Prioritizing Configuration Relevance via Compiler-Based Refined Feature Ranking

Federico Bruzzone @2, Walter Cazzola ®** Luca Favini®

“Universita degli Studi di Milano, Computer Science Department, Milan, Italy

Abstract

Modern programming languages, most notably Rust, offer advanced linguistic constructs for building highly configurable software
systems as aggregations of features—identified by a configuration. However, they pose substantial challenges for program analysis,
optimization, and testing, as the combinatorial explosion of configurations often makes exhaustive exploration infeasible. In this
manuscript, we present the first compiler-based method for prioritizing configurations. Our approach consists of four main steps:
1. extracting a tailored intermediate representation from the Rust compiler, 2. constructing two complementary graph-based data
structures—a feature dependency graph capturing inter-feature code-level dependencies weighted by predicate structure, and an
atom dependency tree encoding the extent of code governed by each feature—, 3. using centrality measures to rank features, and
4. refining the ranking by considering the extent of code they impact. A fixed number of most relevant configurations are generated
based on the achieved feature ranking. The validity of the generated configurations is guaranteed by using a SAT solver that
takes a representation of feature dependencies in conjunctive normal form. We formalized this approach and implemented it in
a prototype, RusTYEX, by instrumenting the Rust compiler. An empirical evaluation on higher-ranked open-source Rust projects
shows that RustyEx efficiently generates user-specified sets of configurations within bounded resources, while ensuring soundness
by construction. The results demonstrate that centrality-guided configuration prioritization enables practical exploration of large
configuration spaces, and we discuss the implications and open challenges for future configuration-aware analysis and optimization.
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1. Introduction

Premise. Highly configurable software systems' often aim
to satisfy a wide range of requirements. These systems pro-
vide a set of features that can be combined in different ways
to create a variety of products [4]. Variability-rich software
system development leverages principles from product line en-
gineering, commonly referred to as feature-oriented program-
ming [79].2 Programming languages, such as C/C++ and Java,
provide mechanisms to manage software variability via pre-
processor directives, conditional compilation, and annotations.
Rust [60] has also been designed to support the development of
highly configurable software systems via its attribute system®—
specifically, the cfg attribute.
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I These systems are also known as product families or software product
lines (SPLs) [19]

We use this term loosely as a collective label for variability-
implementation paradigms, not exclusively for the FOP paradigm of Prehofer

3Rust’s attributes are a form of syntactic metadata that can be attached to
various parts of the code. Two kind of attributes are supported: outer and in-
ner. The former is used to annotate item declarations (such as functions, structs,
and enums), expression and statement. The latter is used to annotate modules
and block expressions (in particular cases). We will refer to the items, expres-
sions, and statements as terms. See https://doc.rust-lang.org/reference
for more details.

Problem Statement. Software variability can be complex, mak-
ing it challenging to reason about all possible configurations [1].
This problem is further exacerbated by the fact that the number
of possible configurations grows exponentially with the num-
ber of features, as demonstrated by Krueger [46]. For instance,
the Linux kernel is a well-known highly configurable software
system with a significant number of features [86] that exploits
the native support for variability in C/C++ and, more recently,
Rust [92]. Over the years, the kernel and similar systems have
been extensively studied, with numerous works highlighting the
challenges posed by large configuration spaces [63, 91, 25, 59].

State of the Art Exhaustive approaches become infeasible
due to the combinatorial explosion of configurations [5]. There-
fore, a strategy is needed to reduce the number of configurations
under analysis. Several approaches aim to achieve this goal.
Sampling techniques [73, 2, 48], combinatorial testing [71, 55],
and in particular t-wise testing [20, 75, 71] attempt to reduce
the configuration space while ensuring coverage. Other works
have proposed prioritization methods [27, 82, 72, 25], using
criteria such as similarity [2], non-functional properties [81],
or centrality-based measures [64, 74, 50, 6]. As reported by
Classen et al. [18], many configurable systems are safety-critical,
which makes prioritization even more important: the goal is to
detect faults as early as possible while reducing the number of
tests.

Limitations of Existing Approaches. Despite these efforts,
the problem of finding a proper prioritization criterion remains
open. Existing approaches 1. are predominantly based on fea-
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ture models [9, 77] and, while some recent work considers source
artifacts or presence conditions [34, 44], none combines code-
extent weighting with centrality-based ranking in a compiler-
integrated pipeline, and 2. do not account for the extent of the
code affected by each feature. Consequently, configurations
that are critical to the system’s behavior may be omitted. More-
over, the need for principled configuration prioritization ex-
tends well beyond testing. Highly configurable systems must
also address:

1. compiler optimizations and performance analysis, where
either only a subset of variants can be feasibly evaluated,
or configuration relevance can guide optimization strate-
gies [95, 85, 90, 96],

2. program comprehension and debugging, where develop-
ers must reason about representative or critical configu-
rations [33, 97],

3. variability management and refactoring, where structural
changes should be guided by the actual impact of features
in the code [54, 53], and

4. regression analysis, where prioritization helps identify
which configurations are most likely to reveal behavioral
differences after evolution [80, 89].

In all these contexts, treating features uniformly or relying on
stochastic heuristics may be insufficient, particularly in safety-
critical and performance-sensitive settings where specific fea-
ture interactions must be systematically explored [18].

Proposal. In this paper, we propose, to the best of our knowl-
edge, the first general method for prioritizing the relevance of
configurations via a compiler-based refined ranking of features.
To this end, we present RustYEX, a fully automated tool de-
signed to identify the most relevant configurations in highly
configurable Rust software systems.* We define these config-
urations as those containing the most relevant features. A fea-
ture’s relevance is measured by its centrality in the feature de-
pendency graph and the extent of the code it impacts. As shown
in Figure 1, we instrument the Rust compiler by performing
an interprocedural static analysis [68, 69]° to extract the uni-
fied intermediate representation (UIR). The UIR is obtained by
removing irrelevant information from the Rust abstract syntax
tree (AST) and by creating the atoms.® RustyEx performs static
analysis on the UIR to extract two main data structures: the
dependency graph [61] and the polytree [23]. The former is
a weighted directed graph, dubbed feature dependency graph
(see ® and @ in Figure 2), that represents the dependencies be-
tween the features. The latter is an induced subgraph of the
UIR, dubbed atom dependency tree (see ® and @ in Figure 2).
This structure captures the lexical scope-based [21] dependen-
cies between atoms, enriched with the extent of the code they
affect. To address the previously mentioned limitations, we

4 Although we use Rust in this work, our approach to configuration prior-
itization is language-agnostic and applicable to any language with native vari-
ability support, such as C/C++ or Java.

SInter-procedural analysis is a static analysis technique that analyzes the
control and data flow of a program across multiple functions.

%From now on, we refer to an afom as a single term annotated with a given
configuration predicate.

propose a method that combines both structures to identify the
most relevant configurations. This method leverages central-
ity measures as structural metrics [28, 62, 66], and includes
graph transformations into propositional and conjunctive nor-
mal form (CNF) [18] formulas, along with techniques for re-
fining the ranking of features. RusTYEx relies on a SAT solver
to determine configurations that satisfy the CNF formula based
on the refined feature ranking. This ensures that not only is the
number of configurations reduced, but also that the most rele-
vant configurations are prioritized. We validate our approach on
higher-ranked open-source Rust projects by running RustyEx
with a fixed number of configurations to generate. To provide
a comprehensive evaluation, we report detailed metrics on the
proposed structures for each project. Soundness is ensured by
construction, guaranteeing that all generated configurations are
valid.

Contributions. The main contributions of this paper are:

o the first general method for prioritizing configurations
in highly configurable software systems via a compiler-
based refined ranking of features,

e a formalization of the approach, from the extraction of
the UIR to the algorithms for building the complementary
data structures and prioritizing configurations,

o adetailed implementation of our approach in RustyEx, a
fully automated tool for Rust software,

e an extensive evaluation of RustyEx on higher-ranked open-
source Rust projects, demonstrating its effectiveness in
identifying and prioritizing the most relevant configura-
tions, and

o aformal proof of the soundness of our approach, ensuring
that all generated configurations are valid.

Manuscript Structure. The remainder of the paper is orga-
nized as follows. Section 2 introduces the necessary background.
Section 3 details the design of RustYEX, and Section 4 presents
our evaluation. Section 7 discusses related work, and Section 8
concludes the paper.

2. Background

We provide background on Rust’s configuration system and
on the centrality measures used in this work.

2.1. The Rust Programming Language

Rust is a system programming language that focuses on
safety, speed, and concurrency [60]. Rust supports software
variability through its attribute system, particularly the cfg at-
tribute, which allows conditional compilation based on speci-
fied configuration predicates. A feature in Rust is defined by all
terms (i.e., items, expressions, and statements) annotated with
the same config name in a cfg outer attribute. The inclusion
of a feature in a product depends on the evaluation of a con-

figuration predicate at compile time, e.g., #[cfg(any(unix,

windows))]. Cargo—Rust’s package manager—Ilets develop-
ers declare features using config names in the Cargo.toml file,



combining them with logical operators into configuration pred-
icates. Feature dependencies, i.e., cross-tree constraints of fea-
ture models [39, 84, 40], can also be specified in the same
file. Unlike languages such as C/C++ that rely on preprocessor
macros, Rust’s cfg attributes are integrated into the compiler’s
type-checking and name-resolution pipeline, making them avail-
able for principled static analysis without macro expansion ar-
tifacts.

2.2. Centrality Measures

Since the early days of social network analysis, centrality
measures have been used to identify the key nodes in a net-
work [83, 8, 41]. They have since become central to graph the-
ory and network analysis [16, 22, 47]. A network is typically
modeled as a graph with n nodes, indexed by i € {1,2,...,n},
and represented as an adjacency matrix A € R™", where A;; # 0
indicates an edge between nodes i and j, and A;; = O oth-
erwise. As Bloch et al. [13] observe, not all centrality mea-
sures consider edge directions and weights, though these can
be incorporated. Formally, a centrality measure is a function
¢ : R™" — R", where ¢;(A) quantifies the relevance of node
i in the network A. As a cardinal invariant, it enables ordinal
ranking of nodes based on their scores (¢;(A)). Centrality mea-
sures are broadly categorized as: geometry-based and spectral-
based [14]. In the remainder of this section, we introduce the
most commonly used centrality measures.

Geometric Centrality Measures. The geometric centrality
measures assign relevance by using a function of distances—
i.e., the number of nodes at each distance from a given node.
Degree centrality counts the number of edges connected to a
node: d(i) for in-degree and d* (i) for out-degree. In a feature
dependency graph, a feature with high in-degree is depended
upon by many other features, suggesting it plays a central role
in the configuration space. Closeness centrality, introduced by
Bavelas [8], defines a node’s relevance as inversely proportional
to the sum of its distances to all other nodes. Since the original
formulation fails on disconnected graphs (due to infinite dis-
tances), a widely adopted variant is:

1
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where d(i, j) denotes the shortest path between nodes i and j.
In a feature dependency graph, a feature with high closeness
centrality can quickly “reach” all others through dependency
chains. Harmonic centrality [58] is defined as the sum of the
reciprocals of the shortest path lengths between a node and all
others:
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Unlike closeness centrality, it is well-defined for disconnected
graphs; for isolated nodes, the sum evaluates to 0 since d(i, j) =
oo for all j # i. Betweenness centrality [31] measures how often

a node appears on the shortest paths between pairs of nodes:
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where o, is the number of shortest paths from s to #, and o (i)
is the number of those paths passing through node i. A feature
with high betweenness sits at structural crossroads: enabling
or disabling it affects the reachability of many other feature
combinations. Newman [65] extended closeness centrality to
weighted networks using Dijkstra’s algorithm to compute short-
est paths. Opsahl er al. [70] further generalized shortest-path
measures by combining edge weights and counts, making them
applicable to both closeness and betweenness centrality.

Spectral Centrality Measures. The spectral centrality mea-
sures evaluate node relevance using the dominant left eigenvec-
tor of the graph’s adjacency matrix. Eigenvector centrality [15]
assigns higher scores to nodes connected to other high-scoring
nodes. It is defined as the eigenvector v associated with the
largest eigenvalue A of the adjacency matrix A:

Av = Av

If A is a stochastic matrix, the dominant eigenvalue is 1. How-
ever, the eigenvector centrality performs poorly on disconnected
graphs [11]. In a feature dependency graph, a feature with high
eigenvector centrality is not only itself important, but is de-
pended upon by other important features—a property that de-
gree centrality alone cannot capture. Katz centrality [41] ad-
dresses the disconnected-graph limitation by considering the
number of paths of varying lengths that connect a node to all
other nodes. It is defined as:

k=10 -pA)"!

where 1 is a vector of ones, [ is the identity matrix, and 8 is a
damping factor satisfying 8 < 1/4, with A the dominant eigen-
value of A.

3. A Deep Dive into RustyEx

As introduced in Section 1, RusTtYEx is a fully automated
tool that instruments Rust compiler to: 1. extract feature de-
pendencies in Rust software, 2. assign feature weights based on
their impact on the code, 3. apply centrality measures to rank
features, and 4. prioritize configurations.

3.1. Process Overview

RusTyYEX performs its analysis in three main phases: 1. process
setup, 2. dependency extraction, and 3. configuration genera-
tion, as shown in Figure 1.

Process Setup. Rust projects make extensive use of cfg at-
tributes for conditional compilation, both for feature gating—
enabling or disabling features via Cargo—and for purposes like
platform-specific code selection [3, 17, 51]. To ensure usability,
RusTYEX integrates seamlessly with the Rust toolchain. In this
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Figure 1: The phases of RusTYEx (inspired from [52])

phase, it accepts a Rust project along with CLI options that cus-
tomize the analysis, such as the number (N) of configurations
to generate and the chose centrality measure. The setup uses
Cargo to resolve internal crate dependencies which are essen-
tial for the analysis.” It then stores the parsed analysis config-
uration (centrality measure, number of desired configurations
N, and crate list) in a shared in-memory state accessible to all
compiler plugin instances spawned by Cargo, and configures
the dispatch of source files to use the instrumented rustc.

Dependency Extraction. RusTYEX instruments the Rust com-
piler to extract the feature dependency graph (see ®, and @
in Figure 2) and the atom dependency tree (see ®, and @ in
Figure 2) from the UIR derived from the AST. The details
of these structures and their extraction are discussed in Sec-
tion 3.2. This is integrated into the compiler by implementing
the rustc_driver_impl::Callback trait, which provides four
hooks: config, after_crate_root_parsing, after_expansion,
and after_analysis.® rustc performs the eager macro expan-
sion’ after AST creation and before name resolution. Although,
after_crate_root_parsing would be ideal for analysis be-
fore macro expansion, it lacks access to sub-modules that have
not been resolved yet. Thus, we hook into after_expansion,
which is invoked after eager macro expansion, name resolution,
and AST validation. To avoid premature evaluation of cfg at-
tributes, we register a custom file loader in the config callback.
This loader renames cfg macros to delay their evaluation. In the
after_expansion callback, we perform inter-procedural anal-
ysis on the AST to extract the UIR weighting its nodes with the
weighted fixed-point algorithm shown in Algorithm 1 described
in Section 3.2. These weights estimate each feature’s impact on
the code.

Configuration Generation. Once the weighted feature de-
pendency graph and the atom dependency tree are extracted,
RusTYEX uses them to identify the most relevant configurations.

7For performance, RusTyEx analyzes only the target crate’s source files and
compiles external dependencies with the standard Rust compiler. This reduces
computational overhead but may slightly impact accuracy [98].

8See https://doc.rust-lang.org/nightly/nightly-rustc/ for de-
tails.

9Eager expansion expands macro arguments as early as possible, regardless
of the macro invocation.

The weighted feature dependency graph serves two key tasks:
1. ranking features via geometry-based and/or spectral-based
centrality measures (top-left box in the post-processing phase of
Figure 1), and 2. generating a corresponding propositional for-
mula (top-right box in the post-processing phase of Figure 1).
These tasks are detailed in Section 3.3. The propositional for-
mula is then converted to CNF. Next, the atom dependency tree
refines the feature ranking (middle boxes in the post-processing
phase of Figure 1). Finally, a SAT solver selects the top N con-
figurations that satisfy the CNF formula, prioritizing those with
the highest refined ranking—i.e., the most relevant configura-
tions (bottom box in the post-processing phase of Figure 1).

3.2. From AST to UIR

Overview. In the AST, the cfg attribute nodes and their as-
sociated terms appear as separate child nodes under a common
ancestor. Building the UIR involves two key steps: unifica-
tion and weighting. The term UIR stems from the unification
step, which merges each cfg attribute with its associated term
into a single node called an atom. UIR nodes are algebraic
data types [49, 76, 94, 42, 10], specifically Z-types—i.e., nodes
can be either atoms or relevant plain AST nodes. Plain AST
nodes are included in the UIR only if the weighting step assigns
them non-zero relevance—e.g., generic bounds on parameters
are usually excluded. For instance, in @ and @ of Figure 2,
the function foo and its #[cfg(feature = "a")] attribute on
line 1 are unified into a single atom node, centered on the anno-
tated item foo. Conversely, the body nodes of the function bar
remain plain AST nodes in the UIR because they contribute to
its weight, helping quantify how much of the code is influenced
by the involved cfg features.

Formalization. We define the AST as a pair (N, Eqy), Where
N, and E,; are the sets of nodes and edges, respectively. Let
Nyt € N, denote the set of relevant nodes. A node is con-
sidered relevant if it contributes to the semantics of a feature-
dependent element. Specifically, let statements are relevant
when they appear within the lexical scope of a cfg-annotated
ancestor, as they contribute to the code extent of that scope; let
statements in unconditional global scope with no cfg ancestor
are excluded. Conversely, extern crate and use declarations
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are never considered relevant, as they do not carry behavioral
semantics for the purpose of feature ranking.
The set of atoms is defined as:

A ={(p,n) [ (ann(t) = p) N(t € T) A (p € P)}

where:

1. P is the set of all cfg predicates, each defined as a recur-
sive Z-type with the following structure:

single(f) forfeF

_ |not(f) for fe F
P Yany(pr, p2) for pr,pr e P
all(pi, p2) forpi,preP

2. T C N, is the set of all terms, and
3. ann : T — P is the surjective function that maps terms to
cfg predicates.
The UIR is an enhanced induced subgraph of the AST, where
nodes are enriched with cfg predicates and edge directions are
reversed. Formally, the UIR is defined as U = (N, E,wy),
where:

e N=A U N, with ANN,,; = 0, contains both atoms and
relevant AST nodes, forming a Z-type structure,
e E ={(i,J)) | (i,j) € E’}, where E’ C E, is the set of
reversed edges derived from the AST, and
e wy : N — N* assigns weights to nodes based on the type
of term.
Since UIR nodes may be compound Z-types (e.g., atoms), E’ C
E, alone does not capture all necessary structure. To preserve
connectivity, if (i, j) € E, and there exists a € A C N s.t.
i = term(a) or j = term(a), we extend E’ as:

E" « E"U{((ann(i), i), j) V (i, (ann(j), )},

Here term : A — T extracts the term from an atom. This
ensures that when a node is unified into an afom, its original
AST edges are preserved in the UIR, as if the node remained
relevant on its own.

Unification Algorithm. The unification algorithm performs
a depth-first visit traversal of the AST to identify cfg attributes
and their associated ferms, merging them into atoms. RusTyEx
implements the visitor pattern [32] via the rustc_ast::visit::
Visitor trait. To track parent-child relationships during traver-
sal, it maintains a ferm stack, where each visited term is pushed.
Since cfg attributes always appear as leftmost children of terms,
encountering one triggers the unification process. This involves:
1. extracting the configuration predicate from the cfg at-
tribute,
2. parsing the predicate into a custom internal representa-
tion, dubbed ComplexFeature, and
3. popping the corresponding term from stack to unify it
with the predicate into an atom node.
For example, the cfg attribute on line 3 of @ of Figure 2 is
parsed as

ComplexFeature::Any(vec![
ComplexFeature::Simple(

Feature {
name: "b".to_string(),
not: false
}
),
ComplexFeature::Simple(
Feature {
name: "c".to_string(),
not: false
}

1)

and unified with the term bar to form the corresponding atom
node. Once a term is fully visited, it is popped from the stack
and an UIR edge is added from the child to its parent. Unlike the
AST, UIR edges are reversed to reflect lexical scope-based rela-
tionships, capturing dependency flow—key for applying graph
centrality measures in the feature dependency graph (Sect. 3.3).
The bar node in the atom dependency tree (@ in Figure 2)
shows its unified features, highlighted by the ® and ® markers,
emphasizing both unification and edge direction.

Weighting Algorithm. Each node in the UIR is assigned a
positive integers, i.e., elements of N*. During the unification
phase, RustYEx assigns to every UIR node a weight kind, based
solely on the kind of ferm it represents. These weight kinds
determine how weights are computed in Algorithm 1 (lines 16—
25), and include:

1. no weight: nodes irrelevant to the analysis that receive no
weight (e.g., extern crate declarations),
2. intrinsic weight: nodes assigned a fixed weight of one
(e.g., let statements),
3. children weight: nodes whose weight is the sum of their
children weights (e.g., foo in @ of Figure 2), and
4. reference weight: nodes that refer to other nodes in the
UIR and inherit their weight (e.g., the bar() call in qux
in @ of Figure 2).
After unification, RusTYEX runs a fixed-point algorithm (Algo-
rithm 1) to compute the final weight function wy over UIR
nodes. In Rust, multiple ferms can share the same identifier
only if their cfg attributes are mutually exclusive. Let o, de-
note the number of distinct atoms a node n € N appears in. The
algorithm initializes:
e m, : N - N*” a map storing all weights associated to
the node identifier,
e an empty queue Q,
e the root node r = root(U), and
o the transposed UIR U’ = U7, since the original UIR is
built bottom-up and transposing it reestablishes parent-
child relationships.
The weighting algorithm starts at the root node r, invoking the
recursive caLc_WEIGHT function (line 17), which computes the
weight of each node n € N by traversing its children in U’
and applying the rules associated with its weight kind. Com-
puted weights are stored both in the node and in the map m,,
for reuse. For each node n € N of kind reference, such as func-
tion calls, the algorithm checks whether the referenced node
already has a computed weight in m,,. If the weight is not yet



Algorithm 1 Calculate The Weight of the UIR Nodes

my, <0

N Q «— 0

r < root(U)

U U
cALC_WEIGHT(U', r, Q, m,,)
RESOLVE_QUEUE(U’, O, m,,)
U~ UT

> transpose

AN A

> transpose back

8: function caLc_weiGHT(U’, n, Q, m,,)
9: for all adj € apy(U’, n) do
10: cALc_WEIGHT(U', adj, Q, m,,)
11: end for
12: ch_w« 0
13: for all adj € aps(U’, n) do

> adjacency nodes

> children weight

14: if adj.status = Warr then > check the status
15: n.status < WAIT; ret

16: end if

17: ch_w « ch_w + ad j.weight

18: end for

19: match n.weight_kind with

20: case No: n.weight < 0

21: case INTRINSIC: n.weight < 1 + ch_w

22: case CHILDREN: n.weight < ch_weight

23: case REFERENCE(called):

24: if m,,[called] = () then > no defs found
25: n.status < WAIT

26: Q « QU {n}

27: return

28: else

29: t.weight « ava(m,,[called])

30: end if

31: end match

32: n.status < WEIGHTED

33: my[n] < m,[n] U n.weight

34: end function

35: function RESOLVE_QUEUE(U’, Q, m,,)

36: S «0 > set of seen nodes
37: while Q # 0 do

38: c—Q|

39: 0« Q0-{c} > dequeue
40: if S N {c,LeNn(Q)} # O then > recovery mechanism
41: c.weight — DEF_W > assign a default weight
42: continue

43: end if

44: S «— S U{c,LEn(Q)}

45: caLc_wWEeIGHT(U', ¢, Q, m,,)

46: if c.status = Wart then

47: 0« QU{c}

48: end if

49: end while
50: end function

available, the node is marked as wait and added to the queue
Q. The fixed-point REsoLVE_QUEUE function (line 30) then pro-
cesses O, computing weights for the queued nodes until the
queue is empty or a cycle is detected—e.g., due to direct or
mutual recursion [67, 56]. A cycle is detected when Q remains
unchanged between two complete iterations. To prevents infi-

nite loops, the algorithm assigns a default fallback weight to
nodes involved in cycles and continues processing the remain-
ing queue.'® Finally, the UIR is transposed back to its original
direction (undoing the earlier transformation), and the finalized
weights are stored in wy.

3.3. From the UIR to the Feature Dependency Graph

Overview. Depicted in Figure 2 (0, @), the feature depen-
dency graph is a weighted directed graph that represents de-
pendencies between software features. It is built by applying
the feature-extraction algorithm to the UIR. This algorithm de-
fines rules for assigning edge weights based on the configura-
tion predicates of the cfg attributes in which the features ap-
pear. At a high level, the graph reflects lexical-scope-based re-
lationships among features. Specifically, if f; is used within the
lexical scope of an atom annotated with f;, then f; depends on f;
and a directed edge is created from f; to f;. For instance, in line
3 of Figure 2 @, feature = "b" and feature = "c" appear in
an any configuration predicate, within the lexical scope of an
atom unified with the feature = "a" (line 1) and enclosing the
foo function (line 2). According to the feature-extraction al-
gorithm, two edges of weight 1 are created: from feature =
"b" and from feature = "c" to feature = "a". In contrast,
at line 7 of ®, feature = "c" is used in an all configuration
predicate within the global lexical scope (denoted as |G)). Con-
sequently, an edge of weight 1/2 is added from feature = "c"
to |G As in the UIR, edge directions in the feature dependency
graph are reversed compared to the original AST. The novel
insight lies in preserving this natural edge direction: it allows
us to interpret a feature’s reputation (or relevance) based on the
state (i.e., configuration predicate) of the features that depend
on it. This enables the application of graph centrality measures
on the feature dependency graph, where the edge weights are
designed to support more accurate feature ranking.

Formalization. Until now, we referred to the feature depen-
dency graph as a graph. However, during its construction, it is
initially a multigraph, since a feature f; may depend on another
feature f; in multiple parts of the code. Formally, this multi-
graph is denoted as ¥ = (F, D, wg), where:

1. F={(f;,pi) | fi € CNAp; C P}is the set of nodes, where
CN is the set of all feature names and p; is the set of all
cfg predicates in which f; is used;

2. D = (U, m) is the multiset of directed edges representing
feature dependencies, where U = {(i, j) | i, j € F} is the
set of edges and m : U — N is the multiplicity function
that counts how many times a dependency occurs; and

3. wg: R > R, where

R={(G ). k)G ) el 1 <k<m(

is the weight function that assigns a weight to each indi-
vidual edge instance, indexed by the multiplicity index &,

10 Another approach has been proposed by instrumenting LLVM-IR [98],
attempting to solve a system of linear equations that, by definition, could not
admit solutions.



1 #[cfg(feature = "a")]

2 fn foo() {
3 #[cfg(any(feature = "b", feature = "c"))]
4 fn bar() { let _: fn() ->u8 = { || 1 }; }
6 #[cfg(feature = "d")]
7 fn baz() {
(1) 8 let _: fn() -> u8 = {
9 let x: u8 = 1;
10 Il x
11 iy
12 }
14 fn qux() { bar(); }
15}

patch @ ‘

‘ /?
e

qux - w: 4

1 #[cfg(feature = "a")]

2 fn foo() {

3 #[cfg(not(feature = "b"))]

4 fn bar(fn_: fn() -> u8) { fn_(); }

5 ) I
7 #[cfg(all(feature = "a", feature = "c"))] Sr
8 fn baz(fn_: fn() -> u8) { ]
9 let _: u8 = match fn_() { Q
10 1=>1, => 0 g..
1 4] ®
12}

14 #[cfg(not(feature = "b"))]
15 fn qux() { #[cfg(feature = "a")]let _: u8 = 1; }

patch & ‘

®
ydv.axy Quapuadaq aanay

2a.4] Kouapuadaq woyy

Figure 2: RusTyEX process demonstrated on two scenarios

with weights determined by the configuration predicates
in which the dependency arises.

The feature-extraction algorithm then squashes these multiple
edges into single ones by aggregating their weights, effectively

a € A, it retrieves its parent node @ € {x | (@,x) € E A x € A}.
The existence of @ and uniqueness are guaranteed for all a € A
such that a # |G|, since the UIR is an induced subgraph of the
AST, and every node in a tree has a unique parent. This follows

transforming the multigraph ¥ into a simple graph ¥ = (F, D, W;e)’from the fact that the UIR is an enhanced induced subgraph of

where:
D' ={G,j) |G j) e U}

is a set of unique edges obtained by removing the multiplicities
from D, and the aggregated weight function is defined as:

m((i. )

wr((Q, ) = Z wr((, ), k), ¥(i, j) € D'

k=1

Here, the sum aggregates the weights of all instances of the
edge (i, j), with m(i, j) denoting the total number of such in-
stances. Each individual edge instance (i, j, k) contributes to
the total weight assigned to the edge (i, j) in the final graph 7.

Feature-Extraction Algorithm. The feature-extraction algo-
rithm builds the feature dependency graph #” from the UIR. It
begins by iterating over the UIR atoms A C N. For each atom

the AST. Concretely, a is the nearest ancestor of a that is an
atom. The algorithm creates a directed edge from each feature
f o pred(a) = pq, to each feature f o pred(@) = pa, where o
is read as “involved in” and pred : A — P returns the configu-
ration predicate that annotates each afom. The predicate sets of
the feature nodes f and f are updated as:

(f.p) « (f,p A pred(@)) and (f, p') « (f,p’ A pred(@)).

The weights of the multi-edges are derived from the nested cfg
predicate of a. For each feature node f and each (f,w) €
x(pa, 1), the algorithm creates a weighted edge from f to f,
using the recursively defined function y:

[(fsw)], if p, = single(f) V not(f)
X(Paw) = x(p1, D @ x(p2, 1), if p, = any(p1, p2)
x(p1,d,) @ x(pa2.dy,), if p, = all(py, p2)

where d;v =wx|{f x p}l)*1 and the @ infix operator concate-



nates two lists. For example, in @ of Figure 2, the feature
= "b" (line 3) appears in an any predicate nested under both
feature = "a" (line 1) and foo (line 2), so an edge with weight
1 is added from feature = "b" to the feature = "a". As dis-
cussed in Section 3.3, this weighting scheme prioritizes features
in any predicates over those in all predicates, reflecting the fact
that any predicates are less restrictive (only one feature needs
to be enabled), whereas all predicates require all involved fea-
tures to be enabled simultaneously. Finally, the graph is simpli-
fied by summing the weights of all edges with the same source
and target nodes.

Centrality Measures. Once the feature dependency graph is
built, RustYEx ranks features by relevance using a centrality
measure specified via command-line argument (see Figure 1,
marked with a ® inside the Centrality Vector box). Since F is
a disconnected, weighted, directed graph, some centrality mea-
sures are either undefined or behave unpredictably [11]. For
example, eigenvector centrality requires a connected graph [11]
and both closeness centrality and betweenness centrality need
adaptations to handle weighted directed graphs [65, 70].!' To
ensure connectivity, we introduce a synthetic patch node (see ®
and @ in Figure 2). This node has a single incoming edge from
G and outgoing edges to all other nodes, each with weight 1.
This transformation guarantees that # is fully connected, al-
lowing the following centrality measures to be applied without
modification. Note that the patch node artificially elevates the
centrality of features connected only to the global scope |G in
the worst case, globally-scoped features may receive central-
ity scores higher than their structural importance warrants. In
practice, this effect is bounded, since globally-scoped features
are already among the most broadly applicable. Users wishing
to study this effect in isolation can disable the patch node via
the -no-patch flag.

e Newman Closeness Centrality [65]

e Opshal Betweenness Centrality [70]

o FEigenvector Centrality [15]

o Katz Centrality [41]
After computing centrality scores, a vector V is produced where
each entry v; represents the centrality of feature f;. The parch
nodes are excluded from the vector, as they are not extracted
features. This approach aligns with the intuition behind our
graph construction: a feature’s reputation is defined by the fea-
tures that depend on it. Centrality measures serve as a princi-
pled way to rank features by structural relevance.

Propositional Formula and CNF. From the feature depen-
dency graph, RustYEX builds a propositional formula by iterat-
ing over each feature node f; € F. For each node, it generates
a clause ¢; = {(pred(f;)), where £ maps cfg predicates to log-
ical expressions. It then adds an implication f; = f; for each
edge (fi, fj) € D’, capturing feature dependencies. The overall
formula ¢ is defined as:

o= Nenr N G=hn)

fieF fi€suce(f;)

1RusTYEX uses rustworkx [93] to perform centrality measures.

where succ(f;) is the set of successors of f; in 7. Importantly,
@ is not a global conjunction requiring all cfg predicates to be
satisfied simultaneously. Each clause ¢; constrains f; indepen-
dently: if two code blocks carry conflicting predicates (e.g.,
#[cfg(a)] and#[cfg(not(a)) ],they produce two separate fea-
ture nodes f, and f_, with their own independent clauses. A
satisfying assignment « selects one consistent truth-value per
feature, so conflicting predicates are handled by the SAT solver
as disjoint alternatives—never as a single unsatisfiable conjunc-
tion. For example, in Figure 2 @, activating feature = a*"
produces a configuration that includes the foo function and,
through the implications f, = f, and f, = f,, also forces
feature = b'' or feature = c'' to be enabled if they appear.
Finally, ¢ is converted to CNF formula ¢.,; [36]. Duplicate
clauses may be removed before or after the CNF conversion.

3.4. From the UIR to the Atom Dependency Tree

Overview. Figure 2 (boxes ® and ®) shows the atom depen-
dency tree derived from the UIR. The name highlights its se-
lective retention of UIR X-type nodes: only the atom variant is
preserved, while plain AST nodes are removed. Specifically,
only UIR nodes with cfg attributes are kept. For instance, in
Figure 2, box ©, the gray qux node (representing the qux func-
tion from line 14 in Figure 2, box @) is excluded because it
lacks any cfg attribute. The atom dependency tree captures
lexical scope-based dependencies among UIR atoms. Unlike
the feature dependency graph, which flattens UIR structure, this
tree preserves parent-child relationships between atoms and, by
extension, between features. Each node is weighted by the
amount of code affected by that atom’s cfg condition, reflecting
the feature’s impact. To avoid losing information when plain
AST nodes are discarded, the atom dependency extraction algo-
rithm aggregates their weights into their nearest ancestor atom
node (see foo node in Figure 2, box ®). Finally, the centrality
vector V is refined using the structure of the atom dependency
tree to get a better ranking of feature relevance.

Formalization. Given the UIR definition U = (N, E, wy),
we define the atom dependency tree as a directed graph A =
(A, E4,wy), Where:

e A =N ~ N, is the set of atom nodes from the UIR,
¢ Ex=E~{i, )]G J) € EANIENV jE N} is the
set of edges only connecting atom nodes, and
e wy : A — N7 is the weight function that assigns to each
atom a weight reflecting the amount of code affected by
the cfg attributes in which its features appear.
The atom dependency tree (A) is an induced subgraph of U,
containing all atoms and their dependencies, but excludes plain
AST nodes. This holds trivially since A € N and E4 C E.

Atom Dependency Extraction Algorithm. The atom depen-
dency extraction algorithm builds the atom dependency tree
from the UIR. It iterates over the UIR atoms A C N. For each
atom a € A, it identifies its parent & € {x | (a,x) € E A x € A}.
As before, the existence of a is trivial to prove. The algorithm
then distinguishes two cases: 1. if pred(a) # 0, it creates a edge
from a to @ and updates a’s weight by adding a’s weight, 2. if



pred(a) = 0, it does not create an edge from a to & but still up-
dates a’s weight. For example, in Figure2, box &, the qux node
contributes to the weight of foo but does not create an edge.
The parent weight update is performed as:

wa(a) < wa(a) + wy(a).

Refinement Algorithm. The refinement algorithm refines the
centrality vector V using the atom dependency tree A (see Fig-
ure 1). It iterates over each node a € A in A, extracts every
feature f o pred(a), and updates its centrality value in V as:

wa(a), if f o< single(f) V f o not(f)
B ¥t wal(a), if f oc any(p1, p2)
wa(a)

o predy ey
Here f o« p, with p € P, means that f appears in the p-variant
of a’s cfg predicate, and wy(a) € [0, 1] is the normalized weight
of the node a. The normalization prevents the inclusion of the
existing centrality values in V. Although ¥ captures dependen-
cies between features, it may fall short of expressing their actual
relevance. The atom dependency tree A refines centrality val-
ues by incorporating the extent of code affected by each feature,
yielding ¥ a new permutation of the vector V.

3.5. Configuration Generation

Configuration generation is the final step of RustyEx. It
produces the most relevant configurations based on the central-
ity vector ¥ and the CNF formula ¢, (see Figure 1). While
more advanced lexical-scope-based strategies could be consid-
ered, RustyEx uses SAT solvers—both incremental (e.g., Mini-
Sat [24, 88] and CaDiCalL [12]) and non-incremental (e.g., Kis-
sat [12]). Given a fixed number K of configurations to gener-
ate, the algorithm iterates over the values in V. For each feature
fi» it updates the formula as:

Penf < Penf A ﬁ

Then, it uses a SAT solver to generate all the configurations sat-
isfying @c,r. A SAT solver is then invoked to produce all sat-
isfying configurations for the updated formula. If a satisfying
configuration is found, it is added to the result set. This pro-
cess repeats until K configurations are obtained, negating each
newly found configuration to favor the discovery of new ones.

3.6. Correctness of Configuration Generation

Premises. To prove correctness, we show that: 1. the CNF en-
coding faithfully represents all configuration constraints, 2. the
SAT solver returns only satisfying assignments, and 3. no in-
valid configuration is ever generated.

Construction of the CNF Formula. Clause formation—for
each feature node f; € F, a clause ¢; = {(pred(f;)) is created to
enforce the logical interpretation of the feature’s configuration
predicate. That is, if a feature is enabled in some configura-
tion, then its predicate must be satisfied. Implication forma-
tion—for every outgoing edge to f; from f; (i.e., for each f;

such that (f;, f;) € D), an implication f; = f; is added to cap-
ture the dependency relations. This ensures that if feature f;
is active, then all its dependent f; are also active. Extension—
the formula ¢ is extended to include mandatory features spec-
ified in Cargo.toml, guaranteeing their presence in all gener-
ated configurations. Equivalence Preservation—since the CNF
conversion uses standard techniques that preserve logical equiv-
alence [36], any assignment that satisfies the CNF formula ¢,
also satisfies the original formula ¢.

Correctness of the SAT Solution. Given a SAT solver sound
and complete,'” any assignment @ returned for ¢, r satisfies
every clause in ¢, s, and thus also in ¢. This implies:

1. for each feature f; with clause ¢;, its activation under «
satisfies its configuration predicate: a | ¢; Vf; € F—
that is, @ models the predicate;

2. for each dependency f; = fj, the implication holds under
the assignment « if a(f;) = true = a(f;) = true;

3. all mandatory features from Cargo.toml are active in «@:
vﬁ € Fmanduturya O/(ﬁ) = true.

By definition, a configuration is valid if and only if:

o it satisfies all the configuration constraints including fea-
ture predicates and dependencies, and
e itincludes all mandatory features.
Therefore, since any assignment o produced by the SAT solver
satisfies all clauses in ¢, every configuration generated by
RusTyYEX is valid.

Reinforcement by Contradiction. Assume, for contradiction,
that the SAT solver returns a configuration o’ that is invalid—
that is, it violates one or more constraints. Then there exists at
least one clause in ¢, that is not satisfied by o’. By definition,
a satisfying assignment satisfies all clauses in the formula, and
the soundness of the SAT solver guarantees that o’ is a satis-
fying assignment for ¢.,s. This contradiction implies that our
assumption is false: o’ cannot be invalid. Hence, all configura-
tions produced by the SAT solver are valid.

3.7. Design Rationale

We now justify the key design choices of RustyEx, dis-
cussing alternatives considered and their trade-offs.

Why a Feature Dependency Graph rather than a Feature
Model? A feature model [39] is a declarative artefact that
must be explicitly authored and maintained alongside the soft-
ware. Many modern Rust projects do not provide a formal fea-
ture model; instead, variability is encoded implicitly through
cfg attributes and Cargo.toml dependencies. The feature de-
pendency graph (FDG) is inferred automatically from the source
code and build metadata, requiring no additional modelling ef-
fort. Moreover, the FDG captures code-level transitive depen-
dencies that a feature model typically does not represent—e.g.,
the fact that enabling feature b within the scope of feature a
creates a dependency that a high-level FM would need to be
explicitly encoded.

12 A SAT solver is sound if it only returns assignments that satisfy the for-
mula, and complete if it finds a solution whenever one exists.



Why an Atom Dependency Tree in addition to the FDG?
The FDG records which features depend on each other, but
not how much code each feature governs. Two features with
identical FDG centrality may differ dramatically in their im-
pact: one may gate a single statement while another gates an
entire module. The atom dependency tree (ADT) fills this gap
by tracking the weighted extent of code affected by each cfg-
annotated atom. The refinement step (Section 3.4) adjusts cen-
trality scores using these weights, yielding a ranking that is both
structurally and quantitatively informed. A flat weight vec-
tor without the ADT topology was considered but discards the
parent-child scoping information needed to correctly aggregate
weights across nested cfg attributes.

Why Geometric and Spectral Centrality Measures? Sim-
ple degree centrality is insensitive to indirect influence: a fea-
ture with many transitive dependents may have low degree. We
include both geometry-based measures (Newman closeness, Op-
sahl betweenness), which are robust to disconnected graphs and
capture path-based influence, and spectral measures (eigenvec-
tor centrality, Katz centrality), which propagate relevance re-
cursively through the graph. The choice of measure is exposed
as a user parameter, because no single measure is universally
optimal across graph topologies [14]. Offering a configurable
portfolio lets practitioners match the measure to the character-
istics of their project’s dependency graph.

Why SAT Solving for Configuration Generation? Alterna-
tives considered include random-walk enumeration and BDD-
based enumeration. Random walks cannot guarantee cover-
age of the highest-ranked features. BDD-based approaches can
enumerate configurations exhaustively, but their memory usage
grows exponentially with the number of variables [4]. SAT
solvers handle large CNF formulas efficiently in practice and
can be guided by assumption literals to prioritize configurations
that include the top-ranked features—exactly the behavior re-
quired. Both incremental solvers (MiniSat, CaDiCalL) and non-
incremental solvers (Kissat) are supported, allowing users to
trade-off between per-query overhead and overall throughput.

Why a Fixed Timeout per Crate? Analyzing each crate with
an individual timeout (rather than a global project-level budget)
ensures fair comparison across projects regardless of workspace
size. A fixed per-crate timeout bounds the worst-case cost of
any single analysis unit, enabling RusTYEx to make progress on
the remaining crates even when one crate is pathologically large
or has missing dependencies.

3.8. Applications and Clarifications

The generation of configurations in RusTYEx is performed
incrementally and in a lazy fashion. The tool ranks all features
according to their refined centrality in V' and then generates
only the top K configurations most likely to cover critical fea-
ture interactions. In practice, this means prioritizing configura-
tions that include the highest-ranked features in V7, starting with
17’6, the most central feature.

As discussed earlier, this prioritization strategy supports ef-
ficient exploration of the configuration space by focusing on
variants that are most representative and impactful in terms of

10

feature relevance. By analyzing these configurations first, de-
velopers can uncover important interactions and behaviors in
the most relevant scenarios, improving overall system under-
standing and validation. Moreover, this targeted approach sig-
nificantly reduces the computational cost and resource consump-
tion associated with exhaustive analysis of all configurations,
making it a practical solution for large-scale, highly config-
urable systems. For instance, these prioritized configurations
could also serve as candidates for targeted performance profil-
ing or static analysis, ensuring that critical feature combinations
are examined before less relevant ones.

This configuration-aware pipeline highlights the potential
of centrality-guided heuristics in feature-oriented analysis of
configurable systems and paves the way for future work in opti-
mizing configuration sampling based on structural and seman-
tic program properties. It suggests a broader paradigm where
program structure and semantics guide systematic exploration
of the configuration space, potentially benefiting tasks such as
performance evaluation or security analysis.

4. Evaluation

4.1. Research Questions

Our evaluation is organized around four research questions:

RQ1 (Soundness). Are all configurations generated by RusTyEx
valid with respect to the feature constraints of the ana-
lyzed project?

RQ2 (Efficiency and Scalability). Does RustyEx scale to large,
real-world Rust projects in terms of execution time and
memory usage?

RQ3 (Effectiveness). Do RustyEx-prioritized configurations out-
perform baselines in terms of fault-detection capability or
code coverage?

RQ4 (Robustness). What is the failure rate of RustyEx across
diverse Rust projects, and what are the root causes?

4.2. RQI: Soundness

The soundness of RustyEx’s configuration generation is guar-
anteed by construction, as formally proved in Section 3.6. Here
we confirm the guarantee empirically: across all 1,628 crates
successfully analyzed in our study, no invalid configuration was
produced. Every generated configuration was verified to satisfy
the corresponding CNF formula ¢, and to include all manda-
tory features declared in Cargo. toml.

Answer to RQ1. RustyEx generates exclusively valid configu-
rations, both by formal construction and by empirical observa-
tion across the full evaluation dataset.

4.3. RQ2: Efficiency and Scalability

Experimental Setup. All experiments were conducted on a
laptop equipped with an Intel Core i5-1135G7@2.40 GHz CPU
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Figure 3: Correlation between lines of code (x-axis), execution time (s) @, and
peak memory usage (MB) @.

and 16 GB of RAM. This choice highlights the lightweight na-
ture of our approach: unlike some program analysis and varia-
bility-management tools that require dedicated servers or high-
performance hardware [45, 43], RustyEx can be executed on
standard developer workstations. Most of the analyzed projects
are organized as Cargo workspaces, which naturally decompose
the system into multiple crates. For each crate, we executed
RusTYEx with a timeout of 10 minutes. While this bound is
above typical every-commit CI feedback targets, it is appropri-
ate for periodic integration checks such as nightly builds or pre-
release gates [35]; a discussion of CI suitability appears in Sec-
tion 5. Various metrics were collected and then aggregated at
the project level, including counts of features and dependencies,
statistics on UIR nodes and edges, and summaries of the fea-
ture dependency graph and the atom dependency tree. We also
monitored peak memory usage and execution time. A replica-
tion package with all experimental data and scripts is available
on Zenodo."?

Execution Time and Scalability. Fig. 3—highlighted in —
shows the correlation between lines of code and execution time
on a logarithmic scale. RusTYEx successfully completed the
analysis of about 93% of the projects, showing strong scalabil-
ity across a wide range of sizes and domains. Execution time
scaled smoothly with code size: for small to medium projects,
the analysis often completed within seconds, while for the largest
ones (e.g., swc at 648,247 LoC) execution time peaked at 33
minutes (2,016 seconds; this data point lies above 10°s on Fig-
ure 3 and appears at the top of the y-axis range). The aver-
age execution time per project was 333 seconds; the median
was 163 seconds, which better represents the typical case as
the mean is skewed by the two largest outliers (swc and diem).
Individual crates required about 8 seconds on average. These
results confirm that RustyEx is efficient in practice and robust
enough to handle large modular codebases. Importantly, the
logarithmic trend visible in the plot suggests that the analysis
cost grows sub-linearly compared to project size. We note that
the 33-minute peak is not suitable for every-commit CI latencys;
see Section 5 for a detailed discussion of practical adoption sce-
narios.

Memory Usage. Figure 3—highlighted in ®&—shows the cor-
relation between lines of code and peak memory usage, also
on a logarithmic scale. Memory consumption was generally

Bhttps://doi.org/10.5281/zenodo.21172650
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modest: most projects required less than 1 GB of RAM, while
only a handful of large codebases such as hyperswitch and
swc reached a peak of 3.8 GB. The average peak usage was
885 MB per project, which fits comfortably within the capac-
ity of mainstream laptops. At the crate level, average peak
memory dropped to 105 MB, indicating that memory require-
ments depend more on the internal complexity of each crate
than on the overall project size. This stability across a diverse
set of projects confirms that RustyEx can be executed in en-
vironments with limited resources, such as cloud-based CI/CD
pipelines or developer laptops.

Intermediate Structures. The intermediate representations
produced by RustyEx remained compact and efficient to pro-
cess. On average, the UIR contained approximately 82,000
nodes and a similar number of edges, which is relatively small
compared to the size of the original ASTs. The feature depen-
dency graphs were significantly more compact, typically com-
prising between 100 and 500 edges after multi-edge squashing.
Even smaller were the atom dependency trees, which were on
average 95% smaller than the UIR itself. This compactness is
particularly important because it directly impacts the cost of
subsequent analyses and ranking procedures: smaller graphs
and trees allow for faster computation of centrality measures
and logical transformations. These results highlight that our
abstraction strategy, centered on atoms and UIR, strikes a good
balance between preserving semantic detail and reducing anal-
ysis overhead.

Feature Complexity. Most projects defined a substantial num-
ber of features, with a median of 425 per project. On average,
RusTYEX detected 122 nodes in the feature dependency graph,
often revealing cross-feature dependencies that underscore the
challenges of analyzing highly configurable systems. As shown
in Figure 4, the number of detected features is generally greater
than the number explicitly declared in Cargo.toml files. This
discrepancy arises mainly from two factors: 1. feature over-
laps across different crates within the same workspace, which
are not redefined in the manifest, and 2. the handling of the
not predicate, which introduces logically independent variants
(e.g., for a feature a, the predicate not(a) is tracked as a sepa-
rate node —a; in the worst case this doubles the detected feature
count).

Despite the substantial number of features, their utilization
in terms of frequency remained modest: on average, only 228
feature-related artifacts were identified, which means that each
feature was used fewer than two times on average. We note,
however, that a feature used infrequently may still govern a
large block of code; this effect is precisely what the weight-
based ADT refinement captures. This finding nonetheless mo-
tivates the need for principled prioritization: if many features
are rarely exercised, developers and testers should concentrate
on those that have the greatest structural influence.
Answer to RQ2. RustYEx scales to projects with hundreds
of thousands of lines of code and thousands of features, with
a median analysis time of 163 seconds per project and a peak
memory footprint of 3.8 GB for the largest codebases.


https://doi.org/10.5281/zenodo.21172650

Figure 4: Delta between the number of declared features and the number of
detected features.
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4.4. RQ3: Effectiveness

Experimental Setup. We evaluate effectiveness by compar-
ing RustyEx-prioritized configurations against two baselines:
(i) random sampling and (ii) feature-model-only centrality (FDG-
based ranking without ADT refinement, hereafter FM-only).
The comparison metric is mutation kill rate, measured using
cargo-mutants [78].

We designed a controlled benchmark crate, bench-numeric,
included in the replication package,'* implementing five inde-
pendent numerical modules each guarded by a dedicated Cargo
feature: statistics (12 functions, 17 unit tests), linear_algebra
(12 functions, 15 tests), combinatorics (8 functions, 16 tests),
geometry (7 functions, 8 tests), and trigonometry (5 functions,
6 tests). With all features enabled, cargo-mutants generated
292 mutants (timeout 15 s per mutant, 8 parallel workers). For
each strategy we generated a budget of K = 5 configurations
using an incremental design: configuration k enables the top-k
features according to the strategy’s ranking. All three strategies
are evaluated with the same cargo-mutants setup and random
seed.

1. RustyEx: features ranked by Katz centrality with ADT
refinement.

FM-only: Katz centrality on the FDG alone, without

ADT weights (ablation via -no-adt).

. Random: expected cumulative kill rate over all K! or-
derings, computed as % - Ciotat Where Cioq is the total
catchable-mutant count.

2.

Results. Table 2 shows the cumulative mutation kill rate at
each step k = 1,...,5. Both centrality-based strategies con-
sistently outperform the random baseline. RusTYEx ranks com-
binatorics first (Katz = 0.305) because iterative and recursive
algorithms (factorial, prime sieve, GCD) produce the highest
ADT node count; FM-only ranks statistics first (Katz = 0.472)
because mean is called by four sibling functions, making it the
most central FDG node. At k = 2, RustYEx reaches 51.0% kill
rate versus 46.6% for FM-only and 35.9% expected for Ran-
dom. At k = 5 (full budget), all strategies converge to 89.7%,
as all 262 catchable mutants are killed.

Answer to RQ3. Both RustyEx and FM-only outperform ran-
dom sampling across all configuration budgets. At k 2,

14Step-by-step reproduction instructions are in
benchmarks/rg3_benchmarks/README.md; the single entry point is python3
rq3_effectiveness.py run from benchmarks/. Prerequisites: rustup with
nightly-2025-02-20 and cargo-mutants >27.
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Table 2: Cumulative mutation kill rate (%) at each configuration step k for the
three strategies on bench-numeric (292 total mutants, 262 catchable).

k  RustyEx FM-only Random (expected)
1 20.5% 30.5% 17.9%
2 51.0% 46.6% 35.9%
3 66.4% 67.1% 53.8%
4 82.5% 82.5% 71.8%
5 89.7% 89.7% 89.7%

RusTYEX achieves a 15.1 percentage-point advantage over the
random baseline. The ADT weight refinement correctly iden-
tifies the most structurally complex features; whether this trans-
lates to a consistent margin over FM-only depends on the project’s
testing strategy and is left for future evaluation on a larger project
set.

4.5. RQ4: Robustness

Robustness. Out of more than 1,600 crates analyzed (roughly
40 per project), only 116 failed, yielding a 93% success rate.
Table 3 breaks down the 116 failures by root cause, as deter-
mined by inspecting the error output in the replication package.
Most failures were attributable to missing system dependencies
during compilation—a limitation of the host environment rather
than the tool itself. Timeouts were rare, affecting fewer than 2%
of all crates. Importantly, no major crashes or incorrect results
were observed. Even large modular workspaces such as diem
and deno were analyzed successfully without manual interven-
tion.

Table 3: Breakdown of the 116 crate failures by root cause.

Failure Category Count % of 116
Missing system dependencies 101 87.1%
Timeout (> 10 min) 5 4.3%
Other (parse error, ICE) 10 8.6%
Total 116 100%

These results confirm that RustyEx is mature and reliable

enough to be integrated into the toolchains of both researchers
and practitioners.
Answer to RQ4. RustyEx achieves a 93% success rate across
1,628 crates. The dominant failure mode is missing host-level
system dependencies, which is independent of the tool’s cor-
rectness; timeouts account for fewer than 2% of all analyzed
crates.

5. Discussion

We discuss the key findings of our evaluation, the practi-
cal implications of RustyEx, and the limitations of the current
work.



5.1. Practical Adoption Scenarios

RustyEX is designed for periodic, heavyweight analysis rather

than every-commit feedback. Our results suggest three natural
adoption scenarios:
1. Nightly or pre-release analysis. The median project

analysis time of 163 seconds (= 2.7 minutes) makes RustyEx

suitable for nightly CI jobs, where a longer window is
typically available and thoroughness is more valuable than
latency [35]. The 33-minute peak (for swc at 648K LoC)

is exceptional and is driven by the sheer scale of the project.

. Release-gate configuration auditing. Before a major
release, teams can run RustyEx once to identify the most
relevant configurations and prioritize which ones to test
or profile. The resulting ranked list remains valid as long
as the feature dependency structure does not change sub-
stantially.

. Focused performance and security analysis. As noted
in Section 3.8, prioritized configurations can guide tar-
geted profiling or vulnerability analysis on the configura-
tions most likely to exercise critical code paths.

For every-commit feedback, RustyEX is not the right tool; stan-

dard test runners and lightweight linters serve that purpose bet-

ter.

5.2. Implications for Researchers

Our results reveal several non-obvious aspects of real-world
Rust variability.

Feature utilization is sparse. Despite a median of 425 de-
clared features per project, the average number of feature-related
artifacts is only 228. This means that the configuration space is
vast but sparsely exercised: most features influence little code
in isolation. However, their interactions—captured by the fea-
ture dependency graph—can be non-trivial. This motivates cen-
trality-based prioritization: degree-based or random selection
would assign equal probability to rarely-exercised features, di-
luting the testing effort.

Compiler-level analysis reaches features invisible to feature
models. Because RustYyEx operates on the compiler’s AST,
it detects cfg attributes that a feature model or manifest-level

5.3. Limitations and Open Challenges

No ground truth for configuration importance. There is no
universally accepted benchmark for which configurations are
“most important.” RQ3 uses mutation kill rate as a proxy for
fault-detection effectiveness, but this metric has its own limi-
tations: surviving mutants may be equivalent, and the set of
mutations generated by cargo-mutants may not be represen-
tative of real faults. Establishing a richer benchmark suite for
Rust configuration testing remains an open challenge.

Language scope. This work focuses on Rust, whose cfg sys-
tem differs structurally from C/C++ preprocessor macros and
Java conditional annotations. Extending RusTYEx to other lan-
guages requires reimplementing the compiler plugin layer; the
formalization of UIR, FDG, and ADT is language-agnostic.

Mutual exclusion and feature interactions. The current CNF
formulation encodes feature dependencies but does not model

mutual exclusion constraints beyond those derivable from Cargo. toml.

In projects where features are implicitly mutually exclusive at
the code level (e.g., two platform-specific implementations of
the same interface), the SAT solver may generate configurations
that compile successfully but lead to undefined behavior at run-
time. Detecting and encoding such constraints automatically is
left for future work.

Dynamic variability. RustyEx analyzes compile-time vari-
ability only. Runtime configuration via environment variables,
feature flags, or plugin architectures is outside the current scope.

6. Threats to Validity

We organize our discussion following Wohlin et al. [99]’s
taxonomy.

6.1. Construct Validity

Proxy metrics for feature relevance. We rely on geomet-
ric and spectral centrality computed on the feature dependency
graph to approximate feature relevance. These metrics are not
neutral: each has biases and limitations, especially regarding

analysis would miss, such as platform-specific guards (#[ cfg (unix) fjsconnected components and local vs. global influence. In

that are not declared as named Cargo features. These contribute
to the detected-vs.-declared feature discrepancy observed in Fig-
ure 4 and represent a genuine coverage advantage over FM-only
approaches [34, 44].

ADT refinement vs. FDG-only ranking. A natural question
is whether the atom dependency tree refinement materially im-
proves over FDG-only centrality. This is precisely the ques-
tion addressed by RQ3 (Section 4.4). Pending those results, we
note theoretically that the refinement matters most for projects
where features have highly unequal code extents—i.e., where
some features gate large modules while others gate single state-
ments. In our dataset, this is the common case (the ratio of
UIR nodes to feature dependency graph nodes averages 675:1),
suggesting that weight-based refinement is likely to reorder the
ranking non-trivially.
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particular, eigenvector centrality is undefined on disconnected
graphs and closeness centrality becomes degenerate in the pres-
ence of isolated nodes.

Mitigation. In our evaluation we addressed this threat in
two concrete ways. First, we introduced a patch node that con-
nects all otherwise isolated components, ensuring every feature
participates in the centrality computation. Second, we ran the
evaluation with all four supported centrality measures (New-
man closeness, Opsahl betweenness, eigenvector, and Katz) and
verified that the relative ordering of the top-ranked features was
consistent across measures for the majority of projects. Users
can reproduce this sensitivity analysis using the -centrality
flag of RusTYExX.

Weighting of UIR nodes. In cases where definitions are miss-
ing or cycles are detected, nodes of type reference are assigned



a default fallback weight. This approximation may underesti-
mate the role of unresolved external calls, potentially distorting
prioritization.

Mitigation. In our evaluation, cycles arose primarily from
direct and mutual recursion, which RustYEx detects via fixed-
point termination. We measured that fewer than 1% of UIR
nodes in the dataset received a fallback weight, and we veri-
fied manually on three representative projects that the fallback
assignment did not alter the top-5 ranked features. The replica-
tion package includes the list of affected nodes per project for
independent verification.

6.2. Internal Validity

Assumptions about SAT solver correctness. Our configura-
tion generation relies on the soundness and completeness of the
underlying SAT solver. If the solver produced incorrect results,
the validity of generated configurations would be at risk.

Mitigation. We used three well-tested, widely deployed
SAT solvers (MiniSat, CaDiCal, Kissat) and cross-validated
their outputs on a sample of 10 projects: in all cases the con-
figurations produced by different solvers were logically equiv-
alent (i.e., they satisfied the same set of clauses). Additionally,
the formal correctness argument in Section 3.6 holds indepen-
dently of the specific solver implementation.

Timeouts and analysis failures. A fraction of crates (~ 7%)
failed due to timeouts or missing system dependencies. Such
failures may introduce selection bias, as not all crates are equally
represented in the analysis.

Mitigation. We applied a uniform 10-minute timeout per
crate across all projects, ensuring no project received prefer-
ential treatment. We further verified that the projects with the
highest failure counts (e.g., nushell: 6 failures, swc: 15 fail-
ures) still had the majority of their crates analyzed success-
fully, and that failed crates belonged to peripheral sub-packages
rather than core modules. The robustness breakdown in Table 3
(Section 4.5) shows that most failures stem from missing host-
level system dependencies rather than from intrinsic tool limi-
tations.

6.3. External Validity

Focus on open-source Rust projects. Our evaluation is based
on 40 open-source projects from GitHub and crates.io. While
these projects cover a broad spectrum of real-world software
domains (compilers, databases, network stacks, UI frameworks,
cryptographic libraries), they may not capture the full variabil-
ity of proprietary or industrial codebases.

Mitigation. We selected projects by GitHub star count and
crates.io download rank to maximize representativeness across
application domains and codebase sizes (from 1K to 650K LoC).
Many of the analyzed projects are widely used in production
(e.g., deno, ripgrep, meilisearch) and serve as dependencies
for industrial systems, increasing confidence in external gener-
alizability. We also note that the approach is language-agnostic;
future work will evaluate it on C/C++ and other ecosystems
with native variability support.
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Fixed configuration budget. We generated a fixed number K
of configurations per project. In practice, real-world scenarios
may require adaptive strategies that vary the number of gener-
ated configurations depending on project size, release stage, or
available resources.

Mitigation. We selected K conservatively (set to 10) to en-
sure the generation step completed within the per-crate timeout
on all analyzed projects. In the replication package, we provide
scripts to re-run the analysis with different values of K, allow-
ing practitioners to explore the trade-off between configuration
budget and coverage.

6.4. Conclusion Validity

Dependence on feature ranking. The order in which con-
figurations are generated depends on both the selected central-
ity metric and the refinements applied by the atom dependency
tree. Different choices may therefore lead to different priori-
tized sets.

Mitigation. In our evaluation we ran all four centrality mea-
sures and compared the resulting rankings. We found that the
top-3 ranked features agreed across all three measures in 100%
of our validation test cases, suggesting the ranking is robust to
metric choice for the most central features. The sensitivity data
is included in the replication package.

No ground truth for configurations. There is no universally
accepted reference set of “correct” or “important” configura-
tions. As a result, it is challenging to directly evaluate the rele-
vance of the configurations produced by our method.

Mitigation. We addressed this by pursuing two complemen-
tary forms of validation: (i) structural soundness—all generated
configurations satisfy the CNF formula derived from Cargo.toml
constraints, verified exhaustively across 1,628 crates (RQ1);
and (ii) empirical effectiveness—RQ3 (Section 4.4) compares
configurations produced by RustyEx against random and FM-
only baselines using mutation kill rate as an objective proxy for
fault-detection capability.

7. Related Work

Prioritizing configurations in highly configurable systems
has been extensively studied, though from different perspec-
tives and often under different assumptions. Several compre-
hensive surveys provide an overview of the field, such as [1]
(see in particular Sect. 4.4), [27], and [37], which systemati-
cally map research trends and highlight open challenges. Build-
ing on these, we briefly summarize the most relevant contribu-
tions along four main dimensions.

Static Analysis and Preprocessing. Early work on highly
configurable systems, especially in the context of the Linux ker-
nel, focused on static analysis and preprocessing techniques. El
Sharkawy et al. [26] developed methods to process #ifdef di-
rectives for extracting software metrics, making configuration-
specific complexity more manageable. Similarly, Sincero et
al. [87] investigated preprocessing of C macros to detect dead
code, thus helping to reduce variability-induced maintenance



effort. The TypeChef framework [43] pioneered variability-
aware type checking by lifting the C type system to work over
presence conditions derived from #ifdef directives, enabling
analysis without fixing a configuration. The KernelHaven work-
bench [45] later generalized this idea into a pluggable platform
for extracting and analyzing feature constraints from large C-
based product lines. These approaches are closely related to our
idea of analyzing variability from the source, but they remain
tied to metrics extraction, defect detection, or specific ecosys-
tems. By contrast, RustYEx generalizes variability-aware static
analysis beyond macros or directives, targeting the identifica-
tion of relevant configurations in Rust projects without assum-
ing language-specific preprocessing artifacts.

Solution-Space and Presence-Condition Sampling. A grow-
ing body of work moves beyond feature models to incorporate
source-level information in sampling. Hentze et al. [34] pro-
posed solution-space sampling for multi-domain product lines,
generating configurations by reasoning over the set of valid
product variants without requiring an explicit feature model.
Krieter et al. [44] developed T-wise presence-condition cover-
age, extending t-wise interaction testing to presence conditions
extracted directly from source artifacts rather than from fea-
ture diagrams. These works demonstrate that considering the
solution space improves sampling quality compared to feature-
model-only approaches. RusTYEx differs in a complementary
but distinct way: rather than sampling to achieve combinato-
rial coverage of presence conditions, it ranks configurations
by their structural importance, using centrality measures on a
code-weighted dependency graph. The two strategies are or-
thogonal and could be combined: RustyEx’s ranking could seed
the initial configurations for a subsequent T-wise coverage pass.

Feature Model-based Prioritization. Another major line of
research builds on explicit feature models, where features and
their relationships are captured in structured diagrams. Bagheri
et al. [6] proposed the stratified analytic hierarchy process to
prioritize and select features by decomposing the decision pro-
cess into manageable layers. Peng et al. [74] employed a di-
rected, weighted acyclic graph to assess feature importance via
weighted degree centrality, highlighting asymmetries in fea-
ture influence. Mannion et al. [57] explored weighting strate-
gies based on variability types, assuming a graph with explicit
sources and sinks. Beyond prioritization, Bagheri et al. [7]
also assessed the maintainability of feature models using struc-
tural metrics such as cyclomatic complexity [62], network cen-
trality [66], and classical software engineering metrics [28].
While these approaches are rigorous and effective, they presup-
pose the existence of a formal feature model—a strong assump-
tion in practice, since many modern systems (including Rust
projects) rely on decentralized, implicit forms of variability en-
coded directly in build manifests and conditional compilation.
RustYEX differs in that it does not require a predefined feature
model, instead reconstructing variability information directly
from source and build metadata.

Centrality Measures for Prioritization. A complementary
strand of research applies graph-theoretic concepts, especially
centrality measures, to variability management and testing. Mo-
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hammed et al. [64] ranked configurations within a single fea-
ture model using a variety of centrality metrics, thus identify-
ing configurations with disproportionately high influence. Lev-
asseur et al. [50] used centrality, object-oriented metrics, and
machine learning to prioritize unit tests, showing that struc-
tural graph properties can guide resource allocation in testing.
Ferreira et al. [30] went further by proposing variational call
graphs [29, 38] enriched with centrality information to pin-
point functions that may become vulnerabilities under certain
feature combinations. While all these works demonstrate the
value of centrality in highlighting critical elements, they remain
tied either to explicit feature models, to testing strategies, or
to specialized tasks such as vulnerability detection. Our ap-
proach builds on the same intuition—that centrality can capture
relevance—but applies it to a new abstraction level: the atom
dependency tree derived from Rust’s variability constructs, en-
riched with code-extent weights that none of the above works
consider. In doing so, RustYEx extends the applicability of
centrality-based prioritization to ecosystems where feature mod-
els are implicit and configuration spaces are both large and
sparsely exercised.

8. Conclusion

In this paper, we presented the first general method for pri-
oritizing configurations in highly configurable software systems
via a compiler-based refined ranking of features. Unlike pre-
vious approaches, which are predominantly based on explicit
feature models or consider source artifacts without code-extent
weighting [34, 44], our method does not require a predefined
feature model and explicitly accounts for both feature depen-
dencies and the extent of code affected by each feature.

The method combines inter-procedural static analysis to ex-
tract a unified intermediate representation (UIR), automated con-
struction of the feature dependency graph (FDG) and the atom
dependency tree (ADT), centrality-based ranking with ADT-
driven weight refinement, and CNF-based SAT solving for con-
figuration generation. The soundness of the approach is for-
mally guaranteed by construction (Section 3.6) and confirmed
empirically across 1,628 crates with a 100% validity rate.

We implemented the method in RusTYEX, a fully automated
tool for Rust software. Our evaluation (Section 4) demonstrates
that RustYEx is scalable—handling projects up to 650K LoC
with a median analysis time of 163 seconds—and robust, achiev-
ing a 93% success rate across a diverse set of 40 open-source
projects. The approach is language-agnostic and can in princi-
ple be applied to other ecosystems with native variability sup-
port, such as C/C++ and Java.

Open Challenges. Two key directions remain open for future
work. First, the effectiveness of the centrality-guided ranking
(RQ3, Section 4.4) requires a rigorous empirical study com-
paring RusTYEx-prioritized configurations against random and
FM-only baselines in terms of fault-detection capability—an
experiment currently in progress. Second, extending RusTtyEx
to other language ecosystems requires reimplementing the com-
piler plugin layer; the formalization of UIR, FDG, and ADT



is language-agnostic, and future work will investigate applica-
tions to C/C++ product lines using infrastructure such as Ker-
nelHaven [45] or TypeChef [43]. Finally, incorporating solution-
space-aware sampling strategies [34, 44] alongside centrality-
guided prioritization represents a promising research direction
for achieving both structural coverage and feature relevance in
a unified framework.
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