against classifi-
cation accuracy, precision, recall, F1 and AUC-ROC; and, (iv) we
used the best model to create a mechanism capable of providing
improvement indicators to domain engineers. The best model used
the decision tree algorithm that obtained accuracy, precision, and
recall of 0.81, F1-Score of 0.79, and AUC-ROC of 0.91. Using this
model, we could reduce the number of measures needed to evaluate
the FM maintainability from 15 to 9 measures.

CCS CONCEPTS
• General and reference → Measurement; • Software and its
engineering → Software product lines; • Theory of compu-
tation → Machine learning theory.
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1 INTRODUCTION
Software Product Line (SPL) is a family of systems created and
developed from a set of features [20]. A feature is a unit of function-
ality of a software system that satisfies a requirement, represents
a design decision, and provides a potential configuration option
[8, 29, 46]. Features are a central concept within the SPL paradigm,
and one of the artifacts used to specify them is the feature model
(FM) [5, 29]. FM is a graphical representation that defines SPL fea-
tures and the relationships and constraints between them. Besides,
from an FM, it is possible to retrieve all valid combinations between
the features [1, 18]. As the design of an FM occurs in the domain en-
gineering phase, in the early stages of the SPL development, errors
in this artifact can spread across the SPL [12, 38].

Considering that an FM defines all the features of an SPL, this
artifact can quickly become too complex over time, making it chal-
lenging to maintain and evolve the SPL [15, 26, 31, 35, 40]. This
increase in complexity occurs because changes underwent by SPL
(e.g., changes in requirements that result in the addition or removal
of features) generally imply changes in the FM [18]. Therefore, it is
essential to evaluate the quality of this artifact during the evolution
of an SPL so that the model remains maintainable [6, 12, 21, 44].

One of the strategies commonly used to evaluate the FM main-
tainability is using quality measures [6, 10, 12, 21, 25, 44, 45]. In
[12], the authors carried out a systematic mapping study to identify
FM quality measures from the literature. As a result, the authors
leveraged a catalog of 32 measures to evaluate the quality of an FM.
However, it is still difficult to assess the general quality of an FM by
using quality measures. Each measure focuses on a specific charac-
teristic of the model and not on this as a whole. Also, the ranges of
values of the measures are broad, and there is no clear indication of
which values can be considered adequate or inadequate [21]. The
greater the number of measures, the greater the time and effort
required for evaluation. Manual evaluation becomes even more
difficult. Several studies have used metrics, datasets, and machine
learning (ML) techniques to predict software maintainability in
single-system software development [4, 28, 34].

A feasible strategy to handle the problems mentioned above
would be to aggregate measures in a single value that indicates the
general maintainability of an FM. In [21], the authors used such
a strategy, applying fuzzy logic to a set of 15 quality measures to
aggregate them to produce a single index capable of indicating
the degree of maintainability of an FM. This strategy also allows
the classification of FM maintainability in the range very low, low,
medium, high, and very high, based on the index value. In our
previous work [44], we used another strategy to group the values of
maintainability measures into a single value. Clustering algorithms,
a type of ML algorithm, were applied to group FMs according to

[2] Configuration Model Maintainability
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automatically and progressively with random samples, such that one can use it to produce

predictions, starting with a small random sample, and subsequently extend it when further

measurements are available. DECART combines a previous approach based on plain CART

(Classification And Regression Trees) (Guo et al. 2013) with automated resampling and

parameter tuning. Using resampling, DECART learns a prediction model and determines

the model’s accuracy based on a given sample of measured configurations. Using param-

eter tuning, DECART ensures that the prediction model has been learned using optimal

parameter settings of CART based on the currently available sample.

In summary, we make the following contributions:
– We propose a data-efficient performance learning approach, called DECART, that

combines CART with resampling and parameter tuning for performance prediction of

configurable systems. DECART builds, validates, and determines a prediction model

automatically based on a single given sample. In practice, if there is already a sample

available, one can produce predictions directly based on the sample using DECART.

– We demonstrate the effectiveness and practicality of DECART by means of a set of

experiments on 10 real-world configurable systems, spanning different domains, with

different sizes, different configuration mechanisms, and different implementation lan-

guages. The evaluation is based on data from 30 independent experiments. It shows that

DECART effectively determines an accurate prediction model based on a small sam-

ple and, more importantly, the prediction accuracy estimated based on the sample can

represent the generalized prediction accuracy of the whole population.

– To evaluate the novel features and innovation of DECART, we compare DECART to

previous work based on plain CART (Guo et al. 2013). Also, we empirically compare

three widely-used resampling techniques (hold-out, cross-validation and bootstrapping)

and three parameter-tuning techniques (random search, grid search and Bayesian opti-

mization). Our empirical results demonstrate that DECART produces more accurate

predictions than the original CART-based method. Given that a systematic parameter

tuning is involved, DECART still works very fast, and the entire process of selecting a

prediction model takes, at most, seconds for all subject systems (excluding the time to

obtain the sample measurements).

– To explore why DECART works with small random samples, we propose an analytical

sample quality metric that quantifies a sample’s goodness of fit to the whole population

and thus provides a quantitative analysis of the quality of a sample for performance

prediction. Previously, this was only surveyed by an empirical analysis of performance

distributions (Guo et al. 2013).
– We have implemented DECART and made the source code of our implementation of

DECART publicly available at http://github.com/jmguo/DECART/.

This article is based on an earlier conference paper (Guo et al. 2013). Compared to that

paper, the text and the method have been significantly extended and improved. First, we

propose a systematic approach that combines typical CART with resampling and parameter

tuning to enable data-efficient performance learning, to reduce measurement effort for vali-

dating a performance-prediction model. Second, the previous approach tuned the parameters

of CART using a set of empirically-determined rules, which may not work when new sub-

ject systems are considered, while DECART adopts systematic and automated resampling

and parameter tuning, such that the best prediction model with optimal parameter settings

can be selected. Third, previously we only explored why the learning approach works by

a comparative analysis of performance distributions, which is empirical and subjective. By
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1827demonstrate the effectiveness and practicality of DECART. In particular, DECART achieves

a prediction accuracy of 90% or higher based on a small sample, whose size is linear in

the number of features. In addition, we propose a sample quality metric and introduce a

quantitative analysis of the quality of a sample for performance prediction.Keywords Performance prediction · Configurable systems · Regression · Model

selection · Parameter tuning

1 Introduction

Many software systems, such as databases, compilers, and Web servers, provide configura-

tion options for stakeholders to tailor the systems’ functional behavior and non-functional

properties (e.g., performance, cost, and energy consumption). Configuration options rele-

vant to stakeholders are often called features (Czarnecki and Eisenecker 2000; Apel and

Kästner 2009). Each system variant derived from a configurable software system can be

represented as a selection of features, called a configuration.
Performance (e.g., response time or throughput) is one of the most important non-

functional properties, because it directly affects user perception and cost (Westermann

et al. 2012). Finding an optimal configuration to meet a specific performance goal is

often important for developers, system administrators, and users. Naively, one could mea-

sure the performance of all configurations of a system and then identify which is the

fastest, or build a precise performance model linking feature selection and performance.

Unfortunately, this is usually infeasible, as, due to a combinatorial explosion of possible

combinations of features, even a small-scale configurable system can have a very large num-

ber of configurations. Moreover, measuring the performance of an individual configuration

might be time-consuming in itself (e.g., executing a complex benchmark). Measuring many

configurations, or measuring slow runs, incur an unacceptable measurement cost.

Typically, only a limited set of configurations can be measured in practice, either by

simulation (Westermann et al. 2012) or by monitoring in the field (Thereska et al. 2010). We

call this subset of configurations (along with the corresponding performance measurements)

a sample, and all configurations of a system (along with their performance values) the whole

population. We want to predict the performance of configurations in the population based

on a performance model built by measuring only the sample. Predicting the performance of

a new configuration based on a given sample is likely less accurate than directly measuring

its performance. A key challenge is to balance measurement effort and prediction accuracy,

by using only a small sample (for example, a sample with a size that is linear in the number

of features) to predict the performance of other configurations in the population with a high

accuracy (say, above 90%).To address this challenge and to hit a sweet spot between measurement effort and pre-

diction accuracy, we aim at a data-efficient learning approach, which is recently gaining

momentum in the community of machine learning (Deisenroth et al. 2016). The key idea

is to efficiently reuse available data and then enable effective learning for many small-data

problems. This is particularly useful if acquiring data is expensive, such as in personal-

ized healthcare, robot reinforcement learning, sentiment analysis, and community detection

(Deisenroth et al. 2016). We bring these ideas to performance prediction of configurable

systems, proposing Data-Efficient CART (DECART), a performance prediction method that

suffices with a small sample of measured configurations of a software system and that

effectively determines a reasonably accurate prediction model therefrom. DECART works
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Abstract Many software systems today are configurable, offering customization of func-
tionality by feature selection. Understanding how performance varies in terms of feature
selection is key for selecting appropriate configurations that meet a set of given require-
ments. Due to a huge configuration space and the possibly high cost of performance
measurement, it is usually not feasible to explore the entire configuration space of a config-
urable system exhaustively. It is thus a major challenge to accurately predict performance
based on a small sample of measured system variants. To address this challenge, we pro-
pose a data-efficient learning approach, called DECART, that combines several techniques
of machine learning and statistics for performance prediction of configurable systems.
DECART builds, validates, and determines a prediction model based on an available sam-
ple of measured system variants. Empirical results on 10 real-world configurable systems
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• on multiple product lines
• metric-based feature set
• Example: configuration model maintainability
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Table 1: MiniCOfFEE: subset of 15 maintainability measures for FMs selected from the COfFEE catalog [13]

.

Acronym
Name

Description

NF
Number of Features

Number of features in the model

NM
Number of Mandatory Features

Number of mandatory features in the model

NLeaf Number of Leaf Features
Number of features without children

NTop Number of top Features
Number of features direct descendant of the root

CogC Cognitive Complexity
Number of variants points

FEX
Feature Extensibility

NLeaf + SCDF + MCDF

FoC
Flexibility of Configuration

(Number of optional features)/NF

DTMax Maximum Depth of Tree
Number of features of the longest path from the root of the feature model

NVC
Number of Valid Configurations

Number of possible and valid configurations of the feature model

RoV
Ratio of Variability

NVC/NF2

RDen Coeficient of connectivity-density Average number of (non-parent) features referenced in the constraints of a feature

NGXOr Number of XOr groups
Number of variation points with relationship XOr

NGOr Number of Or groups
Number of variation points with relationship Or

SCDF Number of Features dependent on
unique cycles

The sum of all features that participate in child feature constraints that have variant

points with [ 1..1 ]

MCDF Multiple feature-dependent cycles The sum of all features that participate in child feature constraints that have cardinality

variant points [ 1 .. * ]
left. This process repeats until reaching a leaf node, which

indicates the resulting class [16].
There are several measures to measure the quality of a classifica-

tion model. In general, measures consider true positives (TP), false

positives (FP), true negatives (TN), and false negatives (FN) values.

Some of the main classification measures are:
• Accuracy. It is measured by the ratio of the number of cor-

rect classifications to the total number of samples [19]. The

formula below expresses accuracy:𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 +𝑇𝑁𝑇𝑃 + 𝐹𝑃 +𝑇𝑁 + 𝐹𝑁 (1)

• Precision. The precision measure has a great emphasis on

catching false-positive errors. It can be measured by the ratio

of the number of correct positive ratings to the total number

of positive ratings [19]. Precision is expressed by the formula

below.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(2)

• Recall. Unlike precision, the recall measure has a great em-

phasis on catching false negative errors. It can be measured

by the ratio between the number of correct positive ratings

and the number of correct positive ratings plus the num-

ber of false-negative ratings [19]. Recall is expressed by the

formula below.

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(3)

• F1 Score. This measure is obtained from the calculation of

the harmonic mean between the precision and recall [19].

F1-Score is expressed by the formula below.𝐹1 = 2 · 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 · 𝑅𝑒𝑐𝑎𝑙𝑙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (4)

• AUC-ROC. AUC-ROC is a performance measure for the

classification problem that tells how much a model is able

to distinguish between the classes [39]. ROC (Receiver Op-

erating Characteristic) is a probability curve plotted with

TPR (True Positive Ratio) versus FPR (False Positive Ratio)

[39]. AUC is the area under the ROC curve. TPR and FPR are

expressed by the formulas below.
𝑇𝑃𝑅 = 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(5)

𝐹𝑃𝑅 = 𝐹𝑃
𝑇𝑁 + 𝐹𝑃

(6)

2.3 Related workBezerra et al. [13] carried out a systematic mapping to identify

measures to assess the quality of FMs. The authors then proposed

COfFEE, a catalog of 32 FM quality measures, and validated with

FMs extracted from the S.P.L.O.T. repository [37]. The measures

identified in this work were implemented for automatic collection

in a tool called DyMMer [14]. In a later work [12], the authors

carried out an analysis of the correlation between the measures in

the COfFEE catalog. As a result, the authors found that a subset

of the measures in the original catalog was sufficient to assess the

quality of FMs. The authors then proposed a new catalog called

MiniCOfFEE [12], consisting of 15 out of the 32 measures in the

COfFEE catalog. In this work, the measurements from the Mini-

COfFEE [12] catalog will serve to train ML models to assess the

maintainability of FMs. Also, the measures in the MiniCOfFEE [12]

catalog are analyzed to see if it is still possible to reduce the number

of measures necessary to assess the maintainability of an FM. The

analysis considers the correlations between the 15 FM maintain-

ability measures and the importance of each measure for a set of

ML models.El-Sharkawy et al. [25] carried out a systematic literature review

to identify measures of SPL variability. The authors analyzed 42

papers in which 52 measures for variability models were identified,

80 for code artifacts and 10 for both artifacts. In subsequent works,

the authors manage to automate the measures in a tool called

MetricHaven [23] and evaluate the automated structure from a set

of metrics in the Linux Kernel [24]. In this work, we prefer to use
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the values of a set of maintainability measures. Thus, to classify
FM maintainability as very bad, bad, moderate, good, and very good.
When using the ML approach, it is necessary to obtain a pre-

classified FM data set as it is a supervised learning problem [36].
One way to classify the data would be using SPL experts, but to
get a reasonably sized dataset, a relatively large number of experts
makes the option unfeasible. Hence, we opted to use an automatic
classification approach of FM maintainability to pre-classify the
training dataset of the algorithms.In this context, the goal of the present work is to use ML algo-
rithms to classify FM maintainability. To accomplish this goal, we
carried out a comparison between the FM maintainability classifi-
cation approaches proposed in [21] and in our previous work [44].
The comparison used a human-based oracle of FM maintainability
classifications. It will serve as a basis for choosing one of the two
approaches to pre-classify the dataset to employ in the training
of ML algorithms. The classification of the obtained classification
models uses accuracy, precision, recall, F1, and AUC-ROCmeasures.
The best classification model could support domain engineers and
anyone interested in improving SPL to easily and quickly evaluate
the FM maintainability.Two research questions guided our investigation:• RQ1:What are the most representative measures to evaluate

the FM maintainability?• RQ2:What is the best ML model to evaluate FM maintainabil-
ity?

RQ1 seeks to investigate which maintainability measures are
needed to evaluate FM maintainability. This reduction has the po-
tential to increase the performance and scalability of ML models.
RQ2 on the other hand, seeks to investigate which is the best ML
model among those produced in this work in terms of accuracy,
precision, recall, F1, and AUC-ROC. The best ML model will be
made available as a result of this work.Among the main contributions of the present study we could
highlight the following:

• Compare two FM maintainability classification approaches
described in the literature.• Create an ML-based approach to classifying the FM main-
tainability using white-box algorithms.• Find out the nine most significant measures to assess FM
maintainability.

The rest of this study is organized as follows. Section 2 presents
the theoretical basis to support the understanding of this study
and related work. Section 3 describes the search method. Section 4
presents the study results. Section 5 discusses the main threats to
validity. Finally, Section 6 presents the conclusions and future work.2 BACKGROUND
2.1 Evaluation the FM maintainabilityIn [13], the authors carried out a systematic mapping study and
identified 32 quality measures for FM in a catalog called COfFEE.
In a later study [12], the authors analyzed the measures from the
COfFEE catalog and identified correlations between some of these
measures. Also, they found that it was possible to characterize
the quality of an FM by using only 15 out of the 32 measures.

Therefore, they created a new catalog describing these 15 measures
and named it MiniCOfFEE [12] (Table 1). In this current study, we
aggregated the measures from the MiniCOfFEE [12] catalog by
using ML models to allow the assessment of FM maintainability.
The DyMMer tool (Dynamic feature Model tool based on Measures)
will support collecting measures automatically [14].
2.2 Machine learningML is a subarea of artificial intelligence (AI) that brings together a
set of methods that allow computers to learn from data to improve
predictions [3]. ML is a branch of computational algorithms that
are still evolving [22]. Several areas, e.g., finance, health, and adver-
tising, to name a few, have applied ML methods and techniques to
handle particular problems [7]. Literature works also use ML with
SPL for several purposes, such as constraints inferring [47] and
quality measures aggregation [44]. There are four “learning" types:
supervised learning, unsupervised learning, reinforcement learn-
ing, and evolutionary learning. The former is the most commonly
employed one. For the resolution of ML problems (especially in
supervised and unsupervised learning), a generally adopted process
encompasses the following stages: data collection and preparation,
selection of independent variables, choice of algorithms, selection
of parameters and models, and evaluation [36].Supervised learning problems comprise two types of problems:
(i) classification problems, in which the dependent variable is cate-
gorical; and (ii) regression problems, in which the dependent vari-
able is numeric [36]. In this work, we handle the classification of
FMs by considering their maintainability values. We take the set
of 15 FM maintainability measures. This scenario encompasses a
classification problem (supervised learning) as the intended result
is categorical. There are several algorithms for the classification
problem, among which we can highlight:

• Naive Bayes. It is a family of algorithms that calculate the
probability of a given result given a set of conditions, us-
ing the theorem of Bayes [16]. Naive Bayes is a powerful
and easy to train classifier [16]. It receives the name naive
because it assumes that the independent variables have no
dependencies (i.e., they are not correlated), which may not
be the case in certain classification problems [43].• LogisticRegression. Despite having regression in the name,
this is a classification algorithm based on the probability of
a given sample belonging to a certain class [16]. The logistic
regression algorithm has some similarities with the linear
regression algorithm (used in regression problems). The dif-
ference is that in the logistic regression, the output value of
the function must be between (0, 1). Therefore, the sigmoid
function is introduced, whose output value must be between
(0, 1).

• DecisionTree. It is a type of logic-based algorithm to use for
regression and classification problems [43]. In classification
problems, the algorithm forms a binary tree structure that
allows a sequential decision process to discover the class
of a given sample [16]. It is possible to evaluate a given
independent variable from the tree root and decide whether
the next node will be either the one on the right or the
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ABSTRACT
Software Product Lines (SPL) are generally specified using a Feature
Model (FM), an artifact designed in the early stages of the SPL de-
velopment life cycle. This artifact can quickly become too complex,
which makes it challenging to maintain an SPL. Therefore, it is es-
sential to evaluate the artifact’s maintainability continuously. The
literature brings some approaches that evaluate FM maintainabil-
ity through the aggregation of maintainability measures. Machine
Learning (ML) models can be used to create these approaches. They
can aggregate the values of independent variables into a single
target data, also called a dependent variable. Besides, when using
white-box ML models, it is possible to interpret and explain the
ML model results. This work proposes white-box ML models in-
tending to classify the FM maintainability based on 15 measures.
To build the models, we performed the following steps: (i) we com-
pared two approaches to evaluate the FM maintainability through
a human-based oracle of FM maintainability classifications; (ii) we
used the best approach to pre-classify the ML training dataset; (iii)
we generated three ML models and compared them against classifi-
cation accuracy, precision, recall, F1 and AUC-ROC; and, (iv) we
used the best model to create a mechanism capable of providing
improvement indicators to domain engineers. The best model used
the decision tree algorithm that obtained accuracy, precision, and
recall of 0.81, F1-Score of 0.79, and AUC-ROC of 0.91. Using this
model, we could reduce the number of measures needed to evaluate
the FM maintainability from 15 to 9 measures.
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tation → Machine learning theory.
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1 INTRODUCTION
Software Product Line (SPL) is a family of systems created and
developed from a set of features [20]. A feature is a unit of function-
ality of a software system that satisfies a requirement, represents
a design decision, and provides a potential configuration option
[8, 29, 46]. Features are a central concept within the SPL paradigm,
and one of the artifacts used to specify them is the feature model
(FM) [5, 29]. FM is a graphical representation that defines SPL fea-
tures and the relationships and constraints between them. Besides,
from an FM, it is possible to retrieve all valid combinations between
the features [1, 18]. As the design of an FM occurs in the domain en-
gineering phase, in the early stages of the SPL development, errors
in this artifact can spread across the SPL [12, 38].

Considering that an FM defines all the features of an SPL, this
artifact can quickly become too complex over time, making it chal-
lenging to maintain and evolve the SPL [15, 26, 31, 35, 40]. This
increase in complexity occurs because changes underwent by SPL
(e.g., changes in requirements that result in the addition or removal
of features) generally imply changes in the FM [18]. Therefore, it is
essential to evaluate the quality of this artifact during the evolution
of an SPL so that the model remains maintainable [6, 12, 21, 44].

One of the strategies commonly used to evaluate the FM main-
tainability is using quality measures [6, 10, 12, 21, 25, 44, 45]. In
[12], the authors carried out a systematic mapping study to identify
FM quality measures from the literature. As a result, the authors
leveraged a catalog of 32 measures to evaluate the quality of an FM.
However, it is still difficult to assess the general quality of an FM by
using quality measures. Each measure focuses on a specific charac-
teristic of the model and not on this as a whole. Also, the ranges of
values of the measures are broad, and there is no clear indication of
which values can be considered adequate or inadequate [21]. The
greater the number of measures, the greater the time and effort
required for evaluation. Manual evaluation becomes even more
difficult. Several studies have used metrics, datasets, and machine
learning (ML) techniques to predict software maintainability in
single-system software development [4, 28, 34].

A feasible strategy to handle the problems mentioned above
would be to aggregate measures in a single value that indicates the
general maintainability of an FM. In [21], the authors used such
a strategy, applying fuzzy logic to a set of 15 quality measures to
aggregate them to produce a single index capable of indicating
the degree of maintainability of an FM. This strategy also allows
the classification of FM maintainability in the range very low, low,
medium, high, and very high, based on the index value. In our
previous work [44], we used another strategy to group the values of
maintainability measures into a single value. Clustering algorithms,
a type of ML algorithm, were applied to group FMs according to

[2] Configuration Model Maintainability
Silva et al. at SPLC ’21
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On the Benefits of Knowledge Compilation for Feature-Model Analyses
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in recent literature [22, 38–40], target languages that are popular in other domains, such as

SDDs [41], have not been employed at all. Finally, regarding compiler scalability, knowledge

compilation can only be sensibly applied for feature-model analyses if the compilation of

feature models to the respective artifact scales appropriately. If the compilation takes too long

or does not scale at all, the benefits (i.e., efficient queries) of the knowledge-compilation

artifact vanish. However, besides preliminary work on some target languages [21, 22, 39,

40, 42], it is still largely unknown which artifacts can be compiled from feature models in

reasonable time.In this article,we aim towards closing these gaps by elaborating on the potential of applying

knowledge compilation for feature-model analysis with the following contributions:

• Classifying Feature-ModelAnalyses:To give an overview on the complexity of feature-

model analyses, we collect various analyses from the literature. For each identified

analysis, we assess the complexity regarding the underlying computational problem (e.g.,

SAT or #SAT) and the number of solver queries potentially required in Section 4.

• Identifying Knowledge-Compilation Target Languages: To showcase the potential

of knowledge compilation, we perform a literature survey to identify knowledge-

compilation target languages and respective knowledge compilers. Further, we present a

mapping between feature-model analyses and knowledge-compilation target languages,

indicatingwhich analyses are tractable (i.e., solvable in polynomial time) for which target

language in Section 5.• Evaluating Compiler Scalability: Finally, we analyze the scalability of different target

languages by evaluating the identified knowledge compilers on 53 industrial feature

models in Section 6.

2 Background & running exampleA product line describes a family of products that share certain characteristics, called fea-

tures [1–5]. Each product corresponds to a composition of features (a configuration) that

appear in the product line. Typically, not every configuration leads to a useful product (i.e.,

it may contain errors or may be inefficient to produce). For instance, a car might be limited

to have one type of gearbox, either automatic or manual.

Featuremodels are the de facto standard for specifying the valid configurations of a product

line [2, 10, 11]. A feature model consists of a hierarchy of features (the feature tree) and addi-

tional propositional cross-tree constraints that further limit the set of valid configurations [11,

12]. In Fig. 1, we show an example feature model that describes the valid configurations of

Fig. 1 Running example: Feature model representing pizza
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C. Sundermann et al.1 Introduction

Product lines are commonly used to develop, test, and evolve a family of similar products

to reduce the costs compared to developing each product separately [1–5]. Each product

in a product line is composed of a set of reusable features, which are generally shared

across multiple products [3, 6]. Typically, not every combination of selected features (i.e.,

a configuration) is valid and results in a functional product [7–9]. To specify the set of

valid configurations for a given product line, engineers can use feature models [2, 10, 11].

A feature model consists of a set of features and a set of constraints limiting the valid

configurations [12]. For instance, including one feature may require in- or excluding another

feature.
Manually keeping track of all constraints is infeasible, as industrial feature models may

contain thousands of features and hundreds of thousands of constraints [7, 13]. For example,

the Linux kernel (as of November 2018) contains more than 14,000 features and 60,000 con-

straints [14]. Automated reasoning is typically used to analyze feature models, for example

to check whether a given configuration is valid (i.e., it conforms to all constraints imposed

by the feature model) [2].Many feature-model analyses are computationally expensive [7, 9, 11, 15]. The de facto

standard for analyzing feature models is to translate them into propositional logic and auto-

mate the analysis with tools, such as SAT [11] or #SAT [7, 9, 16] solvers. Feature models

require the full expressiveness of propositional formulas [17], so checking whether a feature

model has at least one valid configuration (i.e., a satisfying assignment) is NP-complete [11].

Analogously, computing the number of valid configurations is #P-complete [7, 9, 18]. Even

further, many feature-model analyses depend on numerous complex solver queries [2, 7, 16].

For instance, existing tools compute for each feature whether it is core (i.e., it appears in every

valid configuration) or dead (i.e., it appears in no valid configuration) to detect unintentional

side effects in the modeling process [19, 20]. Naively employing a SAT solver to calculate

such core and dead features requires 2 · n SAT calls with n being the number of features in

the worst case.
For computing feature-model analyses that require multiple solver queries, employing

knowledge compilation seems promising [21, 22]. With knowledge compilation, an initial

effort is taken to translate the propositional formula for a feature model into an artifact of

a knowledge-compilation target language, such as a binary decision diagram (BDD) [23]

or deterministic decomposable negation normal form (d-DNNF) [24]. In theory, such a

knowledge-compilation artifact can then be used to perform repetitive computations more

efficiently [25].
However, the research on leveraging knowledge compilation for feature-model analysis is

still rather limited in terms of (a) considered analyses, (b) considered knowledge-compilation

target languages, and (c) compiler scalability: Regarding feature-model analyses, it is well-

known that some feature-model analyses require multiple complex queries [2, 9, 16, 26–

28]. However, the insights on the underlying algorithmic problems are scattered over many

works and extracting the complexity of the respective analysis often requires interpretation

of the reader [2, 11, 16, 26, 29–33]. Regarding knowledge-compilation artifacts, only few

knowledge-compilation target languages have been applied to compute a few feature-model

analyses [22, 34]. However, many capabilities of well-known knowledge-compilation target

languages [25] have not been utilized yet for feature-model analyses. For instance, while

BDDs have been employed repeatedly [21, 35–37] and d-DNNFs found some adoption
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Abstract
Feature models are commonly used to specify the valid configurations of product lines. As
industrial feature models are typically complex, researchers and practitioners employ vari-
ous automated analyses to study the configuration spaces. Many of these automated analyses
require that numerous complex computations are executed on the same feature model, for
example by querying a SAT or #SATsolver.With knowledge compilation, featuremodels can
be compiled in a one-time effort to a target language that enables polynomial-time queries for
otherwise more complex problems. In this work, we elaborate on the potential of employing
knowledge compilation on feature models. First, we gather various feature-model analyses
and study their computational complexity with regard to the underlying computational prob-
lem and the number of solver queries required for the respective analysis. Second, we collect
knowledge-compilation target languages and map feature-model analyses to the languages
that make the analysis tractable. Third, we empirically evaluate publicly available knowledge
compilers to further inspect the potential benefits of knowledge-compilation target languages.
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in recent literature [22, 38–40], target languages that are popular in other domains, such as

SDDs [41], have not been employed at all. Finally, regarding compiler scalability, knowledge

compilation can only be sensibly applied for feature-model analyses if the compilation of

feature models to the respective artifact scales appropriately. If the compilation takes too long

or does not scale at all, the benefits (i.e., efficient queries) of the knowledge-compilation

artifact vanish. However, besides preliminary work on some target languages [21, 22, 39,

40, 42], it is still largely unknown which artifacts can be compiled from feature models in

reasonable time.In this article,we aim towards closing these gaps by elaborating on the potential of applying

knowledge compilation for feature-model analysis with the following contributions:

• Classifying Feature-ModelAnalyses:To give an overview on the complexity of feature-

model analyses, we collect various analyses from the literature. For each identified

analysis, we assess the complexity regarding the underlying computational problem (e.g.,

SAT or #SAT) and the number of solver queries potentially required in Section 4.

• Identifying Knowledge-Compilation Target Languages: To showcase the potential

of knowledge compilation, we perform a literature survey to identify knowledge-

compilation target languages and respective knowledge compilers. Further, we present a

mapping between feature-model analyses and knowledge-compilation target languages,

indicatingwhich analyses are tractable (i.e., solvable in polynomial time) for which target

language in Section 5.• Evaluating Compiler Scalability: Finally, we analyze the scalability of different target

languages by evaluating the identified knowledge compilers on 53 industrial feature

models in Section 6.

2 Background & running exampleA product line describes a family of products that share certain characteristics, called fea-

tures [1–5]. Each product corresponds to a composition of features (a configuration) that

appear in the product line. Typically, not every configuration leads to a useful product (i.e.,

it may contain errors or may be inefficient to produce). For instance, a car might be limited

to have one type of gearbox, either automatic or manual.

Featuremodels are the de facto standard for specifying the valid configurations of a product

line [2, 10, 11]. A feature model consists of a hierarchy of features (the feature tree) and addi-

tional propositional cross-tree constraints that further limit the set of valid configurations [11,

12]. In Fig. 1, we show an example feature model that describes the valid configurations of

Fig. 1 Running example: Feature model representing pizza
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Product lines are commonly used to develop, test, and evolve a family of similar products

to reduce the costs compared to developing each product separately [1–5]. Each product

in a product line is composed of a set of reusable features, which are generally shared

across multiple products [3, 6]. Typically, not every combination of selected features (i.e.,

a configuration) is valid and results in a functional product [7–9]. To specify the set of

valid configurations for a given product line, engineers can use feature models [2, 10, 11].

A feature model consists of a set of features and a set of constraints limiting the valid

configurations [12]. For instance, including one feature may require in- or excluding another

feature.
Manually keeping track of all constraints is infeasible, as industrial feature models may

contain thousands of features and hundreds of thousands of constraints [7, 13]. For example,

the Linux kernel (as of November 2018) contains more than 14,000 features and 60,000 con-

straints [14]. Automated reasoning is typically used to analyze feature models, for example

to check whether a given configuration is valid (i.e., it conforms to all constraints imposed

by the feature model) [2].Many feature-model analyses are computationally expensive [7, 9, 11, 15]. The de facto

standard for analyzing feature models is to translate them into propositional logic and auto-

mate the analysis with tools, such as SAT [11] or #SAT [7, 9, 16] solvers. Feature models

require the full expressiveness of propositional formulas [17], so checking whether a feature

model has at least one valid configuration (i.e., a satisfying assignment) is NP-complete [11].

Analogously, computing the number of valid configurations is #P-complete [7, 9, 18]. Even

further, many feature-model analyses depend on numerous complex solver queries [2, 7, 16].

For instance, existing tools compute for each feature whether it is core (i.e., it appears in every

valid configuration) or dead (i.e., it appears in no valid configuration) to detect unintentional

side effects in the modeling process [19, 20]. Naively employing a SAT solver to calculate

such core and dead features requires 2 · n SAT calls with n being the number of features in

the worst case.
For computing feature-model analyses that require multiple solver queries, employing

knowledge compilation seems promising [21, 22]. With knowledge compilation, an initial

effort is taken to translate the propositional formula for a feature model into an artifact of

a knowledge-compilation target language, such as a binary decision diagram (BDD) [23]

or deterministic decomposable negation normal form (d-DNNF) [24]. In theory, such a

knowledge-compilation artifact can then be used to perform repetitive computations more

efficiently [25].
However, the research on leveraging knowledge compilation for feature-model analysis is

still rather limited in terms of (a) considered analyses, (b) considered knowledge-compilation

target languages, and (c) compiler scalability: Regarding feature-model analyses, it is well-

known that some feature-model analyses require multiple complex queries [2, 9, 16, 26–

28]. However, the insights on the underlying algorithmic problems are scattered over many

works and extracting the complexity of the respective analysis often requires interpretation

of the reader [2, 11, 16, 26, 29–33]. Regarding knowledge-compilation artifacts, only few

knowledge-compilation target languages have been applied to compute a few feature-model

analyses [22, 34]. However, many capabilities of well-known knowledge-compilation target

languages [25] have not been utilized yet for feature-model analyses. For instance, while

BDDs have been employed repeatedly [21, 35–37] and d-DNNFs found some adoption
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in recent literature [22, 38–40], target languages that are popular in other domains, such as

SDDs [41], have not been employed at all. Finally, regarding compiler scalability, knowledge

compilation can only be sensibly applied for feature-model analyses if the compilation of

feature models to the respective artifact scales appropriately. If the compilation takes too long

or does not scale at all, the benefits (i.e., efficient queries) of the knowledge-compilation

artifact vanish. However, besides preliminary work on some target languages [21, 22, 39,

40, 42], it is still largely unknown which artifacts can be compiled from feature models in

reasonable time.In this article,we aim towards closing these gaps by elaborating on the potential of applying

knowledge compilation for feature-model analysis with the following contributions:

• Classifying Feature-ModelAnalyses:To give an overview on the complexity of feature-

model analyses, we collect various analyses from the literature. For each identified

analysis, we assess the complexity regarding the underlying computational problem (e.g.,

SAT or #SAT) and the number of solver queries potentially required in Section 4.

• Identifying Knowledge-Compilation Target Languages: To showcase the potential

of knowledge compilation, we perform a literature survey to identify knowledge-

compilation target languages and respective knowledge compilers. Further, we present a

mapping between feature-model analyses and knowledge-compilation target languages,

indicatingwhich analyses are tractable (i.e., solvable in polynomial time) for which target

language in Section 5.• Evaluating Compiler Scalability: Finally, we analyze the scalability of different target

languages by evaluating the identified knowledge compilers on 53 industrial feature

models in Section 6.

2 Background & running exampleA product line describes a family of products that share certain characteristics, called fea-

tures [1–5]. Each product corresponds to a composition of features (a configuration) that

appear in the product line. Typically, not every configuration leads to a useful product (i.e.,

it may contain errors or may be inefficient to produce). For instance, a car might be limited

to have one type of gearbox, either automatic or manual.

Featuremodels are the de facto standard for specifying the valid configurations of a product

line [2, 10, 11]. A feature model consists of a hierarchy of features (the feature tree) and addi-

tional propositional cross-tree constraints that further limit the set of valid configurations [11,

12]. In Fig. 1, we show an example feature model that describes the valid configurations of

Fig. 1 Running example: Feature model representing pizza
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across multiple products [3, 6]. Typically, not every combination of selected features (i.e.,

a configuration) is valid and results in a functional product [7–9]. To specify the set of

valid configurations for a given product line, engineers can use feature models [2, 10, 11].

A feature model consists of a set of features and a set of constraints limiting the valid

configurations [12]. For instance, including one feature may require in- or excluding another

feature.
Manually keeping track of all constraints is infeasible, as industrial feature models may

contain thousands of features and hundreds of thousands of constraints [7, 13]. For example,

the Linux kernel (as of November 2018) contains more than 14,000 features and 60,000 con-

straints [14]. Automated reasoning is typically used to analyze feature models, for example

to check whether a given configuration is valid (i.e., it conforms to all constraints imposed

by the feature model) [2].Many feature-model analyses are computationally expensive [7, 9, 11, 15]. The de facto

standard for analyzing feature models is to translate them into propositional logic and auto-

mate the analysis with tools, such as SAT [11] or #SAT [7, 9, 16] solvers. Feature models

require the full expressiveness of propositional formulas [17], so checking whether a feature

model has at least one valid configuration (i.e., a satisfying assignment) is NP-complete [11].

Analogously, computing the number of valid configurations is #P-complete [7, 9, 18]. Even

further, many feature-model analyses depend on numerous complex solver queries [2, 7, 16].

For instance, existing tools compute for each feature whether it is core (i.e., it appears in every

valid configuration) or dead (i.e., it appears in no valid configuration) to detect unintentional

side effects in the modeling process [19, 20]. Naively employing a SAT solver to calculate

such core and dead features requires 2 · n SAT calls with n being the number of features in

the worst case.
For computing feature-model analyses that require multiple solver queries, employing

knowledge compilation seems promising [21, 22]. With knowledge compilation, an initial

effort is taken to translate the propositional formula for a feature model into an artifact of

a knowledge-compilation target language, such as a binary decision diagram (BDD) [23]

or deterministic decomposable negation normal form (d-DNNF) [24]. In theory, such a

knowledge-compilation artifact can then be used to perform repetitive computations more

efficiently [25].
However, the research on leveraging knowledge compilation for feature-model analysis is

still rather limited in terms of (a) considered analyses, (b) considered knowledge-compilation

target languages, and (c) compiler scalability: Regarding feature-model analyses, it is well-

known that some feature-model analyses require multiple complex queries [2, 9, 16, 26–

28]. However, the insights on the underlying algorithmic problems are scattered over many

works and extracting the complexity of the respective analysis often requires interpretation

of the reader [2, 11, 16, 26, 29–33]. Regarding knowledge-compilation artifacts, only few

knowledge-compilation target languages have been applied to compute a few feature-model

analyses [22, 34]. However, many capabilities of well-known knowledge-compilation target

languages [25] have not been utilized yet for feature-model analyses. For instance, while

BDDs have been employed repeatedly [21, 35–37] and d-DNNFs found some adoption
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Domain of Origin Feature Set Source #Features

Satisfiability Solving (SAT) SATZilla [4] 138
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Future Work & Overview

Future Work

• Feature space analysis
• Complexity measure for configuration models
• Feature-based similarity metric
• Benchmark composition analysis through

clustering
• Guided generation of similar artificial models
• . . .
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Listing 1: UVLfeatures
"Ice Cream"

mandatory
Container

alternative
Cup
ConeFlavor

or

Chocolate"Lemon Sorbet"
optional

Vegan
Waferconstraints

Chocolate => !VeganWafer => Cup

Listing 2: DIMACSc 1 Ice Creamc 2 Container...
c 8 Wafer
c 9 Vegan
p cnf 9 161 0
−2 1 0
−5 1 0
1 −8 0
...
6 −5 7 0
−6 −9 0
3 −8 0

2.2 Feature-Model Analyses
Various analyses for feature models have been proposed [8, 25, 53–

55, 69, 77, 79, 97, 107]. These analyses can be employed for the

development of configurable systems, to extract metrics (e.g., for

economical estimations), or to support users during the configura-

tion process. Many analyses depend on numerous complex compu-

tations, such as SAT [8, 54, 73] or #SAT [80, 107] problems.

Anomalies An anomaly corresponds to a potentially unintended

behavior of the feature model [68, 77]. For example, a contradic-

tion in constraints of the feature model may lead to a void feature

model [8], from which no valid configuration can be derived. Other

anomalies considered in the literature are dead features (i.e., fea-

tures that appear in no valid configuration), which may require

solving numerous SAT problems [106].
Sampling With sampling, a set of valid configurations following

a specific goal is derived. With 𝑡-wise sampling, a set of valid con-

figurations is created that covers all 𝑡-wise interactions [47, 54]. For

instance, a 2-wise sample covers all interactions between each pair

of features. State-of-the-art 𝑡-wise samplers rely on repetitive SAT

calls to derive a valid sample [47, 54]. Another popular strategy is

uniform random sampling [37, 80, 88, 97]. To ensure a uniform distri-

bution, state-of-the-art random samplers typically rely on solving

#SAT problems [37, 81, 88, 97].
Feature-Model Counting Many analyses depend on feature-

model counting (i.e., computing the number of valid configurations

for a given feature model) [40, 56, 106, 107]. For example, the num-

ber of valid configurations that contain a certain feature can be

used to prioritize features during development [107]. Such analyses

often rely on numerous #SAT invocations.3 LITERATURE SURVEY
With our literature survey, we aim to (1) collect a comprehensive

dataset of feature models used as test instances in empirical evalua-

tions on feature-model analysis and (2) analyze common practices

in evaluations to further inspect the demand for such a collection.

In the following, we present our methodology to identify work of

interest, collect feature models, and extract relevant information.

3.1 GoalsThe main goal of our survey is collecting a feature-model dataset

that improves ecological [50] (i.e., transferability to real world) and

external validity for benchmarking performance of reasoning en-

gines. Following considerations for selecting benchmark instances

from other domains, namely graphs [45], machine learning [61],

face recognition [35], and logic [26, 28], we consider three proper-

ties relevant for feature models in the context of benchmarking.

P1 Heterogeneity. A homogeneous (regarding domain and struc-

ture) dataset may limit the transferability [45]. Feature models

are used to model variability in various domains, such as automo-

tive [56], system software [11], and finances [27]. As results cannot

be necessarily transferred between domains [4, 28, 61], we aim

to collect feature models from many domains. Also, instances in

benchmark datasets should be heterogeneous considering structural

properties [45], such as number of features or tree hierarchy.

P2 Suitability for Performance Tests. There are various aspects of

datasets that might be relevant for performance tests depending on

the use case. We consider two dimensions here that we found rele-

vant for the evaluation of reasoning engines for own evaluations

and for evaluations many we examined during our survey. First,

to effectively select and improve algorithms, we need sufficiently

hard instances (here: feature models) that show the impact of op-

timizations [28, 45]. Feature models that are easy to analyze with

unoptimized algorithms may, thus, be less relevant for a collection

that focuses on benchmarking. While the hardness depends on

various properties, existing evaluations suggest that feature models

with very few features are typically not hard for most feature-model

analyses [25, 39, 89, 105]. As feature models with fewer than 100

features appear to be computationally easy for popular automated

reasoning engines [89, 102, 105, 106], we only consider feature mod-

els with at least 100 features. Collecting all feature models available,

including very small ones, would considerably increase the required

effort and various smaller feature models are already available in

the widely used SPLOT repository [72]. We apply this filter of fea-

ture models with at least 100 features only for the collection. In the

survey, we also examine work with smaller feature models. Second,

a common goal of performance tests is to accurately identify per-

formance differences of tools which requires a sufficient number of

input instances [35], which are currently laborious to collect.

P3 Transferability. The results of evaluations should be transferable

into practice [45, 115]. It has been shown that reasoning engines of-

ten perform substantially different on artificial instances compared

to real-world instances [4, 52, 63]. While empirical evaluations

on carefully designed artificial models can still be useful, we only

consider real-world feature models to ensure ecological validity [50].

In addition to collecting feature models, we aim to use our survey

to gather insights on the usage of feature models and reasoning

engines in empirical evaluations. We envision that our observations

help in understanding the demands and practices in evaluations

on feature-model analysis and provide more evidence for problems

addressed in this work. Note that while we only consider feature

models satisfying P1-P3 for our feature-model collection, we also

include empirical evaluations using other feature models in the

survey to reduce the bias in our observations on common practices.
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Identifying relevant feature models for an empirical evaluation
is a high-effort task. Publicly available feature models are scattered
over various publications [2, 11, 46, 52, 54, 78, 81, 84, 86, 87, 97].
Also, available feature-model repositories (e.g., SPLOT [72]) focus
on exchange instead of benchmarking [29, 70, 72] and contain a
large share of artificial and small feature models [70, 72], which
are less suitable for benchmarking performance [28]. Other avail-
able collections are limited to few [52, 76] or even exactly one
domain [11, 53, 86, 114].In this work, we aim to collect feature models used across ex-
isting empirical evaluations of feature-model analyses and make
them more accessible for researchers and practitioners. To this end,
we provide a comprehensive dataset including available feature
models from previous publications. We envision that our collection
improves the external and ecological validity of future empirical
evaluations. Our contributions towards that goal are the following:
Systematic Literature Survey (Section 3).We performed a sur-
vey examining overall 4,475 publications to identify work that
performs empirical evaluations on feature-model analyses.
Analysis of Common Practices (Section 4). We gather insights
on publishing behavior, used feature models, and employed reason-
ing engines to analyze common practices in feature-model evalu-
ations. Our observations confirm that having an easily accessible,
comprehensive collection of feature models yields benefits.
Feature-Model Collection (Section 5.1). We gather feature mod-
els from replication packages or similar data repositories provided
by identified publications. Overall, our collection contains 2,518
feature models from 13 application domains.Accessible Repository (Section 5.2).Wemake each feature model
publicly available [21] in (1) the originally published format, (2) the
Universal Variability Language (UVL) [103], and (3) as a proposi-
tional formula in conjunctive normal form (CNF) expressed in the
DIMACS format [90]. For each feature model, we provide various
information on its structure, semantics, and origin. For easy usage,
our repository comes with several functionalities for extracting
partial datasets (e.g., from specific domains, formats, or sizes).
Evaluation Against Requirements (Section 6).We evaluate our
dataset regarding its suitability for empirical evaluations consider-
ing requirements specified for benchmarks in other domains [45].
2 BACKGROUNDIn the following, we give a brief overview on feature models, rep-
resentations for feature models, and analyses on feature models.
For a more detailed context, we refer to other relevant literature
for definition of feature models [6, 51], representations [7, 24] and
analyses on feature models [8, 69, 106].

2.1 Feature-Model RepresentationsA feature model specifies the set of valid configurations for a
product line [6, 8]. Typically, a feature model 𝐹𝑀 = (𝐹,𝐶) is de-
fined as a set of features 𝐹 and constraints 𝐶 over those features.
The constraints implicitly specify the set of valid configurations
for the feature model. Various representations for feature models
have been proposed, differing mostly in their syntax and visual-
ization [6, 48, 51, 92, 103]. However, some languages also support

Ice Cream

Container

Cup Cone

Flavor

Chocolate Lemon Sorbet

Vegan Wafer

Feature
Mandatory
Optional
Alternative

Or Group

Chocolate⇒ ¬ Vegan
Wafer⇒ CupFigure 1: Running Example as a Feature Diagram

different language constructs with varying levels of expressive-
ness [48, 108]. Often, constraints and features are limited to Boolean
logic (i.e., features are selected or deselected) [8, 54, 54, 73, 80, 105].
Some feature-model extensions enrich the domain of possible val-
ues by supporting numerical features [76, 108] or provide more
complex constraints [102, 108].Feature Diagrams A feature diagram consists of a hierarchi-
cal tree structure over the features and additional cross-tree con-
straints [92], typically in propositional logic [51, 70, 103]. Figure 1
shows a feature diagram representing a simplified ice cream product
line. Here, ice cream requires a Container and Flavor as denoted
by theirmandatory state. Ice cream may be Vegan and may contain
a Wafer as both are optional features. The Container can be exactly
one of Cup and Cone as indicated by the alternative relationship.
Furthermore, the or relationship denotes that one or more flavors
can be selected. In addition to the tree hierarchy, two cross-tree con-
straints further limit the set of valid configurations (i.e., ice cream
variants). Chocolate cannot be selected with Vegan. An additional
Wafer can only be selected with a Cup.Universal Variability Language The Universal Variability Lan-
guage (UVL) is a textual representation for feature models [103].
Several recent and state-of-the-art tools for feature modeling sup-
port UVL [23, 31, 41, 44, 65, 101, 104]. In Listing 1, we show the run-
ning example in UVL notation. While the core level of the language
supports only propositional constraints [103], recent extensions
support more expressive constraints, such as arithmetic expressions
over numerical values or non-Boolean features [108].Conjunctive Normal Form Feature models can be represented
as logical formulas. In particular, all feature models with only
Boolean variables and constraints can be translated into propo-
sitional logic [18]. Furthermore, there have been efforts to also
translate more complex feature models (e.g., with numerical fea-
tures) to propositional logic [76]. Formulas in conjunctive normal
form (CNF) are commonly used as input for reasoning engines, such
as SAT [12, 73, 75] or #SAT [98, 105, 112] solvers. Hence, feature
models are often expressed in CNF to simplify automated reason-
ing [11, 80]. A CNF is a conjunction of clauses, with each clause
being a disjunction of literals [58]. CNFs are typically exchanged
in the DIMACS format [90]. In Listing 2, we show an excerpt of a
CNF representing our running example in DIMACS format. The
line starting with p cnf indicates that there are 9 variables (one per
feature) and 16 clauses. Each successive line describes a clause. For
instance, -2 1 0 describes the clause (¬ Ice Cream ∨ Container).
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ABSTRACT
Feature models are widely used for specifying the valid configura-
tions of product lines. Many automated analyses on feature models
have been considered, but they often depend on computationally
complex algorithms (e.g., solving satisfiability problems). To identify
and develop efficient reasoning engines, it is necessary to compare
their performance on practically relevant feature models. How-
ever, empirical evaluations on feature-model analysis often suffer
from the limitations of available feature-model datasets in terms
of transferability. A major problem is the accessibility of relevant
feature models as they are scattered over numerous publications. In
this work, we perform a literature survey on empirical evaluations
that target the performance of feature-model analyses to examine
common evaluation practices and collect feature models for future
evaluations. Furthermore, we examine the suitability of the derived
collection for benchmarking performance. To improve accessibility,
we provide a repository including all 2,518 identified feature models
from 13 application domains, such as system software.
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1 INTRODUCTION
Feature models are commonly used to specify the valid configura-
tions of a product line [6, 8, 51]. Typically, a feature model consists
of a set of features and dependencies between those features [51].
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A product of the product line is identified by a configuration of
features that adheres to all specified dependencies. Manually ana-
lyzing feature models is generally infeasible [8, 102]. Even simpler
problems, such as checking whether a given configuration satis-
fies all imposed constraints, require all dependencies of a feature
model to be considered. Thus, many automated analyses have been
proposed to support various activities in product-line engineering,
such as modeling [8], configuring [55, 84], and testing [54, 79].

Many feature-model analyses depend on solving computation-
ally complex problems [106]. In particular, feature models are typi-
cally translated to propositional formulas, so their analyses can be
reduced to Boolean satisfiability (SAT) [8, 63] or model-counting
(#SAT) [36, 56, 107] problems, which are computationally com-
plex [34, 106, 113]. As feature models are often analyzed in interac-
tive settings [1, 9, 70], short response times of reasoning engines
(e.g., SAT solvers) are in demand. The efficiency (w.r.t. resource con-
sumption) of tools is particularly relevant when dealing with very
complex configurable systems, such as the Linux kernel [66, 109].

Building efficient reasoning engines requires empirical evalua-
tions that are transferable to other instances of the targeted scope.
Transferability depends on representative datasets [28, 45], as the
performance of reasoning engines highly depends, amongst others,
on the analysis and model instance [57, 63, 105]. Without compar-
isons on feature models that reasonably reflect tool performance in
practice, it is difficult for practitioners to select the most promising
tool and for tool developers to optimize their algorithms.

Using non-representative datasets for benchmarking performance
may lead to empirical evaluations that lack external [117] and eco-
logical [3, 50] validity and cannot be transferred into practice [4, 42]
due to several aspects. First, it has been observed that runtimes
of reasoning engines, such as SAT solvers, often differ vastly be-
tween artificial and real-world formulas [4, 52, 63]. Second, when
an empirical evaluation includes only few feature models, it is
unclear whether any of its conclusions are transferable to other
feature models. This transferability is particularly questionable if
the considered feature models are all similar regarding certain char-
acteristics, such as structure (e.g., number of features or number of
constraints) and application domain (e.g., automotive or operating
system). Third, comparing empirical evaluations is difficult if they
use varying datasets, even if those datasets contain multiple real-
world instances. Currently, different authors typically use varying
datasets for empirical evaluations [10, 14, 38, 54, 56, 81, 89, 97, 105]
with only small or even no overlap to models from other work.
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• UVL

namespace TankWar

features
TankWar { abstract true }

mandatory
Tank_Player1 { abstract true }

a l t e r n a t i v e
Black_P1
Red_P1
Red_Tier1_P1
Yel low_Tier1_P1
Blue_Tier2_P1
Green_Tier2_P1

Tank_Player2 { abstract true }
a l t e r n a t i v e

Black_P2
Red_P2
Red_Tier1_P2
Yel low_Tier1_P2
Blue_Tier2_P2
Green_Tier2_P2

mov { abstract true }
a l t e r n a t i v e

mov_0
mov_1
mov_2
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Listing 1: UVLfeatures
"Ice Cream"

mandatory
Container

alternative
Cup
ConeFlavor

or

Chocolate"Lemon Sorbet"
optional

Vegan
Waferconstraints

Chocolate => !VeganWafer => Cup

Listing 2: DIMACSc 1 Ice Creamc 2 Container...
c 8 Wafer
c 9 Vegan
p cnf 9 161 0
−2 1 0
−5 1 0
1 −8 0
...
6 −5 7 0
−6 −9 0
3 −8 0

2.2 Feature-Model Analyses
Various analyses for feature models have been proposed [8, 25, 53–

55, 69, 77, 79, 97, 107]. These analyses can be employed for the

development of configurable systems, to extract metrics (e.g., for

economical estimations), or to support users during the configura-

tion process. Many analyses depend on numerous complex compu-

tations, such as SAT [8, 54, 73] or #SAT [80, 107] problems.

Anomalies An anomaly corresponds to a potentially unintended

behavior of the feature model [68, 77]. For example, a contradic-

tion in constraints of the feature model may lead to a void feature

model [8], from which no valid configuration can be derived. Other

anomalies considered in the literature are dead features (i.e., fea-

tures that appear in no valid configuration), which may require

solving numerous SAT problems [106].
Sampling With sampling, a set of valid configurations following

a specific goal is derived. With 𝑡-wise sampling, a set of valid con-

figurations is created that covers all 𝑡-wise interactions [47, 54]. For

instance, a 2-wise sample covers all interactions between each pair

of features. State-of-the-art 𝑡-wise samplers rely on repetitive SAT

calls to derive a valid sample [47, 54]. Another popular strategy is

uniform random sampling [37, 80, 88, 97]. To ensure a uniform distri-

bution, state-of-the-art random samplers typically rely on solving

#SAT problems [37, 81, 88, 97].
Feature-Model Counting Many analyses depend on feature-

model counting (i.e., computing the number of valid configurations

for a given feature model) [40, 56, 106, 107]. For example, the num-

ber of valid configurations that contain a certain feature can be

used to prioritize features during development [107]. Such analyses

often rely on numerous #SAT invocations.3 LITERATURE SURVEY
With our literature survey, we aim to (1) collect a comprehensive

dataset of feature models used as test instances in empirical evalua-

tions on feature-model analysis and (2) analyze common practices

in evaluations to further inspect the demand for such a collection.

In the following, we present our methodology to identify work of

interest, collect feature models, and extract relevant information.

3.1 GoalsThe main goal of our survey is collecting a feature-model dataset

that improves ecological [50] (i.e., transferability to real world) and

external validity for benchmarking performance of reasoning en-

gines. Following considerations for selecting benchmark instances

from other domains, namely graphs [45], machine learning [61],

face recognition [35], and logic [26, 28], we consider three proper-

ties relevant for feature models in the context of benchmarking.

P1 Heterogeneity. A homogeneous (regarding domain and struc-

ture) dataset may limit the transferability [45]. Feature models

are used to model variability in various domains, such as automo-

tive [56], system software [11], and finances [27]. As results cannot

be necessarily transferred between domains [4, 28, 61], we aim

to collect feature models from many domains. Also, instances in

benchmark datasets should be heterogeneous considering structural

properties [45], such as number of features or tree hierarchy.

P2 Suitability for Performance Tests. There are various aspects of

datasets that might be relevant for performance tests depending on

the use case. We consider two dimensions here that we found rele-

vant for the evaluation of reasoning engines for own evaluations

and for evaluations many we examined during our survey. First,

to effectively select and improve algorithms, we need sufficiently

hard instances (here: feature models) that show the impact of op-

timizations [28, 45]. Feature models that are easy to analyze with

unoptimized algorithms may, thus, be less relevant for a collection

that focuses on benchmarking. While the hardness depends on

various properties, existing evaluations suggest that feature models

with very few features are typically not hard for most feature-model

analyses [25, 39, 89, 105]. As feature models with fewer than 100

features appear to be computationally easy for popular automated

reasoning engines [89, 102, 105, 106], we only consider feature mod-

els with at least 100 features. Collecting all feature models available,

including very small ones, would considerably increase the required

effort and various smaller feature models are already available in

the widely used SPLOT repository [72]. We apply this filter of fea-

ture models with at least 100 features only for the collection. In the

survey, we also examine work with smaller feature models. Second,

a common goal of performance tests is to accurately identify per-

formance differences of tools which requires a sufficient number of

input instances [35], which are currently laborious to collect.

P3 Transferability. The results of evaluations should be transferable

into practice [45, 115]. It has been shown that reasoning engines of-

ten perform substantially different on artificial instances compared

to real-world instances [4, 52, 63]. While empirical evaluations

on carefully designed artificial models can still be useful, we only

consider real-world feature models to ensure ecological validity [50].

In addition to collecting feature models, we aim to use our survey

to gather insights on the usage of feature models and reasoning

engines in empirical evaluations. We envision that our observations

help in understanding the demands and practices in evaluations

on feature-model analysis and provide more evidence for problems

addressed in this work. Note that while we only consider feature

models satisfying P1-P3 for our feature-model collection, we also

include empirical evaluations using other feature models in the

survey to reduce the bias in our observations on common practices.
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Identifying relevant feature models for an empirical evaluation
is a high-effort task. Publicly available feature models are scattered
over various publications [2, 11, 46, 52, 54, 78, 81, 84, 86, 87, 97].
Also, available feature-model repositories (e.g., SPLOT [72]) focus
on exchange instead of benchmarking [29, 70, 72] and contain a
large share of artificial and small feature models [70, 72], which
are less suitable for benchmarking performance [28]. Other avail-
able collections are limited to few [52, 76] or even exactly one
domain [11, 53, 86, 114].In this work, we aim to collect feature models used across ex-
isting empirical evaluations of feature-model analyses and make
them more accessible for researchers and practitioners. To this end,
we provide a comprehensive dataset including available feature
models from previous publications. We envision that our collection
improves the external and ecological validity of future empirical
evaluations. Our contributions towards that goal are the following:
Systematic Literature Survey (Section 3).We performed a sur-
vey examining overall 4,475 publications to identify work that
performs empirical evaluations on feature-model analyses.
Analysis of Common Practices (Section 4). We gather insights
on publishing behavior, used feature models, and employed reason-
ing engines to analyze common practices in feature-model evalu-
ations. Our observations confirm that having an easily accessible,
comprehensive collection of feature models yields benefits.
Feature-Model Collection (Section 5.1). We gather feature mod-
els from replication packages or similar data repositories provided
by identified publications. Overall, our collection contains 2,518
feature models from 13 application domains.Accessible Repository (Section 5.2).Wemake each feature model
publicly available [21] in (1) the originally published format, (2) the
Universal Variability Language (UVL) [103], and (3) as a proposi-
tional formula in conjunctive normal form (CNF) expressed in the
DIMACS format [90]. For each feature model, we provide various
information on its structure, semantics, and origin. For easy usage,
our repository comes with several functionalities for extracting
partial datasets (e.g., from specific domains, formats, or sizes).
Evaluation Against Requirements (Section 6).We evaluate our
dataset regarding its suitability for empirical evaluations consider-
ing requirements specified for benchmarks in other domains [45].
2 BACKGROUNDIn the following, we give a brief overview on feature models, rep-
resentations for feature models, and analyses on feature models.
For a more detailed context, we refer to other relevant literature
for definition of feature models [6, 51], representations [7, 24] and
analyses on feature models [8, 69, 106].

2.1 Feature-Model RepresentationsA feature model specifies the set of valid configurations for a
product line [6, 8]. Typically, a feature model 𝐹𝑀 = (𝐹,𝐶) is de-
fined as a set of features 𝐹 and constraints 𝐶 over those features.
The constraints implicitly specify the set of valid configurations
for the feature model. Various representations for feature models
have been proposed, differing mostly in their syntax and visual-
ization [6, 48, 51, 92, 103]. However, some languages also support

Ice Cream

Container

Cup Cone

Flavor

Chocolate Lemon Sorbet

Vegan Wafer

Feature
Mandatory
Optional
Alternative

Or Group

Chocolate⇒ ¬ Vegan
Wafer⇒ CupFigure 1: Running Example as a Feature Diagram

different language constructs with varying levels of expressive-
ness [48, 108]. Often, constraints and features are limited to Boolean
logic (i.e., features are selected or deselected) [8, 54, 54, 73, 80, 105].
Some feature-model extensions enrich the domain of possible val-
ues by supporting numerical features [76, 108] or provide more
complex constraints [102, 108].Feature Diagrams A feature diagram consists of a hierarchi-
cal tree structure over the features and additional cross-tree con-
straints [92], typically in propositional logic [51, 70, 103]. Figure 1
shows a feature diagram representing a simplified ice cream product
line. Here, ice cream requires a Container and Flavor as denoted
by theirmandatory state. Ice cream may be Vegan and may contain
a Wafer as both are optional features. The Container can be exactly
one of Cup and Cone as indicated by the alternative relationship.
Furthermore, the or relationship denotes that one or more flavors
can be selected. In addition to the tree hierarchy, two cross-tree con-
straints further limit the set of valid configurations (i.e., ice cream
variants). Chocolate cannot be selected with Vegan. An additional
Wafer can only be selected with a Cup.Universal Variability Language The Universal Variability Lan-
guage (UVL) is a textual representation for feature models [103].
Several recent and state-of-the-art tools for feature modeling sup-
port UVL [23, 31, 41, 44, 65, 101, 104]. In Listing 1, we show the run-
ning example in UVL notation. While the core level of the language
supports only propositional constraints [103], recent extensions
support more expressive constraints, such as arithmetic expressions
over numerical values or non-Boolean features [108].Conjunctive Normal Form Feature models can be represented
as logical formulas. In particular, all feature models with only
Boolean variables and constraints can be translated into propo-
sitional logic [18]. Furthermore, there have been efforts to also
translate more complex feature models (e.g., with numerical fea-
tures) to propositional logic [76]. Formulas in conjunctive normal
form (CNF) are commonly used as input for reasoning engines, such
as SAT [12, 73, 75] or #SAT [98, 105, 112] solvers. Hence, feature
models are often expressed in CNF to simplify automated reason-
ing [11, 80]. A CNF is a conjunction of clauses, with each clause
being a disjunction of literals [58]. CNFs are typically exchanged
in the DIMACS format [90]. In Listing 2, we show an excerpt of a
CNF representing our running example in DIMACS format. The
line starting with p cnf indicates that there are 9 variables (one per
feature) and 16 clauses. Each successive line describes a clause. For
instance, -2 1 0 describes the clause (¬ Ice Cream ∨ Container).
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ABSTRACT
Feature models are widely used for specifying the valid configura-
tions of product lines. Many automated analyses on feature models
have been considered, but they often depend on computationally
complex algorithms (e.g., solving satisfiability problems). To identify
and develop efficient reasoning engines, it is necessary to compare
their performance on practically relevant feature models. How-
ever, empirical evaluations on feature-model analysis often suffer
from the limitations of available feature-model datasets in terms
of transferability. A major problem is the accessibility of relevant
feature models as they are scattered over numerous publications. In
this work, we perform a literature survey on empirical evaluations
that target the performance of feature-model analyses to examine
common evaluation practices and collect feature models for future
evaluations. Furthermore, we examine the suitability of the derived
collection for benchmarking performance. To improve accessibility,
we provide a repository including all 2,518 identified feature models
from 13 application domains, such as system software.
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1 INTRODUCTION
Feature models are commonly used to specify the valid configura-
tions of a product line [6, 8, 51]. Typically, a feature model consists
of a set of features and dependencies between those features [51].
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A product of the product line is identified by a configuration of
features that adheres to all specified dependencies. Manually ana-
lyzing feature models is generally infeasible [8, 102]. Even simpler
problems, such as checking whether a given configuration satis-
fies all imposed constraints, require all dependencies of a feature
model to be considered. Thus, many automated analyses have been
proposed to support various activities in product-line engineering,
such as modeling [8], configuring [55, 84], and testing [54, 79].

Many feature-model analyses depend on solving computation-
ally complex problems [106]. In particular, feature models are typi-
cally translated to propositional formulas, so their analyses can be
reduced to Boolean satisfiability (SAT) [8, 63] or model-counting
(#SAT) [36, 56, 107] problems, which are computationally com-
plex [34, 106, 113]. As feature models are often analyzed in interac-
tive settings [1, 9, 70], short response times of reasoning engines
(e.g., SAT solvers) are in demand. The efficiency (w.r.t. resource con-
sumption) of tools is particularly relevant when dealing with very
complex configurable systems, such as the Linux kernel [66, 109].

Building efficient reasoning engines requires empirical evalua-
tions that are transferable to other instances of the targeted scope.
Transferability depends on representative datasets [28, 45], as the
performance of reasoning engines highly depends, amongst others,
on the analysis and model instance [57, 63, 105]. Without compar-
isons on feature models that reasonably reflect tool performance in
practice, it is difficult for practitioners to select the most promising
tool and for tool developers to optimize their algorithms.

Using non-representative datasets for benchmarking performance
may lead to empirical evaluations that lack external [117] and eco-
logical [3, 50] validity and cannot be transferred into practice [4, 42]
due to several aspects. First, it has been observed that runtimes
of reasoning engines, such as SAT solvers, often differ vastly be-
tween artificial and real-world formulas [4, 52, 63]. Second, when
an empirical evaluation includes only few feature models, it is
unclear whether any of its conclusions are transferable to other
feature models. This transferability is particularly questionable if
the considered feature models are all similar regarding certain char-
acteristics, such as structure (e.g., number of features or number of
constraints) and application domain (e.g., automotive or operating
system). Third, comparing empirical evaluations is difficult if they
use varying datasets, even if those datasets contain multiple real-
world instances. Currently, different authors typically use varying
datasets for empirical evaluations [10, 14, 38, 54, 56, 81, 89, 97, 105]
with only small or even no overlap to models from other work.
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namespace TankWar

features
TankWar { abstract true }

mandatory
Tank_Player1 { abstract true }

a l t e r n a t i v e
Black_P1
Red_P1
Red_Tier1_P1
Yel low_Tier1_P1
Blue_Tier2_P1
Green_Tier2_P1

Tank_Player2 { abstract true }
a l t e r n a t i v e

Black_P2
Red_P2
Red_Tier1_P2
Yel low_Tier1_P2
Blue_Tier2_P2
Green_Tier2_P2

mov { abstract true }
a l t e r n a t i v e

mov_0
mov_1
mov_2
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Listing 1: UVLfeatures
"Ice Cream"

mandatory
Container

alternative
Cup
ConeFlavor

or

Chocolate"Lemon Sorbet"
optional

Vegan
Waferconstraints

Chocolate => !VeganWafer => Cup

Listing 2: DIMACSc 1 Ice Creamc 2 Container...
c 8 Wafer
c 9 Vegan
p cnf 9 161 0
−2 1 0
−5 1 0
1 −8 0
...
6 −5 7 0
−6 −9 0
3 −8 0

2.2 Feature-Model Analyses
Various analyses for feature models have been proposed [8, 25, 53–

55, 69, 77, 79, 97, 107]. These analyses can be employed for the

development of configurable systems, to extract metrics (e.g., for

economical estimations), or to support users during the configura-

tion process. Many analyses depend on numerous complex compu-

tations, such as SAT [8, 54, 73] or #SAT [80, 107] problems.

Anomalies An anomaly corresponds to a potentially unintended

behavior of the feature model [68, 77]. For example, a contradic-

tion in constraints of the feature model may lead to a void feature

model [8], from which no valid configuration can be derived. Other

anomalies considered in the literature are dead features (i.e., fea-

tures that appear in no valid configuration), which may require

solving numerous SAT problems [106].
Sampling With sampling, a set of valid configurations following

a specific goal is derived. With 𝑡-wise sampling, a set of valid con-

figurations is created that covers all 𝑡-wise interactions [47, 54]. For

instance, a 2-wise sample covers all interactions between each pair

of features. State-of-the-art 𝑡-wise samplers rely on repetitive SAT

calls to derive a valid sample [47, 54]. Another popular strategy is

uniform random sampling [37, 80, 88, 97]. To ensure a uniform distri-

bution, state-of-the-art random samplers typically rely on solving

#SAT problems [37, 81, 88, 97].
Feature-Model Counting Many analyses depend on feature-

model counting (i.e., computing the number of valid configurations

for a given feature model) [40, 56, 106, 107]. For example, the num-

ber of valid configurations that contain a certain feature can be

used to prioritize features during development [107]. Such analyses

often rely on numerous #SAT invocations.3 LITERATURE SURVEY
With our literature survey, we aim to (1) collect a comprehensive

dataset of feature models used as test instances in empirical evalua-

tions on feature-model analysis and (2) analyze common practices

in evaluations to further inspect the demand for such a collection.

In the following, we present our methodology to identify work of

interest, collect feature models, and extract relevant information.

3.1 GoalsThe main goal of our survey is collecting a feature-model dataset

that improves ecological [50] (i.e., transferability to real world) and

external validity for benchmarking performance of reasoning en-

gines. Following considerations for selecting benchmark instances

from other domains, namely graphs [45], machine learning [61],

face recognition [35], and logic [26, 28], we consider three proper-

ties relevant for feature models in the context of benchmarking.

P1 Heterogeneity. A homogeneous (regarding domain and struc-

ture) dataset may limit the transferability [45]. Feature models

are used to model variability in various domains, such as automo-

tive [56], system software [11], and finances [27]. As results cannot

be necessarily transferred between domains [4, 28, 61], we aim

to collect feature models from many domains. Also, instances in

benchmark datasets should be heterogeneous considering structural

properties [45], such as number of features or tree hierarchy.

P2 Suitability for Performance Tests. There are various aspects of

datasets that might be relevant for performance tests depending on

the use case. We consider two dimensions here that we found rele-

vant for the evaluation of reasoning engines for own evaluations

and for evaluations many we examined during our survey. First,

to effectively select and improve algorithms, we need sufficiently

hard instances (here: feature models) that show the impact of op-

timizations [28, 45]. Feature models that are easy to analyze with

unoptimized algorithms may, thus, be less relevant for a collection

that focuses on benchmarking. While the hardness depends on

various properties, existing evaluations suggest that feature models

with very few features are typically not hard for most feature-model

analyses [25, 39, 89, 105]. As feature models with fewer than 100

features appear to be computationally easy for popular automated

reasoning engines [89, 102, 105, 106], we only consider feature mod-

els with at least 100 features. Collecting all feature models available,

including very small ones, would considerably increase the required

effort and various smaller feature models are already available in

the widely used SPLOT repository [72]. We apply this filter of fea-

ture models with at least 100 features only for the collection. In the

survey, we also examine work with smaller feature models. Second,

a common goal of performance tests is to accurately identify per-

formance differences of tools which requires a sufficient number of

input instances [35], which are currently laborious to collect.

P3 Transferability. The results of evaluations should be transferable

into practice [45, 115]. It has been shown that reasoning engines of-

ten perform substantially different on artificial instances compared

to real-world instances [4, 52, 63]. While empirical evaluations

on carefully designed artificial models can still be useful, we only

consider real-world feature models to ensure ecological validity [50].

In addition to collecting feature models, we aim to use our survey

to gather insights on the usage of feature models and reasoning

engines in empirical evaluations. We envision that our observations

help in understanding the demands and practices in evaluations

on feature-model analysis and provide more evidence for problems

addressed in this work. Note that while we only consider feature

models satisfying P1-P3 for our feature-model collection, we also

include empirical evaluations using other feature models in the

survey to reduce the bias in our observations on common practices.
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Identifying relevant feature models for an empirical evaluation
is a high-effort task. Publicly available feature models are scattered
over various publications [2, 11, 46, 52, 54, 78, 81, 84, 86, 87, 97].
Also, available feature-model repositories (e.g., SPLOT [72]) focus
on exchange instead of benchmarking [29, 70, 72] and contain a
large share of artificial and small feature models [70, 72], which
are less suitable for benchmarking performance [28]. Other avail-
able collections are limited to few [52, 76] or even exactly one
domain [11, 53, 86, 114].In this work, we aim to collect feature models used across ex-
isting empirical evaluations of feature-model analyses and make
them more accessible for researchers and practitioners. To this end,
we provide a comprehensive dataset including available feature
models from previous publications. We envision that our collection
improves the external and ecological validity of future empirical
evaluations. Our contributions towards that goal are the following:
Systematic Literature Survey (Section 3).We performed a sur-
vey examining overall 4,475 publications to identify work that
performs empirical evaluations on feature-model analyses.
Analysis of Common Practices (Section 4). We gather insights
on publishing behavior, used feature models, and employed reason-
ing engines to analyze common practices in feature-model evalu-
ations. Our observations confirm that having an easily accessible,
comprehensive collection of feature models yields benefits.
Feature-Model Collection (Section 5.1). We gather feature mod-
els from replication packages or similar data repositories provided
by identified publications. Overall, our collection contains 2,518
feature models from 13 application domains.Accessible Repository (Section 5.2).Wemake each feature model
publicly available [21] in (1) the originally published format, (2) the
Universal Variability Language (UVL) [103], and (3) as a proposi-
tional formula in conjunctive normal form (CNF) expressed in the
DIMACS format [90]. For each feature model, we provide various
information on its structure, semantics, and origin. For easy usage,
our repository comes with several functionalities for extracting
partial datasets (e.g., from specific domains, formats, or sizes).
Evaluation Against Requirements (Section 6).We evaluate our
dataset regarding its suitability for empirical evaluations consider-
ing requirements specified for benchmarks in other domains [45].
2 BACKGROUNDIn the following, we give a brief overview on feature models, rep-
resentations for feature models, and analyses on feature models.
For a more detailed context, we refer to other relevant literature
for definition of feature models [6, 51], representations [7, 24] and
analyses on feature models [8, 69, 106].

2.1 Feature-Model RepresentationsA feature model specifies the set of valid configurations for a
product line [6, 8]. Typically, a feature model 𝐹𝑀 = (𝐹,𝐶) is de-
fined as a set of features 𝐹 and constraints 𝐶 over those features.
The constraints implicitly specify the set of valid configurations
for the feature model. Various representations for feature models
have been proposed, differing mostly in their syntax and visual-
ization [6, 48, 51, 92, 103]. However, some languages also support

Ice Cream

Container

Cup Cone

Flavor

Chocolate Lemon Sorbet

Vegan Wafer

Feature
Mandatory
Optional
Alternative

Or Group

Chocolate⇒ ¬ Vegan
Wafer⇒ CupFigure 1: Running Example as a Feature Diagram

different language constructs with varying levels of expressive-
ness [48, 108]. Often, constraints and features are limited to Boolean
logic (i.e., features are selected or deselected) [8, 54, 54, 73, 80, 105].
Some feature-model extensions enrich the domain of possible val-
ues by supporting numerical features [76, 108] or provide more
complex constraints [102, 108].Feature Diagrams A feature diagram consists of a hierarchi-
cal tree structure over the features and additional cross-tree con-
straints [92], typically in propositional logic [51, 70, 103]. Figure 1
shows a feature diagram representing a simplified ice cream product
line. Here, ice cream requires a Container and Flavor as denoted
by theirmandatory state. Ice cream may be Vegan and may contain
a Wafer as both are optional features. The Container can be exactly
one of Cup and Cone as indicated by the alternative relationship.
Furthermore, the or relationship denotes that one or more flavors
can be selected. In addition to the tree hierarchy, two cross-tree con-
straints further limit the set of valid configurations (i.e., ice cream
variants). Chocolate cannot be selected with Vegan. An additional
Wafer can only be selected with a Cup.Universal Variability Language The Universal Variability Lan-
guage (UVL) is a textual representation for feature models [103].
Several recent and state-of-the-art tools for feature modeling sup-
port UVL [23, 31, 41, 44, 65, 101, 104]. In Listing 1, we show the run-
ning example in UVL notation. While the core level of the language
supports only propositional constraints [103], recent extensions
support more expressive constraints, such as arithmetic expressions
over numerical values or non-Boolean features [108].Conjunctive Normal Form Feature models can be represented
as logical formulas. In particular, all feature models with only
Boolean variables and constraints can be translated into propo-
sitional logic [18]. Furthermore, there have been efforts to also
translate more complex feature models (e.g., with numerical fea-
tures) to propositional logic [76]. Formulas in conjunctive normal
form (CNF) are commonly used as input for reasoning engines, such
as SAT [12, 73, 75] or #SAT [98, 105, 112] solvers. Hence, feature
models are often expressed in CNF to simplify automated reason-
ing [11, 80]. A CNF is a conjunction of clauses, with each clause
being a disjunction of literals [58]. CNFs are typically exchanged
in the DIMACS format [90]. In Listing 2, we show an excerpt of a
CNF representing our running example in DIMACS format. The
line starting with p cnf indicates that there are 9 variables (one per
feature) and 16 clauses. Each successive line describes a clause. For
instance, -2 1 0 describes the clause (¬ Ice Cream ∨ Container).
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tions of product lines. Many automated analyses on feature models
have been considered, but they often depend on computationally
complex algorithms (e.g., solving satisfiability problems). To identify
and develop efficient reasoning engines, it is necessary to compare
their performance on practically relevant feature models. How-
ever, empirical evaluations on feature-model analysis often suffer
from the limitations of available feature-model datasets in terms
of transferability. A major problem is the accessibility of relevant
feature models as they are scattered over numerous publications. In
this work, we perform a literature survey on empirical evaluations
that target the performance of feature-model analyses to examine
common evaluation practices and collect feature models for future
evaluations. Furthermore, we examine the suitability of the derived
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we provide a repository including all 2,518 identified feature models
from 13 application domains, such as system software.

CCS CONCEPTS
• Software and its engineering→ Software product lines.

KEYWORDS
feature model, product line, survey, evaluation, benchmark
ACM Reference Format:
Chico Sundermann, Vincenzo Francesco Brancaccio, Elias Kuiter, Sebastian
Krieter, Tobias Heß, and Thomas Thüm. 2024. Collecting Feature Models
from the Literature: A Comprehensive Dataset for Benchmarking. In 28th
ACM International Systems and Software Product Line Conference (SPLC ’24),
September 02–06, 2024, Dommeldange, Luxembourg. ACM, New York, NY,
USA, 12 pages. https://doi.org/10.1145/3646548.3672590

1 INTRODUCTION
Feature models are commonly used to specify the valid configura-
tions of a product line [6, 8, 51]. Typically, a feature model consists
of a set of features and dependencies between those features [51].
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A product of the product line is identified by a configuration of
features that adheres to all specified dependencies. Manually ana-
lyzing feature models is generally infeasible [8, 102]. Even simpler
problems, such as checking whether a given configuration satis-
fies all imposed constraints, require all dependencies of a feature
model to be considered. Thus, many automated analyses have been
proposed to support various activities in product-line engineering,
such as modeling [8], configuring [55, 84], and testing [54, 79].

Many feature-model analyses depend on solving computation-
ally complex problems [106]. In particular, feature models are typi-
cally translated to propositional formulas, so their analyses can be
reduced to Boolean satisfiability (SAT) [8, 63] or model-counting
(#SAT) [36, 56, 107] problems, which are computationally com-
plex [34, 106, 113]. As feature models are often analyzed in interac-
tive settings [1, 9, 70], short response times of reasoning engines
(e.g., SAT solvers) are in demand. The efficiency (w.r.t. resource con-
sumption) of tools is particularly relevant when dealing with very
complex configurable systems, such as the Linux kernel [66, 109].

Building efficient reasoning engines requires empirical evalua-
tions that are transferable to other instances of the targeted scope.
Transferability depends on representative datasets [28, 45], as the
performance of reasoning engines highly depends, amongst others,
on the analysis and model instance [57, 63, 105]. Without compar-
isons on feature models that reasonably reflect tool performance in
practice, it is difficult for practitioners to select the most promising
tool and for tool developers to optimize their algorithms.

Using non-representative datasets for benchmarking performance
may lead to empirical evaluations that lack external [117] and eco-
logical [3, 50] validity and cannot be transferred into practice [4, 42]
due to several aspects. First, it has been observed that runtimes
of reasoning engines, such as SAT solvers, often differ vastly be-
tween artificial and real-world formulas [4, 52, 63]. Second, when
an empirical evaluation includes only few feature models, it is
unclear whether any of its conclusions are transferable to other
feature models. This transferability is particularly questionable if
the considered feature models are all similar regarding certain char-
acteristics, such as structure (e.g., number of features or number of
constraints) and application domain (e.g., automotive or operating
system). Third, comparing empirical evaluations is difficult if they
use varying datasets, even if those datasets contain multiple real-
world instances. Currently, different authors typically use varying
datasets for empirical evaluations [10, 14, 38, 54, 56, 81, 89, 97, 105]
with only small or even no overlap to models from other work.
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namespace TankWar

features
TankWar { abstract true }

mandatory
Tank_Player1 { abstract true }

a l t e r n a t i v e
Black_P1
Red_P1
Red_Tier1_P1
Yel low_Tier1_P1
Blue_Tier2_P1
Green_Tier2_P1

Tank_Player2 { abstract true }
a l t e r n a t i v e

Black_P2
Red_P2
Red_Tier1_P2
Yel low_Tier1_P2
Blue_Tier2_P2
Green_Tier2_P2

mov { abstract true }
a l t e r n a t i v e

mov_0
mov_1
mov_2
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Listing 1: UVLfeatures
"Ice Cream"

mandatory
Container

alternative
Cup
ConeFlavor

or

Chocolate"Lemon Sorbet"
optional

Vegan
Waferconstraints

Chocolate => !VeganWafer => Cup

Listing 2: DIMACSc 1 Ice Creamc 2 Container...
c 8 Wafer
c 9 Vegan
p cnf 9 161 0
−2 1 0
−5 1 0
1 −8 0
...
6 −5 7 0
−6 −9 0
3 −8 0

2.2 Feature-Model Analyses
Various analyses for feature models have been proposed [8, 25, 53–

55, 69, 77, 79, 97, 107]. These analyses can be employed for the

development of configurable systems, to extract metrics (e.g., for

economical estimations), or to support users during the configura-

tion process. Many analyses depend on numerous complex compu-

tations, such as SAT [8, 54, 73] or #SAT [80, 107] problems.

Anomalies An anomaly corresponds to a potentially unintended

behavior of the feature model [68, 77]. For example, a contradic-

tion in constraints of the feature model may lead to a void feature

model [8], from which no valid configuration can be derived. Other

anomalies considered in the literature are dead features (i.e., fea-

tures that appear in no valid configuration), which may require

solving numerous SAT problems [106].
Sampling With sampling, a set of valid configurations following

a specific goal is derived. With 𝑡-wise sampling, a set of valid con-

figurations is created that covers all 𝑡-wise interactions [47, 54]. For

instance, a 2-wise sample covers all interactions between each pair

of features. State-of-the-art 𝑡-wise samplers rely on repetitive SAT

calls to derive a valid sample [47, 54]. Another popular strategy is

uniform random sampling [37, 80, 88, 97]. To ensure a uniform distri-

bution, state-of-the-art random samplers typically rely on solving

#SAT problems [37, 81, 88, 97].
Feature-Model Counting Many analyses depend on feature-

model counting (i.e., computing the number of valid configurations

for a given feature model) [40, 56, 106, 107]. For example, the num-

ber of valid configurations that contain a certain feature can be

used to prioritize features during development [107]. Such analyses

often rely on numerous #SAT invocations.3 LITERATURE SURVEY
With our literature survey, we aim to (1) collect a comprehensive

dataset of feature models used as test instances in empirical evalua-

tions on feature-model analysis and (2) analyze common practices

in evaluations to further inspect the demand for such a collection.

In the following, we present our methodology to identify work of

interest, collect feature models, and extract relevant information.

3.1 GoalsThe main goal of our survey is collecting a feature-model dataset

that improves ecological [50] (i.e., transferability to real world) and

external validity for benchmarking performance of reasoning en-

gines. Following considerations for selecting benchmark instances

from other domains, namely graphs [45], machine learning [61],

face recognition [35], and logic [26, 28], we consider three proper-

ties relevant for feature models in the context of benchmarking.

P1 Heterogeneity. A homogeneous (regarding domain and struc-

ture) dataset may limit the transferability [45]. Feature models

are used to model variability in various domains, such as automo-

tive [56], system software [11], and finances [27]. As results cannot

be necessarily transferred between domains [4, 28, 61], we aim

to collect feature models from many domains. Also, instances in

benchmark datasets should be heterogeneous considering structural

properties [45], such as number of features or tree hierarchy.

P2 Suitability for Performance Tests. There are various aspects of

datasets that might be relevant for performance tests depending on

the use case. We consider two dimensions here that we found rele-

vant for the evaluation of reasoning engines for own evaluations

and for evaluations many we examined during our survey. First,

to effectively select and improve algorithms, we need sufficiently

hard instances (here: feature models) that show the impact of op-

timizations [28, 45]. Feature models that are easy to analyze with

unoptimized algorithms may, thus, be less relevant for a collection

that focuses on benchmarking. While the hardness depends on

various properties, existing evaluations suggest that feature models

with very few features are typically not hard for most feature-model

analyses [25, 39, 89, 105]. As feature models with fewer than 100

features appear to be computationally easy for popular automated

reasoning engines [89, 102, 105, 106], we only consider feature mod-

els with at least 100 features. Collecting all feature models available,

including very small ones, would considerably increase the required

effort and various smaller feature models are already available in

the widely used SPLOT repository [72]. We apply this filter of fea-

ture models with at least 100 features only for the collection. In the

survey, we also examine work with smaller feature models. Second,

a common goal of performance tests is to accurately identify per-

formance differences of tools which requires a sufficient number of

input instances [35], which are currently laborious to collect.

P3 Transferability. The results of evaluations should be transferable

into practice [45, 115]. It has been shown that reasoning engines of-

ten perform substantially different on artificial instances compared

to real-world instances [4, 52, 63]. While empirical evaluations

on carefully designed artificial models can still be useful, we only

consider real-world feature models to ensure ecological validity [50].

In addition to collecting feature models, we aim to use our survey

to gather insights on the usage of feature models and reasoning

engines in empirical evaluations. We envision that our observations

help in understanding the demands and practices in evaluations

on feature-model analysis and provide more evidence for problems

addressed in this work. Note that while we only consider feature

models satisfying P1-P3 for our feature-model collection, we also

include empirical evaluations using other feature models in the

survey to reduce the bias in our observations on common practices.
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Identifying relevant feature models for an empirical evaluation
is a high-effort task. Publicly available feature models are scattered
over various publications [2, 11, 46, 52, 54, 78, 81, 84, 86, 87, 97].
Also, available feature-model repositories (e.g., SPLOT [72]) focus
on exchange instead of benchmarking [29, 70, 72] and contain a
large share of artificial and small feature models [70, 72], which
are less suitable for benchmarking performance [28]. Other avail-
able collections are limited to few [52, 76] or even exactly one
domain [11, 53, 86, 114].In this work, we aim to collect feature models used across ex-
isting empirical evaluations of feature-model analyses and make
them more accessible for researchers and practitioners. To this end,
we provide a comprehensive dataset including available feature
models from previous publications. We envision that our collection
improves the external and ecological validity of future empirical
evaluations. Our contributions towards that goal are the following:
Systematic Literature Survey (Section 3).We performed a sur-
vey examining overall 4,475 publications to identify work that
performs empirical evaluations on feature-model analyses.
Analysis of Common Practices (Section 4). We gather insights
on publishing behavior, used feature models, and employed reason-
ing engines to analyze common practices in feature-model evalu-
ations. Our observations confirm that having an easily accessible,
comprehensive collection of feature models yields benefits.
Feature-Model Collection (Section 5.1). We gather feature mod-
els from replication packages or similar data repositories provided
by identified publications. Overall, our collection contains 2,518
feature models from 13 application domains.Accessible Repository (Section 5.2).Wemake each feature model
publicly available [21] in (1) the originally published format, (2) the
Universal Variability Language (UVL) [103], and (3) as a proposi-
tional formula in conjunctive normal form (CNF) expressed in the
DIMACS format [90]. For each feature model, we provide various
information on its structure, semantics, and origin. For easy usage,
our repository comes with several functionalities for extracting
partial datasets (e.g., from specific domains, formats, or sizes).
Evaluation Against Requirements (Section 6).We evaluate our
dataset regarding its suitability for empirical evaluations consider-
ing requirements specified for benchmarks in other domains [45].
2 BACKGROUNDIn the following, we give a brief overview on feature models, rep-
resentations for feature models, and analyses on feature models.
For a more detailed context, we refer to other relevant literature
for definition of feature models [6, 51], representations [7, 24] and
analyses on feature models [8, 69, 106].

2.1 Feature-Model RepresentationsA feature model specifies the set of valid configurations for a
product line [6, 8]. Typically, a feature model 𝐹𝑀 = (𝐹,𝐶) is de-
fined as a set of features 𝐹 and constraints 𝐶 over those features.
The constraints implicitly specify the set of valid configurations
for the feature model. Various representations for feature models
have been proposed, differing mostly in their syntax and visual-
ization [6, 48, 51, 92, 103]. However, some languages also support

Ice Cream

Container

Cup Cone

Flavor

Chocolate Lemon Sorbet

Vegan Wafer

Feature
Mandatory
Optional
Alternative

Or Group

Chocolate⇒ ¬ Vegan
Wafer⇒ CupFigure 1: Running Example as a Feature Diagram

different language constructs with varying levels of expressive-
ness [48, 108]. Often, constraints and features are limited to Boolean
logic (i.e., features are selected or deselected) [8, 54, 54, 73, 80, 105].
Some feature-model extensions enrich the domain of possible val-
ues by supporting numerical features [76, 108] or provide more
complex constraints [102, 108].Feature Diagrams A feature diagram consists of a hierarchi-
cal tree structure over the features and additional cross-tree con-
straints [92], typically in propositional logic [51, 70, 103]. Figure 1
shows a feature diagram representing a simplified ice cream product
line. Here, ice cream requires a Container and Flavor as denoted
by theirmandatory state. Ice cream may be Vegan and may contain
a Wafer as both are optional features. The Container can be exactly
one of Cup and Cone as indicated by the alternative relationship.
Furthermore, the or relationship denotes that one or more flavors
can be selected. In addition to the tree hierarchy, two cross-tree con-
straints further limit the set of valid configurations (i.e., ice cream
variants). Chocolate cannot be selected with Vegan. An additional
Wafer can only be selected with a Cup.Universal Variability Language The Universal Variability Lan-
guage (UVL) is a textual representation for feature models [103].
Several recent and state-of-the-art tools for feature modeling sup-
port UVL [23, 31, 41, 44, 65, 101, 104]. In Listing 1, we show the run-
ning example in UVL notation. While the core level of the language
supports only propositional constraints [103], recent extensions
support more expressive constraints, such as arithmetic expressions
over numerical values or non-Boolean features [108].Conjunctive Normal Form Feature models can be represented
as logical formulas. In particular, all feature models with only
Boolean variables and constraints can be translated into propo-
sitional logic [18]. Furthermore, there have been efforts to also
translate more complex feature models (e.g., with numerical fea-
tures) to propositional logic [76]. Formulas in conjunctive normal
form (CNF) are commonly used as input for reasoning engines, such
as SAT [12, 73, 75] or #SAT [98, 105, 112] solvers. Hence, feature
models are often expressed in CNF to simplify automated reason-
ing [11, 80]. A CNF is a conjunction of clauses, with each clause
being a disjunction of literals [58]. CNFs are typically exchanged
in the DIMACS format [90]. In Listing 2, we show an excerpt of a
CNF representing our running example in DIMACS format. The
line starting with p cnf indicates that there are 9 variables (one per
feature) and 16 clauses. Each successive line describes a clause. For
instance, -2 1 0 describes the clause (¬ Ice Cream ∨ Container).

55

Collecting Feature Models from the Literature:
A Comprehensive Dataset for Benchmarking

Chico Sundermann
University of Ulm

Germany

Vincenzo Francesco Brancaccio
University of Ulm

Germany

Elias Kuiter
University of Magdeburg

Germany

Sebastian Krieter
Paderborn University

Germany

Tobias Heß
University of Ulm

Germany

Thomas Thüm
Paderborn University

Germany

ABSTRACT
Feature models are widely used for specifying the valid configura-
tions of product lines. Many automated analyses on feature models
have been considered, but they often depend on computationally
complex algorithms (e.g., solving satisfiability problems). To identify
and develop efficient reasoning engines, it is necessary to compare
their performance on practically relevant feature models. How-
ever, empirical evaluations on feature-model analysis often suffer
from the limitations of available feature-model datasets in terms
of transferability. A major problem is the accessibility of relevant
feature models as they are scattered over numerous publications. In
this work, we perform a literature survey on empirical evaluations
that target the performance of feature-model analyses to examine
common evaluation practices and collect feature models for future
evaluations. Furthermore, we examine the suitability of the derived
collection for benchmarking performance. To improve accessibility,
we provide a repository including all 2,518 identified feature models
from 13 application domains, such as system software.
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1 INTRODUCTION
Feature models are commonly used to specify the valid configura-
tions of a product line [6, 8, 51]. Typically, a feature model consists
of a set of features and dependencies between those features [51].
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A product of the product line is identified by a configuration of
features that adheres to all specified dependencies. Manually ana-
lyzing feature models is generally infeasible [8, 102]. Even simpler
problems, such as checking whether a given configuration satis-
fies all imposed constraints, require all dependencies of a feature
model to be considered. Thus, many automated analyses have been
proposed to support various activities in product-line engineering,
such as modeling [8], configuring [55, 84], and testing [54, 79].

Many feature-model analyses depend on solving computation-
ally complex problems [106]. In particular, feature models are typi-
cally translated to propositional formulas, so their analyses can be
reduced to Boolean satisfiability (SAT) [8, 63] or model-counting
(#SAT) [36, 56, 107] problems, which are computationally com-
plex [34, 106, 113]. As feature models are often analyzed in interac-
tive settings [1, 9, 70], short response times of reasoning engines
(e.g., SAT solvers) are in demand. The efficiency (w.r.t. resource con-
sumption) of tools is particularly relevant when dealing with very
complex configurable systems, such as the Linux kernel [66, 109].

Building efficient reasoning engines requires empirical evalua-
tions that are transferable to other instances of the targeted scope.
Transferability depends on representative datasets [28, 45], as the
performance of reasoning engines highly depends, amongst others,
on the analysis and model instance [57, 63, 105]. Without compar-
isons on feature models that reasonably reflect tool performance in
practice, it is difficult for practitioners to select the most promising
tool and for tool developers to optimize their algorithms.

Using non-representative datasets for benchmarking performance
may lead to empirical evaluations that lack external [117] and eco-
logical [3, 50] validity and cannot be transferred into practice [4, 42]
due to several aspects. First, it has been observed that runtimes
of reasoning engines, such as SAT solvers, often differ vastly be-
tween artificial and real-world formulas [4, 52, 63]. Second, when
an empirical evaluation includes only few feature models, it is
unclear whether any of its conclusions are transferable to other
feature models. This transferability is particularly questionable if
the considered feature models are all similar regarding certain char-
acteristics, such as structure (e.g., number of features or number of
constraints) and application domain (e.g., automotive or operating
system). Third, comparing empirical evaluations is difficult if they
use varying datasets, even if those datasets contain multiple real-
world instances. Currently, different authors typically use varying
datasets for empirical evaluations [10, 14, 38, 54, 56, 81, 89, 97, 105]
with only small or even no overlap to models from other work.
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• biggest collection of feature
models

• 2334 usable feature models
• 101 – 80,258 features
• various domains
• contains feature model

histories
• UVL

namespace TankWar

features
TankWar { abstract true }

mandatory
Tank_Player1 { abstract true }

a l t e r n a t i v e
Black_P1
Red_P1
Red_Tier1_P1
Yel low_Tier1_P1
Blue_Tier2_P1
Green_Tier2_P1

Tank_Player2 { abstract true }
a l t e r n a t i v e

Black_P2
Red_P2
Red_Tier1_P2
Yel low_Tier1_P2
Blue_Tier2_P2
Green_Tier2_P2

mov { abstract true }
a l t e r n a t i v e

mov_0
mov_1
mov_2

[ . . . ]

[12] Sundermann et al., “Collecting Feature Models from the Literature: A Comprehensive Dataset for Benchmarking” (2024, ACM)
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Cross-Validation Strategy
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ML Model
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Inner Cross-Validation × 10

Iterative Hyperparameter Optimization × 150
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Preprocessing
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Training Analysis

OuterCross-Validation × 10
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Evaluation – Research Questions
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Feature Engineering

1. How well do different ML pipeline configurations, especially feature selection strategies, perform for
exemplary ML tasks on feature model analysis with regards to . . .

1. . . .ML feature set reduction?
2. . . . feature selection stability?
3. . . .ML model prediction quality?
4. What is the trade-off between all performance metrics?

2. How difficult are different ML pipeline configurations, especially feature selection strategies, to compute
for exemplary ML tasks on feature model analysis with regards to . . .

1. . . . feature selection algorithm runtime?
2. . . . active ML feature subset computation time?
3. What is the trade-off between runtime, ML feature subset computation time, and ML model quality?

3. How is the combined feature space structured in terms of . . .
1. . . .ML feature correlation?
2. . . .ML feature importance?
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Evaluation – RQ 2.1: Computational Effort
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Evaluation – Threats to Validity

Internal Validity:

• Target Data Generation
• Measurement errors
• Right censoring

• Feature Extraction
• Implementation errors

• Feature Preprocessing
• Prefiltering can remove good features
• Non-optimal imputation assumption
• Downcasting

• Feature Selection
• Implementation errors

• ML Model Training
• Overfitting
• Performance metrics

External Validity:

• Target Data Generation
• Different Solvers could have different results

• Chosen Input Instances
• Representative?
• Groups in data set
• Feature model size

• Selected ML Pipeline Configurations
• Subset representative?

• No Established Evaluation Standards
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Applications and Improvements

Improving Feature Extraction:

• Graph-based Features
• Solution Space Metrics
• Autoencoders
• Convolutional Neural Networks

Analyzing FM Benchmarks:

• Clustering Analysis
• Benchmark Minimization
• Synthetic Benchmark Expansion

Improving the Pipeline:

• Feature Transformations
• Imputation with MAR
• Feature Importance Analysis

Solving Other Problems:

• #SAT Algorithm Selection
• FM Similarity
• FM Complexity Metrics
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Evaluation – Performance
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Evaluation – Feature Space
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