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Abstract—Performance anti-patterns, which are recurring de-
sign and implementation flaws that lead to potential performance
issues (e.g., high latency, resource exhaustion, or pool scalability),
have gained significant attention in recent years. Identifying
and mitigating these anti-patterns early in development is also
increasingly recognized as an effective means of proactive perfor-
mance assurance. Despite considerable research on performance
anti-patterns, their practical adoption in industrial contexts
remains limited. In addition, practitioners’ perceptions, expecta-
tions, and experiences with these techniques in real-world settings
are still insufficiently explored. To bridge this gap, we conduct an
industrial case study in which we first investigate the perception
and expectations on performance anti-pattern detection from the
perspective of real-world practitioners. Based on these valuable
insights, we then design and develop a static performance anti-
pattern detector to proactively assist our industrial collaborator
in ensuring and improving the performance of their large-scale
software system. Furthermore, we gather feedback from develop-
ers who have used our detector and discuss their perspectives on
its usability, effectiveness, and areas for future enhancement. By
addressing this gap, we aim to provide practical insights into how
practitioners perceive, expect, and experience performance anti-
pattern detection. We anticipate that our work can contribute to
improving performance anti-pattern detection and facilitate its
wider adoption in real-world industrial contexts.

Index Terms—Software performance, performance anti-
pattern, static and dynamic analysis, industrial case study

I. INTRODUCTION

Performance issues pose a critical challenge to modern
software systems, since they directly impact system efficiency,
responsiveness, and reliability [1]–[3]. If left unaddressed,
such issues can lead to severe repercussions, like increased
operational costs, compromised user satisfaction, or even
business losses [4]–[6]. This is particularly crucial for large-
scale enterprise applications, like Facebook, LinkedIn, and
YouTube, which provide essential services to a large client
base globally. Given the critical nature of these services,
ensuring high performance is of utmost importance [7], [8].

To ensure performance, performance assurance activities
are typically conducted to identify and eliminate performance
issues in large software systems [9], [10]. In particular, current
practices often rely on system performance testing, which is
conducted after the system has been built, integrated, and de-
ployed to the testing or production environment to identify per-
formance issues [11]–[14]. However, such reactive approaches
typically incur significant time and resource overheads, as per-

formance issues are detected, located, and resolved only in the
late stages of development (e.g., during final system testing),
often resulting in project delays and increased costs [15]–[17].

In recent years, extensive research has emphasized the
importance of detecting and resolving software performance
anti-patterns, as it enables a proactive approach to identifying
performance issues early in the development process [7], [18]–
[24]. These recurring design and implementation flaws, such
as inefficient algorithms [18] or poor caching strategies [7],
can significantly degrade performance if not addressed in time.
By uncovering these flaws early in development, developers
can address potential issues before they actually affect system
performance and user experience. However, despite advances
in research, the practical adoption of performance anti-pattern
detection in real-world industrial contexts remains limited.
Practitioners often exhibit limited awareness of performance
anti-patterns during the code writing or review process, and
as a result, these issues often go undetected until after de-
ployment [25]–[27]. Furthermore, there is also a lack of prior
research exploring the real-world perceptions, expectations,
or providing sufficient practical feedback on adopting perfor-
mance anti-pattern detection in industrial settings. This gap
between academic research and industrial practice poses a
significant barrier to the development of performance anti-
pattern detection solutions that align closely with real-world
needs, thereby limiting their broader adoption in practice.

In this paper, we aim to address this gap by conducting an
industrial case study on the practical adoption of performance
anti-pattern detection. In particular, we begin by performing a
preliminary study to investigate the experiences, concerns, and
expectations of practitioners when adopting performance anti-
pattern detection in real-world practices. Building upon these
valuable insights, we then design and develop a performance
anti-pattern detector seamlessly integrated into the existing
workflow of our industrial collaborator, specifically within
the developers’ integrated development environment (IDE),
to proactively assist in enhancing the performance of their
large-scale software system. Our detector combines static code
analysis with dynamic impact analysis, offering a convenient,
efficient, and effective solution for identifying and resolving
performance anti-patterns early in development. Furthermore,
we collect and analyze the valuable feedback from real-
world developers who have used our detector, highlighting



their perspectives on its usability, effectiveness, and potential
areas for future enhancement. We believe that our study can
provide software practitioners and researchers with helpful
insights into improving performance anti-pattern detection and
its broader adoption into real-world industrial practices.

The main contributions of this study are twofold:
• We conduct a preliminary study on the experiences,

concerns, and expectations of practitioners regarding per-
formance anti-pattern detection. It aims to provide a com-
prehensive understanding of the factors limiting practical
adoption and offers insights into real-world needs.

• Building upon the insights, we perform an industrial case
study in which we design and develop a performance anti-
pattern detector in a real-world context with our industrial
collaborator. We also evaluate our detector’s usability and
effectiveness based on practitioner feedback, as well as
identify key areas for further improvements.

Paper organization. Section II presents our preliminary
study on practitioners’ experiences, concerns, and expectations
in adopting performance anti-pattern detection. Section III
details our industrial case study, including the industrial back-
ground and design of our performance anti-pattern detector.
Section IV discusses the adoption results and real-world feed-
back from developers regarding our detector. Related work and
threats to validity are discussed in Section V and Section VI,
respectively. Finally, Section VII concludes the paper.

II. PRELIMINARY STUDY ON PRACTITIONER
PERSPECTIVES

Performance anti-pattern detection aims to automate the
identification of common performance issues and improve
software performance. Despite considerable research (e.g.,
[7], [28]–[32]) on performance anti-pattern detection in recent
years, the adoption of these techniques in real-world software
engineering practices remains scarce [25]–[27]. This lack of
widespread adoption indicates that current research may not
fully align with the practical requirements and expectations of
practitioners in addressing performance anti-patterns. There-
fore, in this section, we aim to fill this gap by exploring
practitioners’ perspectives on performance anti-pattern detec-
tion and their expectations. In particular, our study focuses on
addressing the following preliminary study questions (PQs):
• PQ-01: What are practitioners’ current approaches and

perspectives on performance anti-pattern detection? We
aim to understand how practitioners currently detect perfor-
mance anti-patterns and their perspectives on the concerns
and benefits of performance anti-pattern detection. Under-
standing these aspects will help identify gaps in existing
practices and better recognize practitioners’ expectations.

• PQ-02: Who are the primary users and focus areas for
performance anti-pattern detection? We seek to explore
the roles (e.g., developers or testers) and expertise levels
(e.g., junior or senior) of potential users, as well as the types
of performance anti-patterns that are of the most concern.
Gaining these key insights will help tailor detection tools

to specific roles, refine the focus areas, and optimize their
effectiveness in real-world applications.

• PQ-03: What are practitioners’ expectations for per-
formance anti-pattern detection? We intend to identify
the capabilities practitioners prioritize in performance anti-
pattern detection, such as detection speed, integration with
existing workflows, detection granularity, and expected fea-
tures. Understanding these perspectives will help develop
user-friendly and efficient tools that better align with prac-
titioners’ needs and improve adoption.

A. Study design

To answer our PQs, we adopt a survey-based approach to
gather insights from a broad community of software practition-
ers. The survey aims to capture their experiences, concerns,
and expectations in performance anti-pattern detection.
Questionnaire development. We follow Kitchenham and
Pfleeger’s guidelines [33] for personal opinion surveys and
design our online survey using Microsoft Forms [34]. The
first author is responsible for formulating the initial draft of
the questionnaire, while the remaining authors validate and
improve it. To provide participants with a shared understand-
ing, the survey begins with a brief background on performance
anti-patterns and the context of this study. Our questionnaire
consists of closed-ended questions (single-choice or multiple-
choice), with each question also allowing optional open-ended
responses to capture qualitative insights alongside quantitative
data. Our questions are informed by prior studies [35], [36],
and each is explicitly designed to address a specific PQ.
Furthermore, before launching the survey, we conduct a pilot
study with three participants who go through the survey and
suggest improvements, like refining the wording, simplifying
certain questions for clarity, and adjusting some response op-
tions to better capture the diversity of participant views. Based
on feedback, we then make revisions to the questionnaire. The
list of questions included in our survey is detailed in Table I.
Participant selection. In our study, we initially invite partic-
ipants from our personal networks with attention to ensuring
a diverse and relevant sample of software practitioners. For
example, we include both senior practitioners, who have
extensive experience in the field, and junior ones, who may
provide fresh perspectives. We also invite participants through
the connections of initial respondents and relevant professional
platforms such as LinkedIn and X. In total, 97 potential
participants were invited, and 22 completed our questionnaire,
resulting in a completion rate of 22.7%. To facilitate research
sharing and transparency, the full survey questionnaire and par-
ticipants’ responses are shared in our replication package [37].

B. Data analysis

We employ a mixed-methods approach to analyze the sur-
vey results. In particular, we conduct quantitative analysis
of closed-ended responses by examining their distributions
to identify trends. It is worth noting that participants could
select multiple options for some questions; therefore, the total
percentages may exceed 100%. We also perform qualitative



TABLE I
SURVEY QUESTIONNAIRE ON STUDYING PRACTITIONER PERSPECTIVES ON PERFORMANCE ANTI-PATTERN DETECTION

ID PQ Question

SQ-01 PQ-01 What is your current approach to the performance anti-pattern detection and localization?
SQ-02 PQ-01 How long does it usually take you to detect and locate a performance anti-pattern in hours?
SQ-03 PQ-01 What benefits do you think automated performance anti-pattern detection tools will provide?
SQ-04 PQ-01 What harms do you think automated performance anti-pattern detection tools will provide?
SQ-05 PQ-01 What concerns do you think about adopting automated performance anti-pattern detection tools?
SQ-06 PQ-01 Will you try to use a performance anti-pattern detection tool if it is available?
SQ-07 PQ-02 Which category of software engineers do you believe would benefit the most from the performance anti-pattern detection?
SQ-08 PQ-02 For which software development role do you think performance anti-pattern detection tools would be most advantageous?
SQ-09 PQ-02 Which areas do you think performance anti-pattern detection tools should primarily focus on?
SQ-10 PQ-02 Which type of anti-patterns do you prefer to detect in performance anti-pattern detection tools?
SQ-11 PQ-02 Which error (false positive or false negative) do you consider to be more severe than the other?
SQ-12 PQ-03 What is the expected time (in minutes) for the tool to detect performance anti-patterns in a project?
SQ-13 PQ-03 How would you like to integrate the performance anti-pattern detection tools in your project?
SQ-14 PQ-03 What level of granularity would best suit your development process when adopting performance anti-pattern detection tools?
SQ-15 PQ-03 How often would you like performance anti-pattern detection to occur?
SQ-16 PQ-03 How would you prefer performance anti-pattern detection to be applied?
SQ-17 PQ-03 Please prioritize the expected features for performance anti-pattern detection tools.

Note 1: “SQ” stands for “Survey Question”, and “PQ” represents the “Preliminary Study Question” that each survey question is designed to address.
Note 2: For brevity, background questions, as well as all answer options, are not presented here and can be found in our replication package [37].

analysis of open-ended inputs by categorizing and interpret-
ing responses to gain additional insights beyond predefined
options. Moreover, we explore potential relationships between
different aspects. For instance, we analyze which types of
performance anti-patterns practitioners prefer to detect and
how these preferences vary according to factors such as
participants’ experience levels. By integrating these analysis
methods, we ensure a comprehensive understanding of the
perceptions and expectations of practitioners in performance
anti-pattern detection, capturing both common perspectives
and diverse insights.

C. Results and implications

Demographics and background. According to the survey
results, the majority of respondents are male, accounting for
72.7% of the total sample, while 22.7% are female, and
4.5% identify as non-binary or other gender options. The
respondents are aged from 25 to 59 years old, with a median
age of 40. Regarding work experience, respondents generally
have substantial experience in software engineering, ranging
from 2 to 30 years, with a mean of around 13 years. The
participants also display a wide range of roles in the software
engineering domain. The majority of respondents identify their
role as developer, accounting for 68.2%, followed by soft-
ware development manager (36.4%), architect (22.7%), tester
(18.2%), and researcher (18.2%). Respondents mainly engage
in backend development (68.2%), followed by web develop-
ment (54.5%), with relatively smaller proportions involved
in mobile development (22.7%), research projects (18.2%),
and AI/ML/data science projects (13.6%). Overall, this variety
in backgrounds, experience levels, and work characteristics
further ensures the diversity of our survey participants.
PQ-01: What are practitioners’ current approaches and
perspectives on performance anti-pattern detection? Our
first PQ intends to investigate practitioners’ current practices
in addressing performance anti-patterns and their perspectives
on adopting automated detection tools in real-world contexts.

According to the survey results, the primary approach
used by respondents for detecting performance anti-patterns is

manual code review, employed by 81.8% of the participants.
The second most common approach is analyzing performance
testing results (e.g., logs, traces, or performance metrics), used
by 50.0% of the participants. Furthermore, 45.5% of partic-
ipants engage in discussions with peers, while 31.8% utilize
automated tools (e.g., GitHub Copilot [38]) to avoid perfor-
mance anti-patterns when coding. A small portion (9.1%)
have not specifically dealt with performance-related issues
before (F1-01). This finding aligns with previous research
by Ghanavati et al. [39], which also reports that developers
heavily rely on manual inspection to identify software defects.
Figure 1 illustrates the distribution of the time practitioners
usually spend addressing performance anti-patterns (cf. SQ-
02). The reported duration ranges from 0 to 16 hours, with an
average of approximately 3 hours (F-02). This may suggest
that, although most practitioners possess a certain level of skill
and experience, some complex performance issues still require
a considerable amount of time to detect and resolve.
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Fig. 1. Time distribution for addressing performance anti-patterns

Regarding the benefits of using automated performance
anti-pattern detection tools, 95.5% of participants believe
that these tools can improve system efficiency, while 77.3%
consider them capable of enhancing developer productivity.
Additionally, a relatively small portion of participants (36.4%)
mention other benefits, such as aiding in the training of new
software engineers (F-03). At the same time, participants also
highlight potential harms of using these tools. The majority
(72.7%) indicate that such tools might create a false sense
of performance and overlook issues not detected. Moreover,

1“F” hereafter denotes “Finding”.



40.9% of participants feel that over-reliance on such tools
could lead to skill degradation among developers, while 22.7%
note potential time and resource costs associated with learning
new techniques or tools. Smaller portions of participants also
raise concerns about deprivation of problem-solving satis-
faction (9.1%) and feeling overwhelmed by false positives
(4.5%) (F-04). In terms of the major concerns of performance
anti-pattern detection, respondents mainly focus on detection
accuracy (68.2%), integration into existing workflow (45.5%),
lack of proper detection tools (36.4%), performance over-
head (36.4%), and risk of disclosing proprietary intellectual
property (e.g., codebase) to a third-party tool (31.8%). Some
participants (18.2%) also mention that experienced engineers
may opt to skip using these tools due to their confidence
and familiarity with manual methods. Additionally, a small
portion (4.5%) note that non-performance-critical parts of the
system may require significant time to update according to the
detection results (F-05).

The survey results also indicate that while a certain propor-
tion of practitioners, accounting for 27.3%, remain cautious,
the majority of respondents, accounting for 72.7%, express
a willingness to try using performance anti-pattern detection
tools (F-06). We further investigate practitioners’ willingness
to adopt such tools and the relationship with their current
practices. We find that practitioners who rely on manual
and time-consuming processes for detecting performance anti-
patterns are more likely to adopt automated tools (F-07). This
finding underscores the pain points faced by practitioners and
highlights the potential of automated tools to save time and
effort while enhancing performance.#
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Implication 1: Practitioners mainly rely on manual
code reviews for performance anti-pattern detection (F-
01), which is labor-intensive and time-consuming (F-
02). While attitudes toward automated tools are mixed
(F-03, F-04), most practitioners are willing to adopt
them (F-06, F-07) if they are available and capable of
addressing key concerns, such as detection accuracy
and seamless integration into workflows (F-05).

PQ-02: Who are the primary users and focus areas
for performance anti-pattern detection? This PQ seeks to
explore primary users of automated performance anti-pattern
detection tools and types of anti-patterns they should prioritize.

According to the survey results, the majority of respondents
(86.4%) believe that both junior and experienced software
engineers would benefit from these tools. 9.1% believe junior
engineers benefit more from these tools, compared to 4.5%
who feel experienced engineers do (F-08). This may be
because junior engineers tend to rely more on tools to address
performance issues, while experienced engineers prefer man-
ual methods, though tools can still improve their efficiency. In
terms of roles, respondents perceive that developers benefit the
most from automated detection tools (95.5%), while a smaller
proportion (54.5%) believe these tools are also useful for
testers (F-09). These findings highlight previously unexplored

aspects of the perceived benefits of automated detection tools
across practitioners’ different experience levels and roles.

Fig. 2. Relationship between participants’ experience and preferred perfor-
mance anti-pattern types for detection

Regarding the focus areas of performance anti-pattern de-
tection tools, the majority of respondents (95.5%) believe
that code-level performance issues are particularly critical. In
contrast, system architecture and external data dependencies
(e.g., database operations) are the areas of relatively less
focus, accounting for 40.9% and 36.4%, respectively (F-
10). Figure 2 presents the relationship between the types of
performance anti-patterns expected to be detected and partic-
ipants’ experience. We notice that practitioners tend to focus
more on detecting frequently occurring performance anti-
patterns (77.3%), especially those with more experience, while
less experienced practitioners are more inclined to address
complex performance anti-patterns, accounting for 22.7% (F-
11). Furthermore, regarding the severity of false positives
and false negatives, prior studies in bug detection [35], [40]
have reported that practitioners are more concerned with false
positives, as they can lead to alert fatigue, wasted effort,
and reduced trust in tools. However, we observe that, in
the context of performance anti-pattern, participants consider
false negatives to be more serious than false positives, with
54.5% versus 45.5% (F-12). This is primarily due to false
negatives allowing buggy code to go undetected, potentially
leading to performance degradation or even system failures,
whereas false positives primarily waste investigation effort
without directly compromising system performance.�
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Implication 2: Performance anti-pattern detection is
considered most beneficial for developers (F-09), es-
pecially junior ones (F-08), due to their limited experi-
ence. The detection should prioritize identifying code-
level (F-10) and frequent performance anti-patterns (F-
11) as comprehensively as possible (F-12).

PQ-03: What are practitioners’ expectations for perfor-
mance anti-pattern detection? Our last PQ aims to identify
key expectations for anti-pattern detection from practitioners.

As indicated by the survey results, respondents expect the
tool to identify potential performance anti-patterns within 1 to
60 minutes, with a median time of 5 minutes (F-13). We also
examine the relationship between the time practitioners cur-
rently spend addressing performance anti-patterns and the time
they anticipate automated detection tools to produce results. In
particular, we calculate the Pearson correlation between these
two times, and our results indicate a correlation coefficient of
0.6 (p < 0.05). This strong positive relationship suggests that
practitioners who spend more time chasing performance issues



tend to have more lenient expectations of automated detection
tools (F-14). Regarding workflow integration, all participants
(100.0%) prefer integrating detection tools directly into the
developers’ IDE to detect performance anti-patterns early in
development. Additionally, 27.3% of participants also express
a desire for integration into the CI/CD pipeline to enable con-
tinuous detection (F-15). Our finding is consistent with a prior
study from Johnson et al. [35], which indicates that developers
tend to prefer tools embedded in their primary development
environment for real-time feedback and efficiency.

Code change
level (54.5%)

Code file
level (45.5%)

Every code
modification (31.8%)

Every commit/pull
request (18.2%)

Every release
(4.5%)

A selection of
files (22.7%)

All files
(18.2%)

Individual
file (4.5%)

Fig. 3. Distribution of preferred detection granularities
In practice, performance anti-pattern detection can be uti-

lized at various granularities of the code during development,
including the code change level, which focuses on the changed
code only, and the code level, which focuses on the overall
code file. As shown in Figure 3, 54.5% of the respondents
believe that, within the actual development process, detecting
at the code change level is a more effective approach. Among
them, most respondents prefer the tool to run either after every
code modification (31.8%) or after every commit/pull request
(18.2%) to ensure that issues are detected and fixed promptly.
Only a small portion of respondents (4.5%) feel that detection
should occur only at every release, which may be late (F-
16). For those respondents who prefer detecting at the overall
code level (45.5%), they present varying detection preferences:
22.7% favor examining a selection of code files, 18.2% prefer
analyzing all files together, and the remaining 4.5% opt for
reviewing an individual file (F-17). This preference may be
influenced by the specific project’s scale and complexity.

In terms of the expected additional features, we find that
providing detailed explanations is considered the most bene-
ficial, with 36.4% of participants ranking it first. Following
that, 36.4% and 27.3% of participants suggest that providing
actionable fix recommendations would be both the second
and third most important feature. Meanwhile, most partic-
ipants rank integration with developers’ IDE (31.8%) and
user-friendly interface (36.4%) as the fourth and fifth most
beneficial features, respectively (F-18).�
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Implication 3: Most practitioners expect performance
anti-pattern detection to operate at the code change
level after each code modification or commit (F-16,
F-17) and produce results within 5 minutes (F-13, F-
14). They also prefer detailed explanations, actionable
fix recommendations, and seamless IDE integration as
additional features (F-15, F-18).

III. INDUSTRIAL CASE STUDY

Our preliminary study has uncovered practitioners’ per-
ceptions and expectations regarding performance anti-pattern
detection. Building upon these insights, in this section, we
present an industrial case study in which we design and
develop a performance anti-pattern detector and explore its
practical adoption in a real-world software system from our
industrial collaborator. We first explain the industrial back-
ground, then describe our detector designed to effectively
address performance anti-patterns in the target system.

A. Industrial background

Our industrial system under study. The target industrial
system, hereafter referred to as System X, is a large-scale
commercial software system from our industrial collaborator.
System X provides world-leading software solutions to address
challenges in quantifying environmental impact and streamlin-
ing regulatory reporting for manufacturing facilities. System X
is the market leader in its field and has been widely leveraged
by several companies globally. The system is developed based
on the Microsoft .NET framework and has over two million
lines of code. It has over ten years of history and continues to
evolve actively with a development and testing team consisting
of approximately 30 software engineers. Due to a Non-
Disclosure Agreement (NDA), we cannot reveal additional
details about the hardware environment and usage scenarios.
The existing performance assurance practice and limi-
tations. Due to the success of System X, its performance
has become an important aspect in order to provide quality
services and ensure future success. To this end, the first author
works onsite with the developers of System X to support
performance assurance on a daily basis. In particular, the
system performance is analyzed using a system (A/B) testing
approach, where the new version runs alongside the old one,
initially serving a small client subset. During execution, the
performance metrics of both the old and new versions are
collected and compared. If any performance regressions are
detected, the new version is rolled back for further investiga-
tion; otherwise, it is gradually rolled out to all users.

Despite our prior efforts and advances toward automated
and efficient performance assurance activities [2], [8], [14],
[16], [53], we still face significant challenges. In particular, our
existing practice in ensuring performance remains a reactive
task that is conducted after the fact, i.e., after the system
is built, integrated, and deployed in the field. Based on our
practical experience, large amounts of resources are required
to detect, locate, understand, and fix performance issues at
such late stages in the development cycle, which often leads
to a high operational cost and extended release cycle.
Our proposed solution. To address the limitations, we pro-
pose a proactive solution that alerts developers early in de-
velopment if a code change introduces performance issues. In
particular, our solution focuses on automatically identifying
performance anti-patterns in the source code. We further in-
corporate the expected call frequency of the impacted methods



TABLE II
THE SUMMARY OF THE PERFORMANCE ANTI-PATTERNS STUDIED WITHIN OUR INDUSTRIAL CONTEXT (I.E., System X)

ID Anti-pattern Description Potential impact Mitigation suggestion Origin

AP-01 Inefficient String
Concatenation

Concatenating strings with “+” or “+=” operators
inside loops, which results in multiple object

allocations due to string immutability

Increased memory usage and
garbage collection (GC)

overhead

Use “StringBuilder” for more efficient
string concatenation in loops

[41],
[42]

AP-02
Initiating List

Without Proper
Capacity

Creating a list without specifying an initial capacity,
when the expected size is known, causing frequent

resizing and copying of elements

Increased memory and CPU
usage due to frequent

reallocations

Initialize lists with a suitable capacity
based on the expected size [43]

AP-03 Unnecessary
Boxing/Unboxing

Implicit conversion between value and reference types
in “ArrayList” causes unnecessary overhead

Significant memory and CPU
overhead, especially in loops

Use strongly-typed collections such as
“List<T>” instead of “ArrayList”

[42],
[44]

AP-04 Expensive String
Comparison

Comparing strings using “ToLower()” or “ToUpper()”
repeatedly, which creates temporary strings

Increased CPU and memory
usage, especially in loops

Use “String.Equals()” with
“StringComparison.OrdinalIgnoreCase”

for efficient and culture-agnostic
comparisons

[45]

AP-05 Redundant Execution
in LINQ

Using “ToList()” to trigger execution in LINQ queries,
which results in unnecessary list creation and iteration

Wasted memory and CPU
resources by creating and
iterating over a list twice

Avoid calling “ToList()” and directly
iterate over the query [46]

AP-06 Inefficient Emptiness
Checking in LINQ

Using “Count()” to check for emptiness in LINQ,
which causes full enumeration

CPU overhead due to
enumerating the entire

sequence to get the count

Use “Any()” to avoid the overhead of
full enumeration for emptiness checking

in LINQ
[46]

AP-07
Suboptimal

Conditional Logic
Evaluation

Using “IIf()” will evaluate all arguments regardless of
the condition, leading to unnecessary execution

Side effects and unnecessary
resource consumption

Use “If” operator instead of “IIf()” to
enable short-circuit evaluation [47]

AP-08 One-by-one
Processing

Performing individual database queries in a loop
instead of batching operations

Performance overhead from
multiple database operations

Use batch processing to combine
multiple operations into a single request

[29],
[18]

AP-09 Unnecessary
Finalizer

Implementing empty finalizers or ones that only call
the base class finalizer causes a needless loss of

performance

Increased GC pressure and
performance degradation

Remove unnecessary finalizers when
possible [48]

AP-10 Redundant
Finalization

Failing to call “GC.SuppressFinalize” when
implementing “Dispose” leads to redundant

finalization with no benefits

Additional GC work and
performance overhead

Always call “GC.SuppressFinalize” in
“Dispose” to prevent redundant

finalization
[49]

AP-11 Inefficient Boolean
Evaluation

Using non-short-circuit logical operators, like “Or”
and “And”, will always evaluate both sides of the

operators

Wasted CPU resources,
especially in loops

Use the short-circuit equivalents, like
“OrElse” and “AndAlso”, to avoid

unnecessary evaluation
[50]

AP-12 Expensive Assembly
Access

Using “Assembly.GetExecutingAssembly()” to get the
executing assembly involves walking up the call

stack, which is expensive

Performance overhead from
call stack walking

Use “Type.Assembly” instead to avoid
call stack walking overhead [51]

AP-13 Suboptimal Searching
in Lists

Using “Any()” for searching in Lists is less efficient
due to additional enumerator creation and processing,

especially for large lists

Slower performance and higher
resource usage

Use “List.Exists()” instead of “Any()” for
searching in lists with better performance [52]

Note: In the “ID” column, “AP” stands for “Anti-Pattern”.
to assess potential impact on end users, thereby helping devel-
opers prioritize anti-patterns that most affect user experience.
Our solution aims to reduce the time and effort required for
detecting, investigating, and fixing performance issues, and it
has been integrated into our collaborator’s IDE and internal
platform to help improve system performance on a daily basis.

B. Detecting performance anti-patterns

1) Performance anti-patterns studied within our industrial
context: In our study, we first analyze performance issues
in the development history and issue tracking of System X.
We then collect relevant issue reports, logs, metrics, and code
changes to better understand their manifestation and impact.
In the meantime, we conduct a thorough review of litera-
ture on software performance anti-patterns, including various
sources such as technical blogs [44], [50], [51], [54] and
research papers [18], [29], [41], to broaden our understanding
of more types of anti-patterns. By integrating insights from
the industrial context with academic literature, we identify a
collection of performance anti-patterns that are widespread
and may cause significant impacts. We have compiled a
comprehensive list of studied performance anti-patterns in
Table II, which presents each anti-pattern’s name, description,
potential impact, mitigation suggestion, and origin.

2) Performance anti-patterns detection: To address the
aforementioned performance anti-patterns, we design and de-

Fig. 4. The overall process of our performance anti-pattern detector

velop a performance anti-pattern detector based on the findings
of our preliminary study (cf. Section II). The overall mapping
between our identified PQ findings and corresponding imple-
mentations is summarized in Table III. In particular, unlike ex-
isting practice that mainly relies on manual effort, our detector
aims to automatically identify performance anti-patterns in the
source code of the system (cf. F-01, F-03, F-04, F-06, F-07,
F-10). As illustrated in Figure 4, our detector comprises two
main parts: 1) a performance anti-pattern detection frontend,
which is developed as a Visual Studio IDE extension; 2) a
performance anti-pattern detection backend, which is devel-
oped as an ASP.NET web application. The communication
between the frontend and the backend is handled by the HTTP
protocol. We adopt this architecture to align with practitioners’
preference for seamless integration into existing workflows,
specifically integrated within developers’ IDEs (cf. F-05, F-



TABLE III
THE MAPPING OF OUR IDENTIFIED PQ FINDINGS, IMPLEMENTATIONS, REMAINING GAPS, EMERGING SUGGESTIONS, AND ACTION PLANS

PQ finding(s) Implementation Remaining gap Suggestion Action plan

F-01, F-03, F-04,
F-06, F-07, F-10

Automated performance anti-pattern
detector (overall design)

Insufficient promotion and communication,
leading to limited user awareness ES-04

Follow guidelines to improve user experience; develop
comprehensive guides, tutorial videos, and case studies;

enhance community outreach

F-05, F-08, F-09, F-15 Visual Studio IDE extension frontend
and ASP.NET detection backend

Limited support for multiple programming
languages ES-02 Add JavaScript support; explore SQL and other languages

as the longer-term goal

F-02, F-13, F-14 Static code analysis module Limited customization prevents users from
flexibly defining anti-patterns ES-03 Develop anti-pattern templates and engine with dynamic

configuration; advanced capabilities planned later
F-11, F-12 Dynamic impact analysis module N/A N/A N/A
F-16, F-17 Anti-pattern status tracking module N/A N/A N/A

F-18 Detection result visualization module Lack auto-fix functionality, requiring
manual intervention ES-01 Explore rule-based auto-fix as an initial step; conduct

further research on advanced automated fix techniques

Note 1: “F” stands for “Finding”, and “ES” stands for “Emerging Suggestion”.
Note 2: “N/A” indicates that no specific gaps, suggestions, and action plans are reported for that implementation in the practitioner feedback.

08, F-09, F-15). It also ensures a responsive user interface
(frontend) by offloading computationally intensive tasks to the
backend, which enhances performance. Additionally, this ar-
chitecture improves scalability, maintainability, and flexibility
by enabling independent updates and efficient communication
between the two components. The whole workflow starts with
developers’ requests to detect performance anti-patterns on
one or multiple source code files from the frontend plugin
(i.e., Visual Studio IDE extension). Then, the plugin will send
these target source code files to the backend service via HTTP
request. After receiving the request, the backend service will
apply our implemented analysis to identify performance anti-
patterns in the target files. When the analysis finishes, the
detection results will be sent back to the plugin via HTTP
response for visualization to developers. In the meantime,
these results will also be persisted in both the SQL database
and the file system for further analysis. In the remaining part,
we provide a more detailed explanation of each main step
involved in the performance anti-pattern detection backend.
Static code analysis. As revealed in our previous study,
practitioners prefer to receive detection feedback promptly,
i.e., within 5 minutes (cf. F-02, F-13, F-14). To achieve it, we
adopt static code analysis over dynamic analysis, allowing for
effective and efficient scanning of the codebase and detection
of anti-patterns without execution. In particular, our detector
first leverages the static code analysis framework, i.e., .NET
Compiler Platform SDK (Roslyn), to parse source code into
the Abstract Syntax Tree (AST). The AST is a tree structure
where each node represents a language element, like classes,
methods, variables, and operators. We then traverse the ex-
tracted AST and apply a set of predefined detection rules,
derived from our studied anti-patterns (cf. Table II), to analyze
code and identify anti-patterns. Taking AP-08 as an example,
our detector aims to identify code where every element in a
collection issues an individual database query within a loop,
resulting in unnecessary database overhead. During the static
analysis process, we collect all code segments matching the
anti-patterns and save the results for later analysis.
Dynamic impact analysis. Our preliminary study results in-
dicate that practitioners prioritize detecting performance anti-
patterns that occur frequently in practice, which highlights the
importance of not only identifying anti-patterns statically in
the code but also understanding their runtime impact (cf. F-11,

F12). To achieve this, we further incorporate dynamic impact
analysis using production logs. First, for each detected anti-
pattern, we extract the method signature of its corresponding
impacted method. We then collect production logs over a
specific period (e.g., the past week or month) and count
the execution frequency of each operation. As production
logs typically record information at a coarse operational level
(e.g., web request) due to performance considerations, we use
source code analysis to parse the source code and build a call
graph for each operation to analyze the execution flow and
identify the methods invoked. Next, we match the impacted
method signature of each anti-pattern with the call graph of
each operation and determine its execution frequency during
the specified period, using this as an indicator of potential
impact on end users. In the meantime, we also categorize
the performance impact into high, medium, and low levels
based on the distribution of all methods’ execution frequencies
during that period to help developers better understand the
severity of the anti-pattern. By combining static code analysis
with dynamic user data, we can better prioritize performance
anti-patterns based on their approximate real-world impact on
end users, helping developers focus on the most critical ones.
Anti-pattern status tracking. Practitioners also express inter-
est in detecting performance anti-patterns at the code change
level to understand whether they are newly introduced or have
existed previously (cf. F-16, F-17). To meet this expectation,
we implement an analysis to track the status of the detected
anti-patterns, including when they were introduced, who was
responsible, and how long they have existed in the codebase. In
particular, we analyze version history by comparing detected
anti-patterns with code changes to determine if they are newly
introduced or not. If so, we further identify the developer
responsible for its introduction and the commit timestamp.
Otherwise, we trace back to the earliest commit with the anti-
pattern and calculate its lifespan. By following such practice,
we are able to clearly track the status and lifecycle of each
anti-pattern, offering valuable insights for further optimization.
Detection result visualization. A detailed presentation and
explanation of detection results is among the most beneficial
features for practitioners (cf. F-18), as it facilitates quick com-
prehension and resolution of detected anti-patterns. To support
practitioners effectively, we present detailed detection results
directly within the development environment, specifically in



Fig. 5. The visualization of our anti-pattern detector’s results (partial screenshot of the Visual Studio output window). The red, orange, and green boxes
highlight the location of the performance anti-pattern, its performance impact, and the corresponding detailed information, respectively.

Visual Studio’s output window. As an illustration, Figure 5
shows a screenshot of our detection results visualization. Each
line in the output corresponds to a detected performance anti-
pattern in the source code. The result consists of three main
parts: 1) Code location (in the red box) shows where the anti-
pattern occurs, including file path and line number. Developers
can click to navigate directly to the line of code, allowing them
to quickly locate and review the issue. 2) Performance impact
(in the orange box) shows how often the affected code is called
and its severity. This can help developers assess the impact and
priority of the issue. 3) Anti-pattern information (in the green
box) includes the name of the anti-pattern, along with a link to
the detailed documentation and suggested remediation. It aims
to help developers gain a deeper understanding of the detected
anti-pattern and provide recommended improvements. Our
design goes beyond simply displaying detected anti-patterns
by providing additional insights that facilitate understanding,
support decision-making, and streamline workflow.

IV. INDUSTRIAL ADOPTION FEEDBACK

In this section, we first present adoption results, highlighting
how our detector is utilized and performed in the target
industrial setting. We then discuss feedback from practitioners
who have used our detector, focusing on their experiences and
insights for further improvements to facilitate adoption.

A. Adoption results

Our performance anti-pattern detector has been adopted and
integrated into our industrial collaborator’s internal develop-
ment platform to assist developers in ensuring and optimizing
system performance. Based on the adoption results, we ob-
serve that after the first official release of our detector on the
internal platform, all developers at our industrial collaborator
have adopted it, with an average usage of >40 times in total
per week. During its use, our detector has successfully detected
>70 occurrences of performance anti-patterns. Among these
detected occurrences, the most commonly occurring anti-
pattern in System X is AP-01, with >20 occurrences. We
further investigate the potential causes for this phenomenon
and observe that, due to the database-centric nature of System
X, the source code involves extensive string manipulations to
generate SQL queries. As a result, developers may uninten-
tionally introduce suboptimal practices when concatenating
these SQL query strings. This is followed by AP-05 and AP-
08, with >10 occurrences for each. In contrast, less frequent
anti-patterns, such as AP-07, AP-10, and AP-12, appear only
occasionally (<3 occurrences for each). For confidentiality
concerns, we cannot disclose the exact number of anti-pattern
occurrences. Compared to the traditional manual inspection

process, where developers usually spend several hours or even
days identifying performance issues, our detector demonstrates
remarkable efficiency. The detection process is highly respon-
sive, typically completing within one minute, with an average
response time of 20 seconds.

As of the time of writing this paper, we observe that >80%
of detected anti-patterns have been acknowledged, with <5%
flagged as false positives, mainly due to context-dependent
code behavior (e.g., small loops or startup-only invocations),
while false negatives remain difficult to estimate without
complete ground truth. Moreover, >60% have been fixed by
developers, enabling them to address many common perfor-
mance issues early in development. For instance, one notable
improvement comes from AP-01, which reduces execution
time in some cases from 10-15 seconds to merely 1 second,
yielding a performance gain of >90%. The adoption results
demonstrate that our detector has been highly effective in
the target industrial setting, helping developers uncover and
address many previously unnoticed performance anti-patterns.

B. Feedback from practitioners
To further assess the adoption of our detector, we have gath-

ered feedback from practitioners through biweekly meetings
and discussions, focusing on its usability, effectiveness, and
areas for further improvement. According to the feedback,
practitioners have highly praised our effort, with around 80%
of them having already integrated it into their daily devel-
opment workflows, using it, for instance, every time writing
code or before submitting code changes, to detect performance
anti-patterns (addressing F-03, F-04, F-06, F-07, F-10, F-16,
F-17). The remaining 20% of practitioners also report using
our detector 2 to 3 times a week. In particular, they highlight
that our detector’s responsive detection capability has signifi-
cantly reduced the time and simplified the process required
to identify performance anti-patterns, thus enhancing work
efficiency (addressing F-01, F-02, F-13, F-14). In addition, the
integration with their IDE has also been well-recognized, as
developers can use it directly within their familiar workspace,
further streamlining their workflow (addressing F-05, F-15).
Developers also highly value our detector’s accuracy and rel-
evance, as it efficiently identifies performance-affecting anti-
patterns and provides prioritized recommendations based on
dynamic production information, helping them focus resources
on the most urgent performance issues (addressing F-11, F-
12). For instance, developers have pointed out that some
occurrences of AP-05 are frequently invoked during certain
periods, which could lead to significant performance impacts
and thus require special attention from developers. Meanwhile,
some detected issues, such as AP-11, are identified in legacy



code and have not been executed in recent times, posing no
immediate impact on system performance. Furthermore, some
developers, particularly junior ones, mention that the clear and
understandable explanations in the result visualization have
helped them quickly grasp the issues and take appropriate
corrective actions (addressing F-08, F-09, F-18).

Despite the successful adoption of our performance anti-
pattern detector in improving developers’ workflows and en-
suring system performance, practitioners, after using our de-
tector, have also raised some emerging suggestions (ES) where
the performance anti-pattern detection can be further enhanced
for practical adoption. Table III summarizes the mapping of
our identified PQ findings, implementations, remaining gaps,
emerging suggestions, and action plans.
ES-01: Auto-fix performance anti-patterns with one click.
One key aspect raised by practitioners in their feedback is the
expectation that the detection tool should support automatic
fixing of detected performance anti-patterns. While our current
visualization module effectively highlights performance issues
and helps developers understand them (aligning F-18), many
participants express a desire for the tool to not only identify
anti-patterns but also offer direct optimization suggestions and
automated fixes. For instance, they wish the detector could
help recognize inefficient algorithms or improper method calls,
such as those described in AP-04, AP-11, and AP-13, and then
automatically suggest or apply corrections. As one developer
commented, “Having the tool fix these problems automatically
for me would save so much time and help avoid mistakes,
especially for junior engineers.” This feedback underscores a
remaining gap in our current implementation.
Action plan: Developing a reliable auto-fix capability requires
advanced code analysis and contextual understanding, which
goes beyond the current scope of our implementation. There-
fore, we consider auto-fix a longer-term research goal. In the
near term, we plan to explore simpler, rule-based automatic
fixes to partially address this gap while continuing research
on more sophisticated automated fix techniques.
ES-02: Support more programming languages. Another
important direction for improving the adoption in practice
is expanding the support to a broader range of program-
ming languages. Although the current detection frontend and
backend provide effective integration for C# projects and
help developers seamlessly identify anti-patterns within their
workflows (aligning F-05, F-08, F-09, F-15), practitioners
point out that its language coverage remains somewhat limited.
Specifically, several participants emphasize that performance
issues can manifest differently across various languages. As
one practitioner noted, “Our main codebase is in JavaScript,
so having support beyond C# would make this tool much
more valuable to us.” Another developer highlights that, “In
SQL development, poorly written queries can be a huge
performance bottleneck, but the detector does not handle that.”
This feedback indicates that the lack of multi-language support
is a remaining gap that limits broader adoption.
Action plan: We consider incremental expansion of language
support to be feasible in the short term. Our initial focus will

be on adding JavaScript coverage based on existing detection
rules. Support for more specialized languages, such as SQL,
will be treated as a longer-term goal requiring additional
research and domain-specific rule development.
ES-03: Extend to more customizable anti-patterns. Extend-
ing the detector to support more customizable anti-patterns has
also been identified by practitioners as an important area for
improvement. The current static code analysis module effec-
tively and efficiently detects a predefined set of common per-
formance anti-patterns (aligning F-02, F-13, F-14). However,
practitioners note that it could be more flexible if it supported
the definition of complex or domain-specific anti-patterns. For
example, some participants working on microservices projects
report that performance issues such as inefficient inter-service
communication, excessive synchronous calls, or suboptimal
caching strategies are often critical but cannot be fully captured
by the current detector. As one practitioner commented, “Ev-
ery project has its own performance pitfalls, and being able to
define our own anti-patterns would significantly increase the
tool’s usefulness.” Practitioners believe that offering flexibility
in customizing the detection of anti-patterns would improve
the detector’s utility across diverse development scenarios.
Action plan: We plan to provide a library of anti-pattern
templates and a customizable engine that allows users to define
anti-patterns, dynamically configure thresholds, and enable or
disable specific rules. In the longer term, we will explore
advanced capabilities, including detecting architectural- or
system-level anti-patterns and leveraging large language mod-
els (LLMs) to mine bug reports for learning project-specific
anti-patterns and generating static analysis templates.
ES-04: Better promotion and communication. One con-
sensus among practitioners is that the promotion and com-
munication of the performance anti-pattern detector needs
to be further improved to support broader adoption. While
the automated detector’s overall design demonstrates strong
technical capabilities (aligning F-01, F-03, F-04, F-06, F-07,
F-10), many practitioners feel that its benefits and value are not
sufficiently communicated or well understood. Practitioners
emphasize that better documentation, tutorial videos, and real-
world case studies are essential for helping users understand
the detector’s functionalities and practical applications. As
one participant noted, “Without clear guides and examples,
it is difficult to see how this tool fits into our existing
workflows.” Others also point out the importance of active
outreach and training to bridge the knowledge gap between
technical capability and practical use. This feedback highlights
a remaining gap in user awareness and understanding, which,
to some extent, limits the detector’s industrial adoption.
Action plan: In the near term, we plan to follow Weninger et
al.’s guidelines [55] to better guide and support novice users
while improving the overall user experience. We will also
focus on developing comprehensive documentation, creating
tutorial videos, and producing real-world case studies to fa-
cilitate learning and adoption. Furthermore, we will increase
community engagement and outreach efforts to raise aware-
ness and demonstrate the detector’s practical benefits.



V. RELATED WORK

Software performance anti-patterns. Software performance
anti-patterns [28], [56]–[58] can manifest at various levels
when designing and implementing a software system. At the
highest level of software design, architectural-level perfor-
mance anti-patterns often arise from inefficient component
layouts or poorly designed dependencies [19]–[21], [31], [32].
At the class level, performance anti-patterns often manifest
as suboptimally designed classes that introduce unnecessary
complexity and inefficient resource usage [7], [28], [30],
[41], [42], [59], [60]. In addition, since many systems rely
heavily on databases to accomplish users’ tasks, several prior
studies have focused on object-relational mapping (ORM)-
level anti-patterns, which pertain to how applications interact
with databases through query execution [18], [29], [61]–[63].
Detecting software performance anti-patterns. Depending
on the type of analysis used, performance anti-pattern de-
tection can be broadly classified into two categories. The
first category employs static code analysis techniques and
involves examining source code [59] or compiled binaries [64]
without actually executing the software. It identifies structural
flaws, inefficient algorithms, or resource-heavy operations by
applying predefined rules or patterns [25], [29]. In addition, the
second category relies on dynamic analysis techniques, where
software is executed and its performance is monitored during
runtime [30]. This type allows for detecting anti-patterns that
only manifest during runtime and are difficult to uncover
through static analysis alone [18]. For instance, dynamic
analysis can highlight inefficiencies in resource utilization [7],
[18], unexpected latency under varying workloads [65], and
the impact of complex interactions between system compo-
nents [21], [66], [67]. On one hand, static analysis is less
resource-intensive since it does not require software to be
executed, making it a fast and efficient way to catch potential
problems early in the development cycle. On the other hand,
dynamic analysis typically provides greater accuracy in iden-
tifying runtime-specific performance issues and offers detailed
insights into their impact under actual usage conditions.

Unlike existing studies, our detector combines static code
analysis with dynamic impact analysis, enabling both efficient
detection and reliable evaluation of the impact. Furthermore,
we have applied our detector to a real-world industrial system
and gathered valuable feedback from practitioners to evaluate
its usability and effectiveness, as well as to identify areas for
further improving performance anti-pattern detection.

VI. THREATS TO VALIDITY

This section discusses the threats to the validity of our study.
External validity. Our preliminary study on practitioner per-
spectives is based on responses from 22 participants. Although
the sample may not be broad enough, we made a deliberate
effort to include participants from diverse backgrounds to
capture a wide spectrum of perspectives. In addition, we inves-
tigated the practical adoption of our detector in our industrial
collaborator’s software system. The system has many years
of history and is actively evolving, which offers a certain

degree of representativeness. However, the generalizability of
our findings to other systems may be limited. Future research
could expand to include a broader range of software systems.
Construct validity. We designed a questionnaire to capture
practitioner perspectives on performance anti-pattern detec-
tion; however, the way questions were framed and the specific
aspects we focused on may have influenced the responses. To
mitigate this, we carefully designed and rigorously validated
the questionnaire, further refining it through a pilot study to
ensure clarity and effectiveness. Another potential threat is
that, due to operational restrictions in our target industrial
system, the effectiveness of our detector was assessed through
adoption metrics and qualitative feedback rather than extensive
quantitative analysis or benchmarking, which may not fully
capture its impact on system performance. While developers
report high satisfaction with our detector, future work could
complement our findings with broader controlled experiments.
Internal validity. One potential threat to internal validity is
self-report bias, where participants may provide inaccurate
information due to social desirability or memory biases. To
mitigate this, we made survey responses anonymous and used
precise, neutral, and non-leading question wording to encour-
age participants to provide more accurate answers, thereby
reducing such bias. Furthermore, we incorporated the expected
call frequencies of impacted methods derived from dynamic
production logs as a lightweight yet reasonably reliable ap-
proach to assess the impact of each detected performance anti-
pattern, helping developers prioritize investigations and fixes.
Nevertheless, this approach provides only an approximate
estimation rather than the actual runtime performance impact.
A more advanced dynamic impact analysis, while remaining
low-overhead, will be pursued in our future research.

VII. CONCLUSION

In this paper, we conduct an industrial case study aiming
to address the gap in the practical adoption of performance
anti-pattern detection in real-world contexts. In particular, we
first explore practitioners’ perceptions and expectations of
performance anti-pattern detection. Based on these valuable
insights, we then design and develop a static performance
anti-pattern detector and adopt it in a large-scale software
system from our industrial collaborator, helping to proactively
optimize its performance. Furthermore, we collect and analyze
the feedback from developers who have used our detector
to gain insights for further improvements to better meet
practitioners’ demands in performance anti-pattern detection.
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