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Abstract. Development processes are often organized around features.
Whether to maintain or evolve features, developers frequently need to
find their locations in the codebase. However, these locations are rarely
recorded, which results in a substantial effort in locating features—a
challenge that will intensify with the increase of AI-generated code.
Many techniques, such as automatic feature location, external traceability
databases, or modular feature-oriented programming, facilitate feature
location, but are either imprecise, require extensive maintenance, or
are hard to adopt in practice. Embedded feature annotations offer a
lightweight alternative that enables developers to record feature locations
directly in implementation assets as they write them. While prior work
has demonstrated long-term benefits of embedded feature annotations by
reducing feature location overhead, the time and workload required to
create them during development remains unknown.
We conducted a controlled experiment with 15 professional developers
recording feature locations in an industrial software system using em-
bedded feature annotations. Our results show that creating embedded
feature annotations entails only small overhead, requiring only 6.27% of
development time with no meaningful increase in perceived workload. Al-
though participants recognized their long-term value, they still expressed
challenges in adopting them into their usual workflow—calling for more
immediate benefits during development, and better tool support to reduce
the effort of creating annotations.
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1 Introduction

In software engineering, the notion of feature is typically used to categorize
functionalities [14,18,28,32], to manage releases of software systems [4], and to
organize development teams [34,42]. Especially agile methods, such as SCRUM,
XP, or FDD use features, which encapsulate the requirements and capabilities
that stakeholders seek. However, developers do not only create features, but also
frequently need to change or maintain existing ones. Whether it is enhancing
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functionality or addressing security vulnerabilities, quickly locating features is
crucial. In fact, feature location is one of the most common activities of developers
as they need to recover the implementation of features when maintaining or
evolving them [17,33,50,59].

Even when development processes use features, the corresponding imple-
mentation assets, such as code, are rarely linked to them. After implementing
features, their locations are usually not recorded and, therefore, easily forgotten.
It is then up to the developers to recover their locations [17,21,33,50,59] when
they need to maintain or evolve features—a laborious and error-prone task when
done manually, especially if knowledge about them has faded. In large systems,
features are often scattered over the codebase [45], interact with each other [5],
and cross-cut each other’s code, which challenges both developers and automated
techniques. Even though many automated techniques have been presented, they
often produce too many false positives and do not scale well enough for large
systems [1,12,13,25,50], to be usable in practice.

Making features explicit in code supports program comprehension [31,16,54,57]
and helps to quickly locate features. To this end, developers could maintain trace-
ability links that map features to their implementation assets. However, keeping
traceability links consistent in external databases [49] requires extensive effort that
hinders developers from their development activities [55,56]. Such heavyweight
traceability techniques have not found adoption in practice, since they require
substantial time and workload overhead from developers—a scarce resource
in fast-paced development environments [43]. Other methods, such as software
product-line engineering, have long focused on modularizing features and mak-
ing them explicit within implementation assets [4,6,7,9,11,30,47,52,51]. However,
these methods are often specific to a programming language or paradigm, such as
object-oriented programming. Since they rely on embedding variation points for
features into implementation assets, the traceability of features is then limited
to the variability of software systems, only capturing optional features, ignoring
mandatory features.

Embedded feature annotations [55,56,15,27,53,36] offer a lightweight alterna-
tive for recording traceability links directly in source code. Unlike heavyweight
external traceability databases [49], embedded annotations co-evolve with the code
during copy, reuse, or evolutionary changes. Simulation studies [15,27] estimated
long-term benefits by assuming annotation times. Comprehension studies [57,31]
showed that annotations help developers comprehend systems faster, and case
studies only indicated the development overhead [56]. However, we lack hard
empirical data on the actual overhead developers incur while creating
annotations during coding [58]. The critical question remains unanswered:
How much overhead, in terms of time and workload, do embedded feature annota-
tions require from developers during development? Without such empirical data,
practitioners cannot perform informed cost-benefit analyses to assess whether the
long-term benefits of traceability justify the immediate productivity impact dur-
ing development sprints. In addition, it is unclear how developers perceive benefits
and challenges of using embedded feature annotations. Although the long-term
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benefits of traceability are recognized, the willingness to adopt such techniques
may be influenced by short-term perceptions of their usefulness and ease of
use [24]. We address this research gap by contributing a controlled experiment on
the overhead of employing embedded feature annotations.

We formulated two research questions:
RQ1: What is the time and workload overhead for developers to
record embedded feature traceability annotations during development?
We conducted a controlled experiment with 15 professional C# developers from
industry performing development tasks on an industrial freight calculation system
maintained by a commercial logistics company. Participants completed tasks both
with and without annotations to enable comparison. We measured annotation
times through screen recordings and assessed perceived workload through post-
task questionnaires using NASA TLX [23].
RQ2: What are developers’ perceptions of the benefits and challenges
of embedded feature annotations? We analyzed both quantitative survey
responses (Likert-scale questions) and qualitative feedback to identify perceived
benefits (navigation speed, traceability, reduced duplication) and challenges
(learning curve, naming decisions, tool integration) reported by developers.

We show that with appropriate IDE support, recording embedded feature
annotations only slightly increases total development time. In fact, the additional
overhead was minimal, with only 6.27% of total development time on aver-
age. Moreover, NASA-TLX measurements revealed no meaningful increase in
perceived workload when using annotations. Our experiment shows that fea-
tures can be effectively tracked during development without imposing substantial
overhead. We contribute experiment data and analysis scripts in a replication
package as an online appendix [8]. We further discuss developer perceptions,
revealing that while 93% recognize long-term value, adoption willingness remains
moderate (53%), suggesting that short-term benefits through visualizations and
immediate feedback may be crucial to motivate sustained use [24].

2 Background

We present definitions of features and feature models, feature traceability, and
embedded feature annotations.

2.1 Features and Feature Models

Feature. Many definitions of the term “feature” exist. Some define features as
“an abstract representation of a characteristic or end-user-visible behavior of a
software system” [4,14]. Features can distinguish the individual products within
a family of related software products, a.k.a. a software product line [10,4], or
increase value for a customer [48,16]. However, a feature does not only represent
the behavior that a user can perceive, but more precisely, “a logical unit of
behavior specified by a set of functional and non-functional requirements” [18].
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Feature Model. The most common and widespread way to document features is
through a feature model [28,60,37]. These models serve as compact representations
of all the features within a system, capturing the essential building blocks that
define various aspects, qualities, or characteristics of a software system. In
addition to defining individual features, they also establish relationships (such as
mandatory, optional, or alternative), and specify cross-tree constraints.

2.2 Feature Traceability

Traceability methods aid in identifying the assets related to a feature [4]. They
link assets, such as source code, to a feature from a feature model and thereby
support tracking features during the development process. Still, establishing
traceability links takes effort. The effort of establishing traceability links between
features and assets depends on how explicitly features are represented in code [44].
The more explicit a feature is, the less effort tracing it requires. Features that
are purely implicit in code are the most challenging to trace, as their realization
in source code is seemingly unrelated to a feature in the feature model.

Multiple techniques to establish traceability links exist, which are commonly
used for feature location [17,21,33,50,59]. Traceability databases maintain trace-
ability links in an external database that point to concrete artifacts in the software
system [49]. However, traceability databases require developers to perform exten-
sive maintenance upon changes to keep them consistent and have, therefore, not
found adoption in practice [55,56,58].

2.3 Embedded Feature Annotations and Attention Investment

We advocate the use of embedded feature annotations to establish traceability
links. Opposed to variability annotations—which define configuration options for
feature toggling, often via preprocessor directives—embedded feature annotations
record the location of every feature in the codebase. Developers convert implicit
features into explicit ones by annotating software assets with feature names
from a feature model while writing code. Proactively recording feature locations
while the feature is still fresh in the developer’s mind facilitates maintaining
consistency and mitigates the costs, errors, and effort of recovering traceability
links retroactively after knowledge of a feature has faded [59,27].

Figure 1 shows how embedded feature annotations manifest in a system.
They establish mappings of folders, files, and code fragments to features from
a feature model. Folders and files are mapped through textual annotation files,
while code fragments are annotated directly in source code comments, as shown
in the middle of Fig. 1. For blocks of code, in-file annotations surround the code
fragment at the beginning and end, while line annotations are written at the end
of the line. As such, they are lightweight and programming language-independent,
and suitable to establish traceability links during development.

Embedded feature annotations offer significant advantages over external
traceability databases. Since they are embedded directly within artifacts, they
naturally evolve alongside the code during copy, reuse, or evolutionary changes,
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Fig. 1: Embedded feature annotation system [53]

such as refactorings, maintaining consistency without requiring extensive manual
updates [15,27,53]. Berger et al. [15,27] demonstrated through simulation that,
while creating embedded feature annotations requires upfront effort, the long-term
benefits in reduced feature location time outweigh these costs. Similarly, Sulír et
al. [57] showed that using annotations accelerates system comprehension by 34%
on average. These studies establish the benefits of embedded feature annotations:
once recorded, feature locations can be retrieved with minimal overhead, which
saves time during maintenance and evolution.

However, the time and workload overhead of creating feature annotations dur-
ing coding has not been empirically studied. This represents a critical knowledge
gap for several reasons. First, attention is a scarce cognitive resource in
software development [43]. Developers must invest attention in problem compre-
hension, code construction, and numerous other cognitive demands. Additional
activities that divert attention from these tasks can feel interruptive even if
they are beneficial in the long term. Second, the perception of immediate
overhead strongly influences adoption. Even when long-term benefits are
evident, developers and organizations are often reluctant to adopt practices
that impose immediate productivity penalties. Finally, overhead differs from
time investment. A task may be quick but mentally taxing (e.g., because it
requires switching between two mental models), or slow but relatively automatic.
Understanding both the time and workload dimensions of attention provides a
more complete picture of the adoption barrier.

To minimize the overhead of creating and maintaining embedded feature
annotations, developers require tool support close to their development activi-
ties [15]. Such tools can provide features like autocomplete, consistency checking,
and navigation capabilities. In this study, we utilize tool support to investigate
the overhead required when these productivity aids are available [36].

3 Experiment

To investigate the overhead in terms of time and workload for recording feature
traceability during development we conducted a controlled experiment. We
describe our experiment design by following guidelines from Jedlitschka et al. [26].
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3.1 Research Goal

Our study investigates the time and perceived workload required to use embedded
feature annotations during development, as well as the perceptions that profes-
sional developers have on the annotation process and its benefits. Specifically, we
investigate two research questions:

RQ1: What is the overhead in terms of time and workload for developers to
create embedded feature traceability annotations during development?

RQ2: How is the annotation process perceived by developers?

Our research goal is to investigate the time and workload required to create
embedded feature annotations. We operationalize “overhead in terms of time
and workload” through two measures: (i) task completion time (minutes), and
(ii) perceived workload assessed via NASA-TLX scores (0–100 scale). Given our
research goal of measuring time and workload, we measure the effect size of
paired comparisons between treatment (with embedded feature annotations) and
control (without embedded feature annotations) conditions.

3.2 Design

Our goal is to obtain quantitative data on the time and workload it takes to
annotate code, and to explore developers’ perception on recording feature locations
during coding. While prior work established the benefits of annotations as self-
evident (recorded feature locations save substantial feature-location effort [59]),
there is no empirical measurement of the time and workload overhead during
development yet. We employed a within-subject design, in which all participants
completed two development tasks: one task with IDE support for embedded
feature annotations (treatment condition) and one task without such support
(control condition). It controls for individual differences in programming expertise,
coding speed, familiarity with the subject system, and problem-solving approaches.
Since each participant serves as their own control, this design minimizes variability
from these individual factors, increasing statistical power and allowing us to
detect effects with a smaller sample size [19].

To mitigate potential order effects (e.g., learning effects or fatigue), we counter-
balanced the order in which participants encountered the treatment and control
conditions. Specifically, half of the participants (Group 1, n = 8) completed the
control task first followed by the treatment task, while the other half (Group
2, n = 7) completed the treatment task first followed by the control task. Task
assignment was also counterbalanced. Participants who received Task 1 in the
control condition received Task 2 in the treatment condition, and vice versa, as
Table 1 shows. This minimizes observed differences between conditions in terms
of task order, task difficulty differences, or learning effects.
Variables. The independent variable in our experiment are the embedded feature
annotations along the IDE-based tool support, which are either present or absent.
In the treatment condition, participants were asked to create feature annotations
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Task 1 Task 2

Group 1 Control (without annotations) Treatment (with annotations)
Group 2 Treatment (with annotations) Control (without annotations)

Table 1: Experiment design matrix showing task and condition assignments for
counterbalancing.

during coding and had access to an IDE plugin for creating and managing
embedded feature annotations. In the control condition, participants completed
development tasks without access to additional tools or feature annotation
support, representing standard development practice.

We measured multiple dependent variables to assess overhead and developer
perceptions. RQ1 (Overhead): (i) task completion time measured in both
conditions, (ii) time spent annotating measured in the treatment condition
only, and (iii) perceived workload via NASA-TLX scores (0–100 scale) in both
conditions. RQ2 (Developer Perceptions): (iv) Likert-scale ratings and (v)
open-ended responses about annotation usefulness, task difficulty, and perceived
effects on comprehension.

3.3 Material and Tasks

Subject System. We used an industrial freight calculation system developed
and actively maintained by a commercial logistics company. The system is actively
used in production to calculate shipping costs and rates for freight items and
consists of 17k lines of C# code and 39 features. We selected this system because
it represents a realistic development context with sufficient complexity to require
feature location and comprehension efforts, while being comprehensible enough
for participants to work with in an experimental session. However, we cannot
publish the detailed implementation, as the system is proprietary.
Tools. We provided participants with HAnS [36], an open-source IDE plugin
for JetBrains IDEs that supports creating and managing embedded feature
annotations. We selected HAnS because it provides lightweight and comprehensive
tool support to aid developers in recording embedded feature annotations. The
plugin provides: (i) actions and keyboard shortcuts to create inline annotations,
(ii) autocomplete and quick-fix actions to assist developers in writing annotations,
(iii) consistency checking through real-time warnings when annotations reference
undefined features or when feature model definitions lack usage in code, (iv) a
feature model view that displays the hierarchical feature structure and enables
navigation to annotated code locations, and (v) refactoring support to rename
features across the codebase while maintaining consistency between annotations
and the feature model. We provided participants with a demo video explaining
the plugin’s functionalities and the underlying annotation system.

All experiment sessions were conducted remotely, except for one participant
for whom we provided a local setup. We conducted full experiment sessions,
including training, control and treatment conditions, individually over Microsoft
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Teams [40]. For screen recordings, we used either its built-in recording tool or
integrated snipping tool, depending on participant preference.

Questionnaire. Before the experiment, we asked participants to fill out a pre-
experiment questionnaire. We utilized five-point Likert-scales to assess participant
demographics (current role and years of professional development) and their tech-
nical background. To collect data on the workload we used the NASA TLX on the
standard 0-100 point scale [23], administered after for each condition. The NASA
TLX assesses six dimensions of perceived workload: mental demand, physical
demand, temporal demand, performance, effort, and frustration. Additionally, we
used a post-experiment questionnaire with questions about perceived difficulty
of tasks, and perceptions on embedded feature traceability annotations in the
treatment condition. Finally, we posed open-ended questions to provide addi-
tional insights about the perceived benefits of embedded feature annotations,
experiences with the plugin, as well as potential improvements.

Preparatory Tasks. Prior to the experiment, we asked participants to install
HAnS in the JetBrains Rider IDE (an IDE for C# development) and briefed
them about the subject system and the experimental procedure. We then gave
participants an introduction to embedded feature annotations and their purpose.

To familiarize participants with the annotation process, we designed a struc-
tured 10-15 minute warm-up task that covered all plugin features and annotation
patterns they require. The warm-up task required participants to: (i) add fea-
tures to the feature model, (ii) create line-level and block-level annotations
using manual typing, autocomplete, and the “surround with” feature, (iii) browse
annotated code using the feature model viewer, (iv) modify annotations and use
quick-fixes, and (v) maintain annotations during refactoring. These tasks ensured
participants were trained in using the plugin before the tasks.

Tasks. Once participants familiarized themselves with the plugin, they com-
pleted two development tasks. Each task required participants to locate relevant
code, understand feature boundaries, annotate the implementation with feature
annotations (in the treatment condition), and make the following modifications.

Task 1: Implement Validation Logic. Participants implemented address valida-
tion logic to ensure that certain address types contain required fields (postal code
or zone code) before zone matching is attempted. The task required participants
to: (i) add a validation method that checks address types and field presence,
(ii) add a feature flag to control the validation, (iii) ensure the implementation
integrates correctly with existing code.

Task 2: Extract and Refactor Functionality. Participants extracted postal
code normalization logic (removing spaces and hyphens) from one location in
the codebase and moved it to a more appropriate class (the Address domain
object) where it could be reused. The task required participants to: (i) locate the
existing normalization logic within a feature, (ii) extract it into a new method
on the Address class, (iii) update the original call site to use the new method.
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3.4 Participants

We recruited 15 professional C# developers from the organization maintaining
the subject system. All participants were familiar with the subject system domain
and architecture, though their familiarity with the codebase varied, with some
participants working with the codebase for the first time.

Participants rated their programming expertise on a five-point Likert scale
and reported years of experience. They had medium to high expertise (M =
3.73± 0.88) and substantial experience (M = 7.2± 4.3 years). Participants had
low to moderate familiarity with feature modeling and traceability concepts
(M = 2.40 ± 0.83), making them representative of developers encountering
embedded feature annotations for the first time. Consequently, no participant
had prior experience with the HAnS plugin. Participation in the study was
voluntary with no advantages or disadvantages for participants. All data was
collected and stored anonymously, with participants identified only by numeric
codes (P01–P15). Each experimental session was limited to 90 minutes.

3.5 Analysis

We extracted quantitative data from screen recordings and qualitative data from
post-task questionnaires.
Time Investment (RQ1). We measured total task completion time and an-
notation time by identifying start and end points of annotation activities in
screen recordings. We calculated annotation time as a percentage of total develop-
ment time. To measure effect size, we compared total completion times between
treatment and control conditions using Cohen’s d [20].
Perceived Workload (RQ1). We analyzed NASA-TLX responses across six
dimensions (mental demand, physical demand, temporal demand, performance,
effort, frustration) and computed overall workload scores by averaging the six
dimensions (with performance inverted: reported value subtracted from 100, so
higher scores indicate greater workload). We then compared overall raw NASA-
TLX scores between conditions using Cohen’s d.
Developer Perceptions (RQ2). We analyzed Likert-scale responses calculating
means, standard deviations, and agreement percentages, and grouped similar
open-ended responses to identify common benefits and challenges.

To measure effect size, we follow standard statistical practice for within-
subjects experimental designs. For task completion time and NASA-TLX scores,
we compute pairwise differences between treatment and control conditions for
each participant. We then calculate Cohen’s d by computing the mean difference
between conditions and standard deviation.
Replication Package. All experiment materials, anonymized data, and analysis
scripts are available in our replication package [8].
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Table 2: Time investment of control (without annotations) and treatment (with
annotations) conditions; annotation times only measured in the latter (N=15).
Condition Mean Median SD Range

Control (WITHOUT) 17.02 min 14.46 min 12.41 min 5.24–47.59 min
Treatment (WITH) 21.13 min 20.41 min 8.85 min 6.46–39.45 min
Annotation Time (min) 1.18 min 1.17 min 0.51 min 0.39–2.43 min
Annotation Time (%) 6.27% 5.29% 3.26% 2.45–14.95%

4 Experiment Results

We now present the results of our controlled experiment. All 15 participants
successfully completed both tasks, though the quality and completeness of imple-
mentations varied. However, the created annotations were generally well-formed
and correctly linked to the intended features with no wrongly annotated features.

4.1 RQ1: Time and Workload Overhead

To answer RQ1 and assess the effect size of adding embedded feature annotations,
we measured both the time developers spent creating annotations and their
perceived workload using the NASA Task Load Index (NASA-TLX).
Time Investment. Table 2 summarizes the median and mean (M) time invest-
ment required to create embedded feature annotations, as well as the standard
deviation (SD) and time range. On average, participants spent 6.27%±3.26% of
their total development time (Median: 5.29%) creating feature annotations
and editing the feature model. Participants spent an average of 21.13 minutes
on tasks with annotations and 17.02 minutes on tasks without annotations. In
absolute terms, this corresponds to approximately 1.18± 0.51 minutes (Me-
dian: 1.17 min) of annotation time per task. A breakdown of time investment per
participant is shown in Fig. 2. The annotation time as a percentage of total de-
velopment time ranged from 2.45% to 14.95%, indicating considerable individual
variation in annotation speed.

To assess the effect size of adding annotations on overall development time,
we computed pairwise mean differences and the corresponding standard devia-
tion between conditions. Additionally, as a robustness check, we verified that
annotation activity did not inflate completion time beyond the annotation time
itself. The mean difference between conditions was 4.11 minutes (Treatment:
M=21.13 min, Control: M=17.02 min). However, participants spent only 1.18
minutes on average creating annotations, which corresponds to 6.27% of their
total development time. The difference between the between-condition mean
difference and the measured annotation time suggests that experimental order
and task-specific factors influenced the overall time investment, as participants
spent more time on the task they completed first regardless of condition (Task
1 M=24.52 min, Task 2 M=13.64 min). Still, the overall effect size was small
(Cohen’s d = 0.265), suggesting that, while participants spent time annotating,
this overhead did not substantially increase their total task completion time.
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Fig. 2: Time investment per participant showing development time and annotation
time as a percentage of total task completion time. Participants are grouped
by experimental order: group 1 (Control→Treatment, n=8) and group 2 (Treat-
ment→Control, n=7).

We observed variation between groups: group 1 (who performed the annotation
task second) spent 7.13% ± 3.58% of development time on annotations, while
group 2 (who performed the annotation task first) spent 5.29%±2.78%. However,
this difference could reflect task-specific annotation requirements, practice effects,
fatigue effects, or individual variation. The order of conditions affected the time
investment, with group 1 (Mean time difference: -6.34 min) spending more time
during the treatment condition than group 2 (Mean time difference: 16.06 min),
suggesting a potential learning effect or task difficulty difference between the first
and second task.

Perceived Workload. To assess the effect size of creating annotations on
perceived workload beyond time investment, we measured participants’ perceived
workload using the NASA Task Load Index (NASA-TLX) [23]. The NASA-TLX
evaluates six dimensions on a 0–100 scale: mental demand, physical demand,
temporal demand, performance, effort, and frustration.

Table 3 presents the raw NASA-TLX scores with no weights applied. We
first computed pairwise mean differences and standard deviations in NASA-
TLX scores (Control: M=28.9, SD=19.8; Treatment: M=28.0, SD=17.9), and
found that effect size was negligible (Cohen’s d = 0.06). Figure 3 visualizes
the NASA-TLX workload comparison between conditions. Examining individual
dimensions, participants reported marginally lower mental demand (Control:
M=32.0; Treatment: M=30.0), effort (Control: M=31.3; Treatment: M=29.3),
and physical demand when working with annotations. Frustration was slightly
higher with annotations (Control: M=36.7; Treatment: M=38.7), which aligns
with participants’ reported challenges around feature naming decisions and
determining annotation boundaries (discussed in Sec. 4.2). Perceived performance
remained identical across conditions (M=80.7).
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Fig. 3: Barchart of NASA-TLX overall workload scores comparing Control (with-
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Developers invested approximately 6.3% of their development time (mean:
1.18 minutes) in annotation activity, measured directly from screen recordings.
A between-condition completion-time comparison yielded a mean difference
of 4.11 min (Cohen’s d = 0.265), but a task-order effect confounds its
interpretation. embedded feature annotations had negligible effect on perceived
workload (mean diff = -0.9, Cohen’s d = 0.06).

Time and Workload Overhead (RQ1)

4.2 RQ2: Developer Perceptions

To understand how developers perceive the use of embedded feature annotations,
we analyzed both quantitative and qualitative survey responses.
Quantitative Perceptions. Table 4 presents developers’ responses to Likert-
scale questions (1 = Strongly Disagree, 5 = Strongly Agree). The results reveal
strong agreement that annotations are valuable for maintenance (M=4.33, 93%
agree/strongly agree). Participants also found the annotation process intuitive

Table 3: Mean NASA-TLX dimension scores and overall workload (0–100 scale,
N=15). Performance is reverse-coded, so high values indicate greater workload.

NASA-TLX Dimension Control Treatment Difference

Mental Demand 32.0 30.0 -2.0
Physical Demand 16.7 14.7 -2.0
Temporal Demand 37.3 36.0 -1.3
Performance 80.7 80.7 0.0
Effort 31.3 29.3 -2.0
Frustration 36.7 38.7 +2.0

Overall Workload 28.9 28.0 -0.9
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Table 4: Developer perceptions of annotation process (Likert scale 1–5, N=15).
% Positive indicates agree + strongly agree responses.

Statement Mean % Positive

Annotations will be useful for future maintenance 4.33 93%
I found the annotation process intuitive 4.07 80%
I understood the purpose of annotations clearly 4.00 87%
I felt confident in deciding where/how to annotate 3.93 73%
Adding annotations enhanced my understanding 3.53 60%
I would use this in my regular workflow 3.47 53%

(M=4.07, 80% agree/strongly agree) and reported understanding the purpose
clearly (M=4.00, 87% agree/strongly agree). Most participants felt confident in
deciding where and how to annotate (M=3.93, 73% agree/strongly agree).

However, ratings were more moderate for immediate benefits: only 60%
agreed that annotations enhanced their understanding during the current task
(M=3.53), and only 53% indicated they would adopt this in their regular workflow
(M=3.47). This gap between perceived future value (93%) and willingness to adopt
(53%) suggests that developers recognize the long-term benefits but perceive
barriers to immediate adoption. When asked directly about their preference, 53%
(8/15) preferred working with annotations, 13% (2/15) preferred working without
annotations, and 33% (5/15) reported no difference. This preference data aligns
with the moderate adoption willingness scores.
Qualitative Perceptions. Participants identified several key benefits of embed-
ded feature annotations through open-ended survey responses.
Faster Code Navigation. Although we did not specifically investigate feature
location overhead, the most frequently reported benefit was improved navigation
speed when identifying entry points for changes when features were annotated
(8/15 participants). P02 noted: “With annotations I found where to do my code
change really fast.” P14 observed: “Finding certain features within code was easier,”
and P13 appreciated being able to “browse the different features with usage.” P12
emphasized the efficiency: “It’s easier to just apply annotation than nothing or
existing feature flag.” These responses suggest that participants acknowledged
the value of annotations as a means to quickly locate features in code.
Code comprehension. Three participants highlighted how annotations helped
with understanding the source code. P03 highlighted how annotations enable
developers to “see if actually the code they will add already exists before implement-
ing. Reduces duplicated code.” P10 noted, code with feature annotations is “easier
to follow than code with otherwise undocumented features.” This suggests annota-
tions can serve as a mechanism for discovering existing feature implementations
before writing new code, and improve overall code comprehension.
Low Overhead. Three participants remarked on the low effort required. P07
commented: “It doesn’t take much effort,” while P14 noted: “It doesn’t take much
work in practice.” P05 mentioned “the ease of use - selecting the code and then
have it wrap with the syntax automatically.”, suggesting that the tool support for
creating annotations reduced the overhead of creating feature annotations.
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Traceability and Change Impact. Two participants noted the value of trace-
ability and change impact estimation afforded by annotations. P12 stated: “Trace-
ability is useful when we change existing working code which will help avoid
breaking changes.” P03 noted: “when you change a certain code section, you can
easily see where it is used.” These responses suggest that participants recognized
the value of annotations for understanding the potential impact of code changes
and maintaining traceability between features and their implementations.
Challenges. Participants additionally identified challenges while annotating.
Learning Curve. Three participants mentioned initial confusion that resolved
with practice. Although P14 noted the low overhead, they thought it “probably
takes a while to get used to.” P01 explained: “At the start (task 1) not very clear,
but once I understood it a bit better it was rather intuitive.” P15 noted it was
“something new that you need to think about doing.”
Feature Naming and Organization. Five participants mentioned that de-
ciding how to name and organize features within the feature model hierarchy
was challenging. P02 claimed challenges were “only what names to give each
annotation.” P09 struggled with “naming the feature and knowing where to place
it in the tree,” while P07 found it difficult “finding where in the structure I was
and should add to.” These challenges suggest that, while the annotation process
itself may be straightforward, the cognitive overhead of determining how to
structure and name features within the feature model can be difficult.
Domain Knowledge Dependency. Participants without domain knowledge
found annotations less helpful during the initial task. Four participants (P04,
P07, P10, P12) had limited domain familiarity. Out of these, P07 observed:
“Every annotation had short, descriptive names, but as someone without domain
knowledge, that didn’t say that much to me.” This suggests that annotations are
most effective when developers share domain understanding.
Tool Integration Issues. Four participants encountered technical issues. P15
reported: “The code completion didn’t work all the time,” P13 mentioned “missing
keyboard shortcuts that I was used to,” and P01 noted a “bug with FM view.”

Overall, participants that preferred working with annotations cited improved
navigation, traceability, and reduced duplication as key benefits. They claimed
that it “made it easy to find the code I was looking for” (P13), that it is “better
to have a feature documentation in some form than none at all.” (P12), and
that “with annotations, I found where to do my code change really fast. Without
annotations, I had to search manually for the class.” Participants that preferred
working without annotations cited the learning curve, and added complexity to
the development process. In particular, they explain that “it adds on a new layer
of complexity marking the code, naming it and putting it correct in the structure.”
(P11) and that “it’s something new that you need to think about doing and in
my experience that usually leaves a lot of potential for errors/misuse/confusion”
(P15). Finally, participants that reported no difference cited that they were not
able to see the benefits of annotations, explaining that “it’s just a comment”
(P09), and “since no annotation existed before the task there were no differences.
If the code had been annotated beforehand, it would have been easier to navigate
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the code to find where to extend or work with the task in hand.”, confirming that
the benefits of annotations are primarily long-term and may not be immediately
apparent during the initial annotation process.

Most developers (93%) viewed annotations as beneficial for maintenance,
and 80% found them intuitive. Over half (53%) preferred using annotations
for improved navigation, traceability, and reduced duplication, indicated
intent to adopt them in regular workflows. However, 7 participants did not,
indicating a gap between perceived benefits and actual adoption willingness.
Main challenges included learning curve, feature naming, domain knowledge,
and tool integration issues.

Developer Perceptions (RQ2)

5 Discussion

We now discuss the implications of our findings on the overhead and how short-
term benefits can encourage developers to adopt embedded feature annotations.

5.1 Overhead Investment

Our quantitative analysis revealed that participants spent an average of 6.27% of
their total development time on annotation tasks (mean annotation time 1.18
minutes per task). Our statistical analysis showed only a small effect size in
development time between tasks with and without annotations (Cohen’s d=0.265),
suggesting that annotation overhead does not strongly interfere with normal
development activities. This finding empirically validates recent cost-benefit
analysis [15,27] showing that eager annotation overhead is largely amortized via its
benefits, with as few as 3–38% of annotations saving 90–100% of feature-location
costs in maintenance scenarios. Our measured annotation time (M=1.18 minutes,
6.27% of development time) confirms that annotation overhead is negligible
compared to lazy feature location, which is significantly more expensive.

Importantly, NASA-TLX measurements revealed no significant difference in
perceived workload between tasks with and without annotations (Control M=28.9,
Treatment M=28.0), demonstrating that using embedded feature annotations
does not meaningfully increase developers’ perceived workload during active
development. The minimal overhead in both time and perceived workload validates
embedded feature annotations as a lightweight traceability technique.

While our findings deliver promising evidence of manageable annotation
overhead, we did not yet fully explore the whole space of attention investment.
Future work should investigate the actual cognitive load of annotation tasks
using more fine-grained measures such as eye-tracking, physiological sensors, or
think-aloud protocols. Furthermore, a longitudinal study should examine how
annotation overhead evolves over time as developers gain experience, how they
scale with larger systems and more complex features, and how they interact with
different types of development tasks (e.g., bug fixing vs. new feature development).
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5.2 Developer Perceptions and Adoption Barriers

The benefits of embedded feature annotations are primarily long-term, focusing
on maintenance and evolution. While 93% of participants believed annotations
would be useful for maintenance and 80% found them intuitive, the expressed
willingness to adopt them was more modest, with only 53% indicating they
would incorporate annotations into their regular workflow. This gap between
perceived value and adoption intent suggests that long-term benefits alone may
be insufficient motivation without immediate, tangible advantages during devel-
opment, as 60% of participants indicated that annotations do not enhance their
understanding of the system.

To encourage adoption, developers need short-term incentives that provide
immediate value during their daily workflow. Metrics and visualizations can serve
this purpose by helping developers understand features and their interactions
in real time [24]. By making features visible during development, such tools aid
developers in feature comprehension and decision-making.

Qualitative feedback revealed key insights into adoption barriers. Participants
appreciated the plugin’s browsing functionality for recovering feature locations
and acknowledged how annotations enhance documentation and system com-
prehension. However, some participants did not fully utilize IDE functionalities
(such as “surround with annotation”), resulting in higher annotation times for
certain individuals. This suggests that better training, nudging mechanisms, or
contextual tutorials could reduce the learning curve and improve efficiency.

File-level annotations posed particular challenges due to the need for precise
file and feature naming, which increased navigation overhead. Future improve-
ments could include allowing annotating on the file-level for currently open files,
or integrating recommender systems using large language models that learn from
previous annotations. Such automation could further minimize overhead while
maintaining annotation quality [41].

6 Threats to Validity

Internal Validity. Our within-subjects design with counterbalanced task order
controls for individual differences and learning effects. However, the warm-up
may not have brought all participants to equal proficiency with embedded feature
annotations. Screen recording may underestimate overhead in terms of time by
missing cognitive overhead in deciding where and how to annotate.
External Validity. Our 15 professional C# developers from a single organization
had substantial experience (M=7.2 years, expertise M=3.73) but low feature
modeling familiarity (M=2.4). The 6.27% annotation overhead on our 17,000
LOC industrial system with 39 features may not generalize to larger systems
with deeper hierarchies or greater tangling. Our two tasks represent common
maintenance activities but not the full spectrum of development work. The
controlled experiment sessions differ from real-world contexts with competing
pressures and less structured annotation decisions.
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Statistical Conclusion Validity. With groups of n = 7 and n = 8 and
high variance in completion times, null-hypothesis significance testing would
be severely underpowered, making p-values unreliable guides to the practical
magnitude of differences. Our study should therefore be treated as exploratory,
with findings motivating rather than confirming effect estimates; a larger study
would be required to achieve sufficient statistical power for hypothesis testing.
Construct Validity. Our operationalization of “overhead in terms of time
and workload” via task time, annotation time, and NASA-TLX captures mul-
tiple dimensions but may miss cognitive overhead of deciding where and how
to annotate, feature naming, and consistency maintenance. NASA-TLX relies
on self-report and may not fully capture cognitive load. Additional measures
such as Electroencephalography, eye-tracking, or physiological indicators could
strengthen validity [2]. We measured the overhead of creating annotations but
not downstream benefits, relying on developer perceptions rather than empirical
measurement. To explore potential confounds, we computed Spearman rank
correlations between annotation time percentage and participant-level factors.
Programming expertise (r = 0.03) and feature-modeling familiarity (r = 0.27)
showed only weak associations with annotation time; task order showed the
strongest correlation (r = 0.34), consistent with the order effect described in
Sec. 4.1. We assessed annotation correctness by reviewing participants’ screen
recordings; all annotations were correctly linked to the intended features, indicat-
ing that annotation quality did not explain variation in annotation time.

7 Related Work

Feature Location and Traceability Approaches. Automated feature location
techniques using information retrieval, dynamic analysis, and hybrid approaches
have been extensively studied [21,50,59,17]. However, these techniques suffer
from high false-positive rates and struggle with precision in large industrial
systems [1,13,12], requiring substantial manual validation overhead. External
traceability databases [49] that link features to artifacts impose high maintenance
burdens when code evolves [55,56,58]. Unlike these approaches, embedded feature
annotations enable developers to record feature knowledge proactively during
implementation while it remains fresh in memory.
Variability Tooling and Annotation Systems. Many tools leverage variabil-
ity annotations for product-line configuration. Colligens [38] maps C preprocessor
directives to feature models, ECCO [22] locates cloned features automatically,
VariantSync [46] supports clone-and-own mappings, FeatureIDE [39] loads config-
urations via preprocessors, and CIDE [29] highlights feature-specific code. These
tools generally assume annotations already exist (extracted from preprocessor
directives) or focus on optional features in product lines, not addressing the
creation overhead when developers annotate features during initial development
of new systems or when retroactively annotating existing codebases. Similarly, au-
tomation approaches like FeatRacer [41] and Virtual Platform [3,35] aim to reduce
annotation burden through machine learning recommendations and annotation-
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based cloning, but their cost-benefit remains unclear without empirical baselines
for manual annotation overhead.
Empirical Measurement of Traceability Overhead. Prior empirical work
on traceability overhead focused primarily on maintenance costs of external
databases [55,56] rather than measuring the creation overhead for embedded an-
notations during active development. Our controlled experiment with professional
developers performing real implementation tasks provides the first direct mea-
surement of annotation time and workload, establishing a baseline for evaluating
both manual annotation practices and future automation approaches.

8 Conclusion

We investigated the overhead of recording feature traceability during devel-
opment using embedded feature annotations. While prior work demonstrated
long-term benefits through simulation [27,15], and comprehension improvements
via visualizations [57], the overhead during development remained unmeasured.

Our controlled experiment with 15 professional developers provides the first
empirical evidence that recording embedded feature annotations requires only a
small overhead. Annotation time uses only 6.27% of total development time,
and NASA-TLX measurements reveal no meaningful increase in perceived
workload compared to development without annotations. These concrete mea-
surements validate the key assumption of underlying cost-benefit models: the
upfront investment is small enough to be amortized by long-term benefits.

Developer perceptions reveal a gap between recognized value and adoption
intent. While 93% acknowledged long-term benefits, only 53% expressed willing-
ness to adopt annotations immediately. This suggests that short-term incentives
through visualizations and immediate feedback may be crucial for sustained
adoption [24]. Our discussion highlights how feature-based visualizations can
provide immediate comprehension benefits, creating a positive feedback loop in
which developers perceive value despite the added overhead.
Future Work. The advent of AI-assisted code generation tools introduces
challenges for feature traceability, as AI-generated code often lacks explicit docu-
mentation of its purpose or the features it implements. However, it also presents
opportunities to integrate feature annotations directly into the development work-
flow, potentially reducing the overhead of maintaining traceability. Future work
should investigate whether embedded feature annotations can help developers
maintain traceability when working with AI-generated code, and whether AI
tools themselves can be extended to suggest and generate annotations based on
developer prompts or commit messages. We plan to reduce annotation overhead
through recommender systems for annotations based on code context, targeting
stages where developers invest the most attention. Longitudinal field studies in
industry will assess how attention investment evolves with proficiency, how it
scales to larger systems, and whether visualizations motivate annotation behavior.
Our empirical baseline enables more accurate cost-benefit analyses and provides
a benchmark for evaluating automation approaches.
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