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Abstract

Context: Design Pattern Detection (DPD) tools are useful to support to the
comprehension and maintenance of software systems. Although several DPD tools
have been introduced over the years, they typically focus on a limited set of design
patterns and programming languages. Objective: This paper aims to investigate
(i) the reasons that motivate DPD tool designers to target specific design patterns
and programming languages, and (ii) how potential users perceive the usefulness
of DPD tools in practical software development scenarios. Method: We con-
ducted two online surveys. For the first survey, we reached out to designers of 42
DPD tools selected from a systematic literature review to obtain their perspec-
tives on design decisions about pattern and language coverage, receiving 22% of
such responses. For the second survey, we recruited 28 student and senior devel-
opers to help us understand their expectations, perceived benefits, and concerns
related to the use of DPD tools. Results: Within our sample, the findings suggest
that participating tool designers often prioritize design patterns whose internal
structure facilitates automated detection, while language support is frequently
motivated by popularity and expected demand. From the perspective of tool
users, DPD tools are expected to support development activities, such as program
comprehension and software quality improvement. Unfortunately, usability diffi-
culties, limited accuracy, and insufficient documentation often discourage them
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from adopting a tool. Conclusions: The responses suggest that some design
decisions reported by participating DPD tool designers are aligned with practical
and industrial considerations. However, the recurring lack of adequate documen-
tation and usability support is a major barrier to wider usage. Taken as indicative
evidence, these results suggest that future DPD tools should better balance
detection capabilities and usability concerns, especially to meet the need of less
experienced developers. Given the limited number of tool-designer respondents,
conclusions about design rationale should be interpreted as indicative rather than
representative of all DPD tool designers.

Keywords: software design patterns, automated detection, survey, qualitative analysis

1 Introduction

Design patterns are well-documented and reusable solutions for recurring problems of
software design (Gamma et al, 1995). Hundreds of design patterns have been imple-
mented by software developers while structuring their software systems (Zanoni et al,
2015). Composite, Facade, and Singleton are examples of traditional design patterns
compiled by the Gang of Four (GoF)’s book (Gamma et al, 1995). The implementa-
tion of design patterns is expected to prevent the software design degradation, which
often affects systems at the source code and architecture levels (Ahmed et al, 2015;
Ahmad et al, 2023; Garcia et al, 2005). Therefore, constantly detecting and monitor-
ing the implementation of design patterns may be critical for the long-term success of
a software project (Kim, 2025).

Design Pattern Detection (DPD) has many applications in software industry, e.g.,
source code analysis (Kim et al, 2016) and design decision making (Zanoni et al,
2015). However, manually performing DPD may be quite challenging due to the large
size and high complexity of modern systems (Russo, 2024; Wang and Tzerpos, 2005).
Several DPD tools have been proposed to automate the detection of different design
patterns, thereby making the detection faster and less error prone. Our previous sys-
tematic literature review (Moreira et al, 2022) provides an extensive catalog of 42 DPD
tools published in academic papers over the last two decades. MARPLE-DPD (Zanoni
et al, 2015) and PTIDEJ (Moha and Guéhéneuc, 2007) are examples of prestigious
DPD tools that detect different design patterns, such as Chain of Responsibility,
Composite, Decorator, Prototype, Singleton, and Visitor. More recently, artificial intel-
ligence models, such as Large Language Models (LLM), have been used to verify the
implementation of design patterns (Kim, 2025; Nguyen-Duc et al, 2025).

In fact, our literature review (Moreira et al, 2022) revealed that DPD tool design-
ers target very specific design patterns and programming languages. For instance, 67%
of the tools detect Composite, while only 19% detect Facade. Additionally, 69% of
the tools are compatible with Java systems, while no tool is compatible with trending
programming languages, e.g., JavaScript and Python. Unfortunately, we do not know
why DPD tool designers have targeted specific design patterns and programming lan-
guages. More critically, we lack evidence on the expected usefulness of DPD tools from
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the perspective of potential tool users. It could be that the 42 DPD tools we found
fall short in meeting users’ expectations.

In this paper, we introduce a survey-based study with the purpose of addressing
the aforementioned knowledge gaps. We relied on strict guidelines (Punter et al, 2003;
Molléri et al, 2016) to conduct two online surveys aimed at capturing the perceptions
of tool designers and tool users about DPD tools. For the first survey, we emailed all
authors of the 42 DPD tools found in our literature review (Moreira et al, 2022). We
asked authors to answer questions regarding the reasons for targeting specific design
patterns and programming languages with their tools. Designers of nine out of the 42
DPD tools (i.e., 21.4%) responded to our survey, providing a limited but informative
set of responses for tools proposed over two decades.For the second survey, we recruited
28 participants, including 17 Computer Science students and 11 senior developers,
who are potential users of DPD tools. We asked them about the expected usefulness
of DPD tools.

Inspired by Grounded Truth procedures (Stol et al, 2016), we manually extract
topics from the open questions answered by the survey participants. Additionally, we
followed strict guidelines (Cruzes and Dyba, 2011; Molléri et al, 2016) to generate
coding-based categorizations from the topics aimed at organizing the responses about
reasons to target specific contexts in DPD tool design as well as the expected usefulness
of these tools. We summarize below our main study findings and their implications.

• We found five different reasons for targeting specific design patterns in the proposal
of DPD tools. Among the participating tool designers, most reported that internal
aspects of a design pattern (e.g., the way it is structured in the source code) favored
its detection. Additionally, popularity and abstraction level are recurring reasons in
our sample for decisions about detecting design patterns in specific programming
languages.

• Some participating tool designers showed interest in proposing tools for a wider
scope of design patterns and programming languages. However, this would depend
on the availability of enabling technologies (e.g., friendly compilers) in addition to
the practitioner’s demands. This finding could inspire engineers in filling gaps in
terms of these technologies.

• Participating tool designers reported awareness of their DPD tools being used for
program analysis tasks, especially program comprehension. This finding meets the
expected benefits of using DPD tools reported by the potential tool users. According
to the tool users, other benefits include software quality improvement (e.g., via code
organization and cleaning).

• Potential tool users claim that tool limitations (e.g., low accuracy and lack of docu-
mentation), as well as the inherent difficulty to use the tool, are key barriers to the
DPD tool adoption. This finding is aligned with the barriers of adopting other types
of automated tools discussed in previous work (Alkharabsheh et al, 2019; Johnson
et al, 2013).

The remainder of this paper is organized as follows. Section 2 describes our study
design. Sections 3 and 4 present the results of our surveys with DPD tool designers
and potential tool users, respectively. Section 5 summarizes the main implications of
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our findings. Section 6 discusses the findings in light of the broader context of DPD
research and practice. Section 7 discusses threats to the validity of the study. Section 8
compares our study with previous work. Finally, Section 9 concludes the paper and
outlines future work.

2 Study design

This section provides details regarding our study design. Section 2.1 introduces the
study goal and research questions (RQs). Section 2.2 presents the structure of our
two surveys: the survey with tool designers and the survey with potential tool users.
Section 2.3 describes our study participants for each survey. Lastly, Section 2.4
describes our data analysis procedures.

2.1 Goal and research questions

We relied on the Goal-Question-Metric template (Basili and Rombach, 1988) to define
our study goal as follows: the study aims to analyze the perceptions of tool design-
ers and potential tool users about DPD tools; for the purpose of understanding the
extent in which existing DPD tools meet the needs of tool users, as well as assisting
tool designers in proposing novel tools; with respect to i) what reasons have led tool
designers to target specific design patterns and programming languages and ii) the
expected usefulness of DPD tools from the perspective of potential tool users; from
the point of view of tool designers who have contributed to academic publications and
student or senior developers who are potential tool users; in the context of 42 tools
summarized in our recent systematic literature review (Moreira et al, 2022). We con-
sider student developers those who are still enrolled in their Computer Science degree
programs and whose experience is limited to small projects developed in academic
contexts. Senior developers, on the other hand, are professionals who already work in
the software development industry.

We defined the two RQs below to drive our research.
RQ1: What is the design rationale behind the proposal of the existing DPD tools?

– Our literature review (Moreira et al, 2022) catalogs 42 DPD tools published over the
last two decades. We found a certain bias in the design patterns these tools detect:
at least 64% of the tools detect Composite or Observer, while only a few tools detect
other relevant patterns, such as Mediator (31%) and Facade (19%). We also found
biased the choice for target languages: 69% of the tools target Java, while we found
no tool targeting trending languages, such as JavaScript and Python. The lack of
documentation regarding the reasons why tool designers have targeted specific patterns
and languages motivates our RQ. We believe that RQ1 can provide initial evidence
on types of technical support that may help tool designers target other patterns and
languages of relevance in industry.

RQ2: How useful do potential tool users expect DPD tools to be? – A few previ-
ous studies (Forward and Lethbridge, 2002; Johnson et al, 2013; Liebel et al, 2017;
Witschey et al, 2015) rely on surveys or interviews to investigate the expected useful-
ness of different software development tools. These studies highlight the importance
of understanding an eventual mismatch between the tool designers’ effort and the
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practical needs of developers. To the best of our knowledge, there is no survey-based
empirical study aimed at understanding the expected usefulness of DPD tools. We
advocate that acquiring such understanding is essential to propose novel DPD tools
(or refine existing tools) that are able to meet the current needs of potential users.
With RQ2, we capture contexts in which student or senior developers expect DPD
tools to be useful, as well as benefits and barriers to the use of these tools.

2.2 Survey structure

Surveys are aimed at collecting information from people as a means to characterize
their opinion, knowledge, or behavior (Wohlin et al, 2012). Surveys help researchers
derive conclusions from a sample of participants that does not necessarily reflect an
entire population. Thus, survey replication is highly recommended. We opted for a
survey-based study due to our positive previous experiences (Nascimento et al, 2021;
Oliveira et al, 2020; Santos et al, 2024). We relied on strict guidelines for conducting
online surveys (Punter et al, 2003; Molléri et al, 2016) to propose two complementary
surveys: one targeting tool designers and one targeting potential tool users. We opted
for short surveys to prevent candidate participants from being exhausted in answering
our survey. We describe below the structure of each survey.

Survey with tool designers: Table 1 presents the five open questions of the
survey with tool designers (D1 to D5). We opted not to ask demographic informa-
tion directly to the tool designers as this information was publicly available on their
websites. We customized the survey according to the specific information of each tool
(see text between brackets). D1 captures the reasons why the tool designers decided
to detect specific design patterns. D2 captures the designers’ intent to detect other
design patterns they believe to be relevant. D3 and D4 are similar to D1 and D2 but
target programming languages rather than design patterns. D5 capture the designers’
knowledge of the usage of their tools.

Table 1: Structure of the survey with tool designers

ID Question
D1 Your tool detects [list of design patterns]. Why did you choose them?
D2 Would you implement detection tools for other design patterns? If so, which

design patterns would you support? Why?
D3 Your tool detects design patterns in systems implemented in [list of programming

languages]. Why did you choose them?
D4 Would you implement detection tools for other languages? If so, what languages

would you support? Why?
D5 In which contexts of software development has your tool been used (e.g. adding

a new feature to the system, enhancing an existing feature or code, removing an
obsolete feature, fixing a bug, etc.)?

Survey with tool users: Table 2 lists the eight questions of our survey with
tool users: U1 to U5 are closed questions, while U6 to U8 are open questions. U1 to
U4 capture demographic information aimed at helping us to understand the possible
generalization of our findings. These questions cover the programming language most
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used by the user (U1), years of experience as a programmer (U2), their current main
role as a developer (U3), and familiarity with design patterns (U4). U5 to U8 capture
the expected usefulness of DPD tools: contexts in which tool users would consider
using DPD tools (U5), expected benefits of using a DPD tool (U6), reasons for not
using a DPD tool (U7), and design patterns that are worth detecting via tool (U8).

Table 2: Structure of the survey with potential tool users

ID Question Possible answers
U1 Which programming language do you

use mostly on a daily basis?
JavaScript; Python; Java; C#; PHP;
other

U2 How many years of experience do you
have as a programmer?

Up to 3 years; 3 - 5 years; 5 - 10 years;
more than 10 years

U3 What is your current main role? Back-end developer; front-end devel-
oper; full stack developer; tester; other

U4 How familiar are you with design pat-
terns?

Not familiar; somewhat familiar; fairly
familiar; very familiar

U5 In which contexts of software develop-
ment would you consider using a design
pattern detection tool?

Adding a new feature to the system;
enhancing an existing feature or code;
removing an obsolete feature; fixing a
bug; other

U6 What benefits do you expect from using
a design pattern detection tool?

N/A (open question)

U7 What would prevent you from using a
design pattern detection tool?

N/A (open question)

U8 What design patterns do you believe are
worth detecting through a tool? Why?

N/A (open question)

2.3 Participant characterization

As discussed in Section 2.2, this paper introduces an empirical study based on two
online surveys, each targeting a specific group of participants. We describe below our
participant recruitment procedures and characterize each group.

Group A: Tool designers – Our literature review (Moreira et al, 2022) summarizes
42 DPD tools. We used the papers that introduced each tool to extract contact infor-
mation of the respective tool designers. We extracted the names and email addresses
of all authors credited in each paper. The 42 tools were published over a span of 20
years, so that certain email addresses were likely invalid. This time span is part of the
systematic catalog investigated in the study rather than a sampling flaw: the catalog
intentionally covers the historical development of DPD tools. We prevented this issue
by searching for the latest papers published by each author on Google Scholar1. We
then extracted the email addresses provided in these papers; we also extracted the
email addresses informed in the author’s website whenever its link was provided by
the author’s profile on Scholar.

We emailed our survey to all authors (i.e., tool designers). We tried all email
addresses extracted per author and, if all addresses were invalid and our messages
returned, we simply discarded the author from Group A. We extracted 95 email

1https://scholar.google.com
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addresses from a total of 108 tool designers. We waited two months for responses to
the survey, so that tool designers (especially designers of older tools) had enough time
to gather information about the design decisions of their previous work. Tool design-
ers of nine out of the 42 tools responded to our survey, one designer by tool, thereby
covering 21.4% of the tools. Given the exploratory purpose of the survey and the
small number of responding tools, we did not perform an age-stratified comparison of
responses by publication year; such a comparison could overstate differences between
older and newer tools.

Demographic information for Group A: Eight out of the nine survey partic-
ipants (89%) hold a PhD in Computer Science. Three participants are working in the
industry and six are professors at different universities. Regarding their positions in
the coauthors’ list of their respective papers, four of them are first authors, four are
second authors and one is third author. Thus, although the sample is small, the sur-
vey participants are qualified to provide information about the decisions behind the
proposal of their DPD tools.

Group B: Tool users – We had no reference list of software developers who are
potential users of DPD tools and, so, the universe of possible survey participants is
very broad. Aimed at achieving a diverse group of participants in terms of background,
we opted for recruiting potential tool users based on opportunistic broadcasting. We
sent the survey link to three groups of software developers on WhatsApp2, which is
an instant messaging platform largely used in Brazil. These groups were Brazilian
developer groups reachable through the authors’ contact networks. However, we did
not systematically record whether each group was professional, corporate, academic,
amateur, or mixed. We encouraged all developers to forward our survey link to other
developers and similar WhatsApp groups. Because we could not track all developers
reached by our survey link, it is impossible to compute response rate. Still, we obtained
responses from four senior developers in this initial recruitment round. To increase the
number of senior developers in our sample, we conducted an additional recruitment
round specifically targeting senior developers. In this round, we sent the survey to pre-
vious members of our software engineering research group, including previous doctoral
and postdoctoral researchers who matched the profile with large software develop-
ment experience. This additional round resulted in seven further responses, leading
to 11 senior developers in total. We also forwarded our survey link to undergraduate
Computer Science students enrolled in the Software Engineering course at the Federal
University of Minas Gerais (UFMG) – the affiliation of two authors of this paper. We
gave each student a month to respond the survey, enough time for an opinion-based
survey. A total of 17 students responded to our survey, resulting in 28 participants in
Group B.

Demographic information for Group B: Figure 1 summarizes demographic
information of the potential tool users collected from survey questions U1 to U4
(Table 2). Figure 1a shows that the programming languages more often used by the
potential tool users on a daily basis are JavaScript (25% of the users), C# (21%), Java
(21%), and Python (18%). The remaining languages, .net, C, Swift, and TypeScript,
were each reported by one participant (4%). Figure 1b indicates that 13 participants

2https://www.whatsapp.com/
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(47%) have up to three years of programming experience, while the remaining par-
ticipants are evenly distributed across the ranges of three to five years, five to ten
years, and more than ten years, with five participants (18%) in each range. Figure 1c
shows that backend developers and full stack developers are the most common roles,
each reported by 11 participants (40%). Frontend developers account for three partic-
ipants (11%), while data scientist, mobile developer, and software engineer were each
reported by one participant (4%). Finally, Figure 1d depicts that 23 participants (82%)
reported at least some familiarity with design patterns, including 11 somewhat famil-
iar participants (39%), eight fairly familiar participants (29%), and four very familiar
participants (14%). The remaining five participants (18%) reported not being familiar
with design patterns.

1 (4%) 1 (4%)

6 (22%) 6 (22%)
7 (25%)

5 (18%)

1 (4%) 1 (4%)

0

2

4

6

8

.net C C# Java JavaScript Python Swift TypeScript

(a) Most used programming language

13 (47%)

5 (18%) 5 (18%) 5 (18%)

0
2
4
6
8

10
12
14

Up to 3 years 3 - 5 years 5 - 10 years more than 10
years

(b) Years of experience as a programmer

11 (40%)

1 (4%)
3 (11%)

11 (40%)
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0
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4
6
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12

Backend
Developer

Data
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(c) Current main role

5 (18%)

11 (40%)

8 (29%)

4 (15%)

0

2

4

6

8

10

12

Not familiar Somewhat familiar Fairly familiar Very familiar

(d) Familiarity with design patterns

Fig. 1: Demographic information of participants of the survey with tool users

2.4 Data analysis procedures

Figure 2 depicts our data analysis procedures. We defined a total of seven steps, which
range from quantitative to qualitative analysis of the survey data. We relied on strict
guidelines for conducting empirical research in software engineering (Cruzes and Dyba,
2011; Punter et al, 2003; Stol et al, 2016; Wohlin et al, 2012) to support the definition
of our procedures.

Only a few of our survey questions (U1 to U5) are closed questions, whose data
are typically more straightforward to analyze. The first author of this paper computed
frequency of survey answers (e.g., programming languages reported on survey question
U1) for the descriptive analysis in Step 1.1. The same author plotted the bar charts
summarized in Figure 1 in Step 1.2. All authors of this paper contributed to performing
double checking in Step 1.3.
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Fig. 2: Data analysis procedures for closed survey questions

The remaining survey questions are open questions and we opted for manual anal-
ysis to achieve accuracy in the data analysis. For such analysis, one author of this
paper performed Step 2.1 to extract textual topics (i.e., codes) from each open ques-
tion response via open coding (Stol et al, 2016). A different author double checked the
codes and suggested fixes in Step 2.2, thereby mitigating subjective biases. All authors
discussed the cases of disagreement to reach consensus. Thus, our coding procedure was
consensus-based rather than based on independent parallel coding with quantitative
agreement statistics. Step 2.3 also involved two authors of this paper working together
to create all coding-based categorizations based on the codes extracted for each sur-
vey question. We followed an iterative process as suggested by previous work (Cruzes
and Dyba, 2011). All authors of this paper also helped validate the coding-based
categorizations created for each survey question in Step 2.4.

We provide additional comments regarding open coding (Step 2.1) and coding-
based categorization construction (Step 2.3) as follows. Not all survey responses
provided a valid code during the open coding; some survey responses provided more
than one valid code. Thus, the number of codes grouped by coding-based catego-
rization is not necessarily equal to the number of survey participants. We decided to
shorten the coding-based categorizations presented in this paper for the sake of sim-
plicity. Our study replication package, whose URL is provided in the Data Availability
statement at the end of the paper, includes the full coding-based categorizations.

Following previous work in empirical software engineering (Olsen and Fox, 2019;
Ralph, 2019), we use the term coding-based categorization to describe the structures
derived from open-ended survey responses. Our coding procedure organized partici-
pants’ answers into general and concrete categories, but we do not claim theoretical
saturation or that these categories constitute saturated taxonomies or theory-level
contributions. Some concrete categories have low frequencies, such as only one or
two mentions. Therefore, these categories should be interpreted as isolated or low-
frequency mentions that help characterize the range of participants’ perceptions,
rather than stable or generalizable classes of phenomena. This terminology is consis-
tent with the exploratory nature of our surveys and with the use of questionnaire data
as a single source of qualitative evidence.
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3 Results of the survey with tool designers

This section reports the results of the survey with tool designers as follows. Section 3.1
presents the reasons why participating tool designers targeted specific design patterns.
Section 3.2 discusses the reasons why participating tool designers targeted specific
programming languages. Section 3.3 presents the contexts in which participating tool
designers know that their tools have been used.

3.1 Reasons to detect specific design patterns

Survey question D1: Figure 3 summarizes the reasons reported by participating
tool designers to target specific design patterns. We found five concrete reasons (blue
rectangles with continuous borders), which we grouped into two general reasons (white
rectangles with dashed borders): External aspects of design patterns and Inter-
nal aspects of design patterns. We annotated each reason with its frequency; such
frequency corresponds to the number of participants (out of the nine tool designers)
who mentioned a reason.

Survey with tool designers
Question D1

Reasons to choose 
design patterns

Complexity of 
design pattern

1
Structure of 

design pattern

5

Internal aspects of 
design patterns

8

Category of 
design pattern

2
Popularity of 

design pattern

3
Oracle of design pattern 

instances available

1

External aspects of 
design patterns

4

Legend: Concrete reason General reason X Frequency

Fig. 3: Coding-based categorization of reasons to target specific design patterns

Table 3 describes the reason founds and illustrates each reason with quotes from
the survey responses. Four responses refer to External aspects of design patterns,
whose reasons include: Oracle of design pattern instances available (R1) and
Popularity of design pattern (R2). The latter is the the most frequent one. The
multiple mentions to R2 suggest that some participating tool designers may have tried
to align their work with current industry trends. On the other hand, eight responses
refer to Internal aspects of design patterns, whose reasons include: Category
of design pattern (R3), Complexity of design pattern (R4), and Structure
of design pattern (R5); this one is the most frequent. Based on the mentions to
R5 within our sample, we infer that participating tool designers often prioritized the
detection of design patterns whose internal structure is easier to characterize.

Survey question D2: We asked tool designers whether they would implement
tools for detecting design patterns beyond the current scope of their DPD tools. Out
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Table 3: Details of reasons to target specific design patterns

ID Description Sample quote
R1 Reference list of (typically validated)

instances of design pattern instances
detected on a software system

“we selected patterns that were docu-
mented in the selected subject systems”
– Tool designer TD6

R2 Frequency in which a design pattern is
discussed (by either researchers or prac-
titioners) or implemented in industry

“GoF patterns are well known and
widely used in software design” – Tool
designer TD4

R3 Category assigned to a design pattern
(e.g., based on its purpose of internal
structure)

“Because [the design patterns] are rep-
resentative of the main categories/-
families of design patterns” – Tool
designer TD1

R4 Inherent difficulty in understanding the
concept or implementation of a design
pattern

“[The design patterns] are of varying
complexities” – Tool designer TD1

R5 Internal composition of a design pat-
tern implemented in the source code of
a system

“because [these design patterns] are
very similar with regard to the struc-
tural properties (classes, relations
between them)” – Tool designer TD5

of the nine tool designers surveyed, four responded “Yes”, two responded “No”, and
three did not respond this optional question. Examples of design patterns mentioned
by the tool designers who responded affirmatively include Flyweight, Interpreter, and
Iterator. We discuss below the reasons reported by responding tool designers to target
these specific design patterns in a hypothetical future implementation.

Figure 4 summarizes the reasons reported by the tool designers on that matter. We
found only two different reasons (blue rectangles with continuous borders). We labeled
the first reason asCompleteness of the tool (R1) by inferring that some respondents
aimed at completing the detection scope of the tool given a literature reference. R1
can be illustrated by the tool designer TD9 who reported that their “original goal was
to support all 23 [design patterns of the GoF’s book]”. Such interest may be due to the
prestige that the mentioned book (Gamma et al, 1995) has in the context of object-
oriented programming. We labeled the second reason as Practitioner’s demands
(R2) as suggested by the interest of designer TD5 in implementing tools for detecting
“any pattern that is relevant to a developer”.

Survey with tool designers
Question D2

Completeness 
of the tool

Practitioner’s 
demands

Reasons to support the detection of 
more design patterns

2 1

Legend: Concrete reason X Frequency

Fig. 4: Reasons to support the detection of more design patterns
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3.2 Reasons to support specific programming languages

Survey question D3: Figure 5 depicts the reasons reported by participating tool
designers to target specific programming languages. We found five concrete reasons
(blue rectangles with continuous borders), which we grouped into two general rea-
sons (white rectangles with dashed borders): Aspects of the language and Other
aspects. We annotated each reason with its frequency, i.e., the number of participants
(out of the nine tool designers) who mentioned a reason.

Survey with tool designers
Question D3

Abstraction level 
provided by the language

Language 
popularity

Reasons to choose the programming 
languages supported

3

Aspects of 
the language

Availability of 
resources

5 2
Research 

gap

1
Professional 

expertise

1

Other 
aspects

48

Legend: Concrete reason General reason X Frequency

Fig. 5: Reasons to target specific programming languages

Table 4 describes the reasons found and illustrates each reason with quotes from
the survey responses. Eight participants refer to Aspects of the language, whose
two reasons are: Abstraction level provided by the language (R1) and Lan-
guage popularity (R2). The high frequency of mentions to R2 suggests that some
participating tool designers attempted to align their work with industry trends. Still,
R1 plays an important role in deciding for performing DPD on a specific language.
On the other hand, four participants refer to Other aspects, which include the fol-
lowing reasons: Availability of resources (R3), Professional expertise (R4), and
Research gap (R5). These reasons suggest that convenience may have influenced
some design decisions reported in our sample.

Survey question D4: We asked tool designers whether they would implement
tools for detecting design patterns on systems implemented in programming languages
other than the languages already supported by their DPD tools. Out of the nine
tool designers surveyed, seven responded “Yes”, one responded “No”, and one did
not respond the question. Examples of programming languages mentioned by the tool
designers who responded affirmatively are C, C++, C#, and Python. These four
examples are among the five most popular languages (e.g., in TIOBE Index).

Figure 6 summarizes the reasons reported by participating tool designers to target
the aforementioned specific languages in an hypothetical future. We found three con-
crete reasons in total (blue rectangles with continuous borders). We labeled the first
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Table 4: Details of reasons to target specific programming languages

ID Description Sample quote
R1 Abstraction level provided by a pro-

gramming language to support the
implementation of software features

“[This language] provided the right level
of abstraction” – Tool designer TD1

R2 Frequency in which a program-
ming language is adopted by either
researchers or software developers

“[Language X] was the most popular
object-oriented programming language at
that time” – Tool designer TD2

R3 Availability of technologies compati-
ble with or designed for manipulating
a programming language

“because we had created [auxiliary tool
name], the tool we used as backend for
[our DPD tool]” – Tool designer TD5

R4 Practical experience with the use of
a programming language

“Because of my experience with [Lan-
guage X] use and [Language X] compil-
ers” – Tool designer TD5

R5 Research field yet to be addressed by
scientific research

“we were the first model to address this
research gap” – Tool designer TD4

reason as Compiler related concerns (R1), which refers to the compilation envi-
ronment available for a specific language. This reason is illustrated by the mention
to “any [...] language that has an open source, reliable, well documented and under-
standable compiler” made by tool designer TD5. We labeled the second reason as
Language popularity (R2), which can be illustrated by the mention of “any widely
used language” also made by tool designer TD5. The third reason was labeled as
Practitioner’s demands (R3), which is illustrated by a mention of “whatever lan-
guage [that] is being used by practitioners” from the response of tool designer TD1.
R2 and R3 are consistent with our interpretation that some participating designers
were aware of industry trends.

Survey with tool designers
Question D4

Compiler related 
concerns

Practitioner's 
demands

Reasons to support the detection 
in more programming languages

3 3

Legend: Concrete reason X Frequency

Language 
popularity

1

Fig. 6: Reasons to support the detection in more programming languages

3.3 Reported contexts of tool usage

Survey question D5: Figure 7 summarizes the contexts reported by participating
tool designers in which their tools have been used. We found five concrete contexts
(blue rectangles with continuous borders). Four out of the five contexts were grouped
into two general contexts (white rectangles with dashed borders): Program analysis
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and Source code changes. We annotated each context with its frequency; such
frequency is the number of participants (out of the nine tool designers) who reported a
context. We discuss below each context with sample quotes extracted from the survey
responses.

Survey with tool designers
Question D5

Feature 
enhancement

Software 
reengineering

Program 
comprehension

Integration into a code 
analysis infrastructure

Source code 
changes

Program 
analysis

Contexts in which the 
tool has been used

Proof of 
concept

2

1

2

132

5

Legend: Concrete context General context X Frequency

Fig. 7: Coding-based categorization of contexts in which tools have been used

Table 5 describes and illustrates each context reported by tool designers. Five
responses refer to Program analysis, whose contexts were labeled as: Integration
into a code analysis infrastructure (C1) andProgram comprehension (C2), the
latter being the most frequent context. Two responses refer to Source code changes,
and contexts include: Feature enhancement (C3) and Software reengineering
(C4). C3 and C4 suggest that DPD tools have been used to assist developers in making
design decisions on their systems. Finally, two responses refer to Proof of concept
(C5).

4 Results of the survey with tool users

This section reports the results of our survey with tool users. Section 4.1 presents the
contexts in which tool users would use a DPD tool. Section 4.2 discusses expected
benefits of using a tool. Section 4.3 discusses barriers that would prevent tool users
from using a tool. Lastly, Section 4.4 discusses why tool users believe that detecting
certain design pattern is worthwhile.

4.1 Potential tool use contexts

Survey question U5: Figure 8 summarizes the responses of tool users regarding
contexts in which they would consider using a DPD tool. U5 is a closed question and
each tool user could report more than one context. Tool users were also allowed to
mention additional contexts in the “Other” field, but none of our survey participants
did that. Our 28 survey participants provided us with 58 options to this question in
total. We discuss below our main observations.
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Table 5: Details of contexts in which tools have been used

ID Description Sample quote
C1 Integration of the DPD tool into

a larger code analysis infrastruc-
ture

“[A company] wanted to implement a search
engine [...] and the search engine would
fetch design pattern instances already imple-
mented in the company’s codebase [based on
the reports of our DPD tool]” – Tool designer
TD6

C2 Process of understanding the
internal code structure and exe-
cution of a software system

“[Our tool] is used to provide concrete infor-
mation for developers and technical man-
agers about the usage of design patterns in
the implemented code” – Tool designer TD4

C3 Structural or functional improve-
ment of existing software features

“[Our tool has been used for] enhancing an
existing feature or code” – Tool designer TD3

C4 Reconstruction of an entire soft-
ware system aimed at improved
quality

“The tool has been used to re-engineer sys-
tems and applications” – Tool designer TD2

C5 Prototype designed to demon-
strate the feasibility of a concept

“We wanted to demonstrate the capability [of
our DPD tool to detect design patterns]” –
Tool designer TD1

13 (76%)
12 (71%)

9 (53%)

6 (35%)

4 (37%)

9 (82%)

2 (19%)
3 (28%)

0

2

4

6

8

10

12

14

Adding a new feature to the
system

Enhancing an existing
feature or code

Removing an obsolete
feature

Fixing a bug

Student developers Senior developers

Fig. 8: Contexts in which developers would consider using a DPD tool

Regarding responses of students, more than 70% of the 17 participants reported
that DPD tools may be useful while either adding new software features (13 responses,
76%) or enhancing existing features (12 responses, 71%). Additionally, nine students
(53%) mentioned that DPD tools could help remove obsolete features, which is aligned
to the daily software development practices. Curiously, six students (35%) mentioned
bug fixing as a context in which using a DPD tool could be useful. These results are
expected if we consider the common wisdom that well-structured code can facilitate
feature addition or enhancement (Fernandes et al, 2020; Paixao et al, 2019; Santana
et al, 2024) and reduce bug-proneness (Palomba et al, 2016). Among the 11 senior
developers, feature enhancement was the most frequent context (nine responses, 82%),
followed by adding new software features (four responses, 37%), fixing bugs (three
responses, 28%), and removing obsolete features (two responses, 19%).
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4.2 Expected benefits of using a DPD tool

Survey question U6: Figure 9 summarizes the benefits expected by the tool users
from using a DPD tool. We found a total of ten concrete benefits (blue rectangles
with continuous borders), which are grouped into three general benefits (white rectan-
gles with dashed borders): Code structure, Program functioning, and Software
development. We annotated the benefits with two different frequencies: triangles
represent the frequency of senior developers who reported a specific benefit, while
diamonds represent the frequency of students who reported that benefit. We discuss
below our major findings followed by quotes from the survey responses.

Survey with potential tool users
Question U6

Software 
reuse

22

1

Software 
process 

optimization

1

Legend: Concrete benefit General benefit Y
Frequency 
(senior developers)

Z
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trouble- 
shooting
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Efficient 
software 

development
1

Support to 
reasoning about 

DP adoption
3

Program 
compre- 
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2

3

Code 
structure

4

6

Program 
functioning

3

Software 
development

1 8
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Benefits of using a 
design pattern 
detection tool

Fig. 9: Expected benefits of using a DPD tool

Table 6 describes and exemplifies with quotes each expected benefit. The coding
yielded four senior developer and six student developer mentions of Code structure,
which is related to improving the internal source code structure. The concrete benefits
in this category are: Software quality improvement (B1), mentioned by two senior
developers and five students, and Software reuse (B2), mentioned by two senior
developers and one student. Additionally, Program functioning, a category of ben-
efits associated with program functioning improvements, received one senior developer
and three student developer mentions. The concrete benefits include: Bug-related
issues (B3), mentioned by two students, and Program efficiency improvement
(B4), mentioned by one senior developer and one student. Finally, eight senior devel-
oper and eight student developer mentions were related to Software development:
Easier software maintenance (B5), mentioned by four senior developers and one
student; Efficient software development (B6), mentioned by one student; Facili-
tate trouble-shooting (B7), mentioned by one student; Program comprehension
(B8), mentioned by three senior developers and two students; Software process
optimization (B9), mentioned by one senior developer; and Support to reasoning
about DP adoption (B10), mentioned by three students.

4.3 Barriers to the use of DPD tools

Survey question U7: Figure 10 summarizes the barriers mentioned by potential
tool users as possible barriers to the adoption of DPD tools. We found a total of
ten concrete barriers (blue rectangles with continuous borders), which we grouped
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Table 6: Details of the expected benefits of using a DPD tool

ID Description Sample quote
B1 Internal quality improvement, e.g.,

via source code cleaning
“[DPD tools may help] making the code
base cleaner for new features” – Student
ST11

B2 Knowledge or source code reuse “[Using a DPD tool may help the] devel-
opment of similar applications” – Senior
developer SD4

B3 Dealing with software bugs, e.g., via
prevention or fixing

“[Using a DPD tool may help] prevent
bugs” – Student ST13

B4 Improved efficiency in terms of pro-
gram execution time

“[Using a DPD tool may lead to]
increased code velocity” – Student ST15

B5 Facilitation of software maintenance
tasks

“A benefit would be an] easy-to-maintain
source code that other people can use” –
Student ST3

B6 Improved efficiency in terms of time
spent to develop software

“[Using a DPD tool] saves time for the
developer” – Student ST4

B7 Facilitation of the monitoring and
fixing of failures, faults or defects

“[Using a DPD tool allows for] better and
more precise troubleshooting” – Student
ST6

B8 Process of understanding the internal
structure and execution of a system

“[Using a DPD tool] saves time for code
understanding” – Student ST1

B9 Adjust and improvement of the soft-
ware development processes

“[Using a DPD tool may assist] process
optimization” – Senior developer SD2

B10 Process of reasoning about benefits,
drawbacks, and challenges in adopt-
ing design patterns

“[Using a DPD tool may help to] iden-
tify [...] which design pattern to use or if
the current one used is the most appro-
priate” – Student ST4

into three general barriers: Development limitations, Tool limitations, and Tool
usage limitations. We annotated the barriers with two different frequencies: triangles
represent the frequency of senior developers who reported a specific barrier, while
diamonds represent the frequency of students who reported that barrier. We discuss
below our main findings.
Survey with potential tool users
Question U7
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Lack of tool 
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Fig. 10: Coding-based categorization of barriers to the use of DPD tools

Table 7 provides descriptions and sample quotes for each barrier. Development
limitations, which refers to barriers faced over the life cycle of a software system,
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received three senior developer and three student developer mentions. The respective
concrete barriers are: Disposable software development (B1), mentioned by one
student; Short development cycle (B2), mentioned by two senior developers and
one student; and Team disagreement to tool use (B3), mentioned by one senior
developer and one student. Tool limitations received five senior developer and six
student developer mentions as a general barrier associated with either technical or
functional limitations of the DPD tool. The respective concrete barriers include:Cost-
related issues (B4), mentioned by one senior developer and two students; Lack of
tool documentation (B5), mentioned by one senior developer and two students; Low
detection accuracy (B6), mentioned by three senior developers and one student;
and No benefit to program comprehension (B7), mentioned by one student. The
occurrences of B5 and B6 are red flags because, as our past work suggests (Moreira
et al, 2022), i) existing DPD tools are poorly documented and ii) their accuracy is
often low.

Table 7: Details of barriers to the use of DPD tools

ID Description Sample quote
B1 Development of disposable software,

e.g., proof of concept or prototype
“[I would not use a DPD tool in] a [soft-
ware] project that [...] is disposable, e.g.,
a Minimum Viable Product (MVP)” –
Student ST3

B2 Tight time to deliver software prod-
ucts

“[I would not use a DPD tool in] a
[software] project that must be quickly
completed [...], e.g., a Minimum Viable
Product (MVP)” – Student ST3

B3 Conflicting perceptions on the useful-
ness of a tool

“[Using a DPD would depend on the]
agreement of the people involved in the
[software] project” – Student ST12

B4 Costs derived from the tool adoption “[I would not use DPD] tools that are
heavy [to run]” – Senior developer SD2

B5 Poorly documented tool “[I would not use a DPD tool due to] lack
of documentation” – Student ST14

B6 Low precision and recall in the detec-
tion of design pattern instances

“[I would not use DPD tools in case I
was] not sure if the tools are good (i.e.,
high precision) for design pattern detec-
tion” – Student ST1

B7 Little or no perceived support to
understanding the internal structure
or execution of a software system

“If this tool prevents me from learning
somehow, then I would not use it” – Stu-
dent ST11

B8 Inherent difficulty of adopting a tool “[I would not use a DPD tool due to its]
learning curve” – Student ST16

B9 Development scenario in which using
the tool is inadequate or unnecessary

“not being the proper scenario [would
prevent me from using a DPD tool]” –
Student ST13

B10 Working environment does not
accommodate the use of a DPD tool

“incompatibility [of using a tool] with
[the] working environment [would pre-
vent me from using a DPD tool” – Senior
developer SD3
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Finally, six senior developer and five student developer mentions were associated
with Tool usage limitations as a general barrier. This barrier refers to limitations
that emerge while using a DPD tool, and it includes: Difficulty to use the tool
(B8), mentioned by four senior developers and four students; Inappropriate tool
use (B9), mentioned by one student; and Incompatibility with workflow (B10),
mentioned by two senior developers. The high concentration of mentions to B8 must
be stressed because, in our previous work (Moreira et al, 2022), we report our own
difficulty with configuring and running existing DPD tools. Such difficulty should be
definitely addressed by tool designers to promote the adoption of their tools.

4.4 Design patterns worth detecting

Survey question U8: We asked potential tool users to list design patterns they
considering to be worth detecting via a DPD tool. Several participants reported specific
design patterns or pattern families. Most examples still refer to GoF patterns (Gamma
et al, 1995), including Observer, Strategy, Decorator, Singleton, Composite, Visitor,
Chain of Responsibility, Command, Abstract Factory, Factory Method, State, and
Adapter. One senior developer also mentioned Dependency Injection, suggesting that
non-GoF patterns may appear in participants’ expectations even though GoF patterns
remain salient. This concentration on GoF patterns deserves a cautious interpretation
because it may reflect at least three non-exclusive factors. First, it may reflect an
educational bias: many participants were students, and GoF patterns are commonly
used as the standard introductory catalog of object-oriented design patterns. Second,
it may reflect a tool-availability or research-tradition bias, since many existing DPD
tools and studies have historically focused on GoF patterns. Third, actual industrial
relevance is also plausible because GoF patterns remain widely discussed and used in
object-oriented software development. Therefore, the responses indicate the salience
of GoF patterns among the respondents, not necessarily the irrelevance of non-GoF
or language-specific patterns.

Figure 11 summarizes the reasons that potential tool users mentioned in their
responses for automating the detection (via DPD tool) of specific design patterns. We
found a total of seven concrete reasons, which we depict with blue rectangles with
continuous borders. The white rectangle with dashed borders represents a general
reason. We annotated the reasons with two different frequencies: triangles represent
the frequency of senior developers who reported a specific reason, while diamonds
represent the frequency of students who reported that reason. We discuss below our
major findings.

Table 8 describes and exemplifies with quotes each reported reason. Five con-
crete reasons address different concerns and, therefore, were not grouped into general
reasons: Applicability to specific use scenarios (R1), mentioned by three senior
developers and one student; Difficulty of manual detection (R2), mentioned by
one student; Frequent use (R3), mentioned by one student; Potential threats
to program execution (R4), mentioned by one student; and Supporting soft-
ware flexibility (R5), mentioned by one senior developer. Additionally, Software
maintenance is the only general reason and it received mentions from two senior
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Fig. 11: Coding-based categorization of reasons for detecting specific patterns

developers and one student. This general reason covers two concrete reasons: Ben-
efit to code cleaning (R6), mentioned by one student, and Benefit to program
comprehension (R7), mentioned by two senior developers.

Table 8: Details of reasons why detecting specific patterns is worthwhile

ID Description Sample quote
R1 Implementing a design pattern fits

a specific development context
“if it’s meaningful in the situation and the
context that I am [working on], then it’s
worth [detecting a design pattern through a
tool]” – Student ST11

R2 Manually detecting a design pat-
tern is challenging if not unfeasible

“[These design patterns] are useful but may
be hard to [manually] identify” – Senior
developer SD3

R3 A design pattern is frequently
implemented in a given system

“because I use [these design patterns] more
often” – Student ST3

R4 Implementing a design pattern
may harm the program execution

“[This design pattern] may cause prob-
lems in larger programs due to the use of
threads” – Student ST12

R5 Implementing a design pattern
supports software flexibility

“Structural design patterns [...]
help to keep the software flexible”
– Senior developer SD5

R6 Implementing a design pattern
favors code cleaning

“[These design patterns] contribute to a
cleaner code” – Student ST3

R7 Implementing a design pattern
helps understand the code struc-
ture and software execution

“[This design pattern] would facilitate the
comprehension of other developers’ code” –
Senior developer SD2

5 Study implications

Implication 1: Technical support may help expand the coverage of existing DPD tools
– Responses from our first survey suggest that participating tool designers seek to
propose DPD tools that can be perceived as useful in industry settings. Mentions
to covering multiple categories of design patterns (Figure 3), as well as the focus on
popular programming languages (Figure 5), support this claim. Still, survey responses
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also suggest an opportunistic choice for design patterns to detect based on technical
limitations. Examples of limitations are the inherent complexity of detecting certain
patterns and the availability of technologies to manipulate source code implemented
in a given language. It could be that such lack of technical support is preventing
some tool designers from covering more patterns and languages with their tools. Thus,
we suggest that researchers and practitioners join forces to address these technical
limitations in future work.

Implication 2: Detection accuracy should be treated as a priority while propos-
ing DPD tools, alongside the variety of detectable design patterns – Some responses
to our first survey (Figure 3) explicitly mention the GoF’s book (Gamma et al,
1995) as a reference to design patterns implementation. Thus, some participating tool
designers could justify their interest in completing their tools to detect as many GoF
patterns as possible (Figure 4). The fact that users also named only GoF patterns
should be read together with the possible educational, tool-availability, and industrial-
relevance explanations discussed in Section 4.4. However, responses to the second
survey stress that DPD is worthwhile, e.g., when a specific design pattern is frequently
implemented in their systems and difficult to manually detect (Figure 11). Moreover,
potential tool users mentioned that low detection accuracy may prevent them from
using a tool (Figure 10). This result is quite interesting because, as our previous work
revealed (Moreira et al, 2022), the accuracy of existing DPD tools is often low or
insufficient. Our results suggest that detection accuracy should receive priority atten-
tion in the proposal of novel tools, while still considering pattern coverage. Section 6
of our previous work (Moreira et al, 2022) provides hints on how to address at least
partially the existing accuracy issues (precision specifically).

Implication 3: There may be a demand for DPD tools compatible with popular
programming languages to be addressed – Several participating tool designers expressed
interest in supporting DPD on systems implemented in very popular programming lan-
guages such as C# and Python (Section 3.2). Curiously, our literature review (Moreira
et al, 2022) catalogs only three tools compatible with at least one of these languages,
e.g., Philippow et al. (Philippow et al, 2005) for C++ systems. More critically, none of
these tools were publicly available for download during the execution of our previous
work (Moreira et al, 2022). Together, these responses and our previous literature review
suggest that there may be an unmet demand for tools targeting popular languages.
Future work could investigate and address such demand in industry.

Implication 4: The proposal of DPD tools should consider that DPD is only
part of a broader software development life cycle – Some participating tool designers
reported awareness of their tools being used in program comprehension and integrated
with code analysis infrastructures (Figure 7). This finding meets the users’ perceptions
of tools as facilitators of program comprehension (Figure 9). However, our second
survey reveals other expected benefits of using a tool, e.g., facilitate bug fixes and
the addition or enhancement of software features (Table 6). This finding suggests that
DPD tools can be used with more complex intents in mind when compared to the pure
program comprehension. These responses suggest that tool designers may consider this
observation when proposing tools, so that DPD tools could be integrated with other
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tools, e.g., for bug fixing or feature enhancement. This could improve the expected
usefulness of DPD tools from the viewpoint of tool users.

Implication 5: Documentation of DPD tools should be significantly improved for
the sake of tool usefulness – Our second survey revealed that the difficulty to use
the tool and its incompatibility with the working environment may prevent tool users
from adopting a DPD tool (Figure 10). It is important to note that this implication
emerged from both student and senior developers, since difficulty to use the tool was
mentioned by four participants in each group. However, this observation is critical if
we consider that we as experts had difficulty to configure and run some of the tools
empirically assessed in our recent work (Moreira et al, 2022). For student developers,
limited professional and tooling experience may still act as a confounding factor, poten-
tially amplifying the perceived difficulty of using DPD tools. Additionally, potential
tool users mentioned that the lack of tool documentation plays an important role in
discarding a DPD tool. We also reported in our previous literature review that exist-
ing DPD tools are poorly documented, which makes the experience of using a DPD
tool even more negative. Thus, future DPD tool work should pay careful attention to
tool documentation.

6 Discussion

The two surveys provide complementary views of DPD tools. The survey with tool
designers helps to explain why DPD tools support certain design patterns and pro-
gramming languages, while the survey with potential tool users helps to clarify the
contexts in which such tools may be useful, the benefits expected from them, and the
barriers that may prevent their adoption. Therefore, we investigate not only whether
tool designers and tool users mention similar topics, but also whether the rationale
behind tool construction matches the practical expectations behind tool adoption.
Table 9 summarizes the main points of convergence and observed gaps between both
groups. The comparison should be read as an analytical synthesis of our qualitative
findings rather than as a statistical comparison, since the two surveys involved different
participant groups, different questions, and exploratory samples.

Table 9: Convergences and gaps between tool designers and tool users

Topic Convergence Observed gap
Design patterns Focus on GoF patterns Users value practical detectabil-

ity and maintenance relevance,
not only catalog coverage

Programming
languages

Popular languages are
considered relevant by
both sides

Designers are constrained by
technical infrastructure and
available resources

Use contexts Program comprehension
and feature enhance-
ment appear in both
perspectives

Users frame DPD tools as part
of broader maintenance and
evolution activities

Adoption Both groups recognize
technical limitations

Users emphasize documenta-
tion, accuracy, usability, cost,
and workflow fit
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The comparison between tool designers and tool users suggests a partial, rather
than absolute, mismatch. Both groups converge on the relevance of well known design
patterns, especially GoF patterns, and on maintenance related contexts, such as pro-
gram comprehension and feature enhancement. However, this convergence should be
interpreted carefully. GoF patterns may appear prominently because they are widely
documented, commonly taught, and frequently used as a shared vocabulary for dis-
cussing design patterns. Therefore, their dominance does not necessarily imply that
non-GoF, language specific, or framework specific patterns are irrelevant. The main
difference lies in how each group frames the value of DPD tools. Tool designers tend
to justify tool scope through aspects such as pattern popularity, catalog coverage,
pattern structure, detection feasibility, language popularity, and availability of tech-
nical resources. These are legitimate concerns for building DPD tools. Tool users, in
contrast, evaluate usefulness in terms of concrete development tasks, such as feature
enhancement, maintenance, program comprehension, bug fixing, and reasoning about
design pattern adoption. Thus, supporting more patterns or more languages does not
automatically make a DPD tool useful; detection becomes valuable when it supports
practical software engineering work.

A similar issue appears in programming language support. Designers reported
awareness of language popularity and practitioners’ demands, but their choices are
also constrained by compiler support, available resources, and prior expertise. Mean-
while, users reported daily use of languages such as JavaScript, C#, Java, and Python
(Figure 1a). This observation suggests that a mismatch may emerge even when design-
ers recognize user needs, because the languages most relevant to developers may not
be the easiest ones for implementing robust DPD tools.

The clearest mismatch concerns adoption barriers. Designers mainly report
constraints related to tool construction, such as pattern complexity, language infras-
tructure, and resource availability. Users, however, emphasize barriers related to
tool adoption, including difficulty of use, lack of documentation, low detection accu-
racy, cost-related issues, inappropriate use scenarios, and workflow incompatibility
(Figure 10). This distinction is important: a technically sophisticated DPD tool may
still have limited practical impact if developers cannot easily configure it, trust its
results, or integrate it into their workflow.

Overall, DPD tools should be evaluated not only by detection scope, supported
languages, or accuracy, but also by their usefulness in realistic development tasks.
Future tools should make detection results actionable for maintenance, comprehension,
feature evolution, bug investigation, and design decision assessment. Otherwise, DPD
tools may remain technically relevant but weakly aligned with developers’ practical
needs.

7 Threats to validity

We discuss below threats to the validity of our study. For this purpose, we rely on
strict guidelines for experimentation in software engineering (Wohlin et al, 2012).

Construct validity concerns whether the operationalization of the study ade-
quately reflects the intended theoretical constructs. We carefully defined our study
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goal and RQs (Section 2.1) based on multiple iterations of meetings with all coau-
thors of this paper. We then expected to avoid defining a weak goal, one that could
not lead to insightful findings on the design and usefulness of DPD tools. Addition-
ally, we relied on strict literature guidelines for conducting online surveys in software
engineering (Punter et al, 2003). We aimed to keep the questions short and simple,
thereby reducing, but not eliminating, the risk of misunderstanding when responding
to the surveys. However, the data collected in our study are self-reported, which may
introduce subjectivity in participants’ responses. We reviewed our survey structure
(Section 2.2) in multiple discussion sessions with all coauthors of this paper. Neverthe-
less, we did not document a formal pilot test of the questionnaire before data collection.
Therefore, some questions may have been interpreted differently by participants, and
this limitation should be considered when interpreting the reported perceptions and
the codes derived from open-ended answers. Although some DPD tools were proposed
many years ago, publication age is not itself a threat to the exploratory goal because
the study intentionally relies on a systematic catalog covering two decades of DPD
tools; the specific risk is that respondents may be subject to memory biases or ret-
rospective rationalization when reporting past design decisions. None of the survey
questions has changed once we forwarded the surveys to participants.

Internal validity concerns whether aspects of the study execution may have
influenced the data collected. To recruit as many participants as possible to our first
survey (Section 3), we used the full list of authors of the 42 DPD tools found in our
literature review (Moreira et al, 2022). Thus, we expected to avoid selection biases
regarding the participation of DPD tool designers with specific viewpoints. We waited
two months for responses so that tool designers could comfortably answer all survey
questions. Nevertheless, participants may have interpreted some survey questions dif-
ferently, potentially affecting their responses. Regarding our second survey (Section 4),
we opted to recruit tool users via broadcasting on WhatsApp groups, which are popu-
lar in Brazil, and one Software Engineering class. Because the WhatsApp recruitment
relied on reachable Brazilian social and professional networks rather than on a con-
trolled sampling frame, the sample composition may have been influenced by local
community structure, peer forwarding, and the kinds of developers connected to these
groups. Differences in participants’ backgrounds and experience levels may also have
influenced how questions were understood and answered. We waited one month for
responses, which was long enough at least for the students who are potential tool users.

Conclusion validity is associated with the data analysis procedures. As dis-
cussed in Section 2.4, we relied on strict guidelines to analyze our open survey
questions (Cruzes and Dyba, 2011; Stol et al, 2016). Combined with our previous expe-
rience in analyzing quantitative and qualitative data (Nascimento et al, 2021; Oliveira
et al, 2020), the literature support was essential to guide the survey data analysis.
The first and second paper authors of this paper had multiple meeting sessions to dis-
cuss disagreement and reach consensus. Thus, we expected to reduce human biases in
both code extraction and coding-based categorization construction. However, we did
not compute quantitative inter-coder agreement measures, such as Cohen’s kappa or
Krippendorff’s alpha, and we did not systematically report the number of disagree-
ments resolved during consensus meetings. This limits the transparency of the coding
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reliability assessment, even though disagreements were discussed among the authors
until consensus was reached. For the closed questions, we simply computed descriptive
statistics (Wohlin et al, 2012).

External validity is related to the potential generalization of our study find-
ings. Regarding our first survey, designers of only nine of the 42 DPD tools (21.4%)
responded our invitation (Section 2.3). This low response rate limits representative-
ness; tool age mainly helps explain recruitment difficulty and possible recall bias,
not a weakness in the catalog itself. Thus, the first survey categorizations, implica-
tions, and frequencies should be read as descriptive evidence from respondents, not
as population-level prevalence estimates. Across both surveys, categories with one
or two mentions should be interpreted as isolated or low-frequency mentions rather
than robust recurring patterns, and are reported only to preserve response diversity.
Regarding the second survey, we managed to recruit 17 students and 11 senior devel-
opers. Although this sample is not balanced, it is based on convenience and shaped by
Brazilian WhatsApp networks and one Software Engineering class. Since we did not
characterize each dissemination group, the results should be interpreted as context-
bound rather than representative of developers across countries, corporate settings,
or open-source communities. Before using WhatsApp, we also contacted 200 active
contributors of GitHub3 projects over two months, but received no responses. Future
replications with larger and more diverse samples are needed.

8 Related work

To the best of our knowledge, this paper presents the first survey-based study designed
for capturing the perceptions of tool designers and tool users on DPD tools. Thus,
we could not directly compare our study data with data reported by past surveys.
Still, we found a few survey- or interview-based studies (Ribeiro et al, 2024; Zhang
et al, 2024; Hasan and Ahammed, 2025; Sharma et al, 2023; Yu et al, 2024; Gan
et al, 2025; Pomian et al, 2024; Ciniselli et al, 2023) on the expected usefulness of
software development tools other than DPD tools (which is similar to the purpose of
our RQ2)). As discussed in Section 2.1, these studies stress the need for understanding
an eventual mismatch between the viewpoints of tool designers and tool users. After
discussing some empirical studies on design patterns (Nazar et al, 2022, 2023), we also
draw parallels between the discussions provided in our paper and those provided by
previous survey studies.

Recent papers have proposed and evaluated DPD tools (Mzid et al, 2024; Nazar
et al, 2022, 2023). We have not invited the designers of these recently proposed DPD
tools to participate in our survey because their respective papers were published after
our reference literature review (Moreira et al, 2022). However, these related papers
highlight recent trends in design pattern detection. For instance, Nazar et al (2022)
proposed a design pattern detection tool that creates a semantic representation of
Java source code using the code features. It then applied Word2Vec to construct the
word-space geometric representation of the source code. In their evaluation, the pro-
posed tool outperformed two previous DPD tools: FeatureMaps and MARPLE-DPD.

3https://github.com/
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In another work, Nazar et al (2023) developed an online tool, named CodeLabeller, to
provide an approach for labeling Java source code files with their respective design pat-
terns. In a survey with 25 design pattern experts, participants considered the tool easy
to use after annotating the corpus of source code files for supervised machine learning
classifiers. Unlike these related works, we do not propose a DPD tools although our
results may be considered useful for future tool proposals.

Code and test smells research has explored developers’ perceptions and expecta-
tions towards software implemented for detecting and managing such problems. For
instance, Ribeiro et al (2024) presented a qualitative interview study with 7 indus-
try developers on practitioners’ perceptions of code smells and the use of code smell
detection tools. Their findings suggest that code smells are important, developers
understand their significance, and employ detection tools in this context. However,
adoption is constrained by the configuration effort, organizational culture, and low pri-
ority level. In a similar direction, both Hasan and Ahammed (2025) and Sharma et al
(2023) discussed the connections between developers’ perceptions and empirical evi-
dence in the context of quality problems in tests. The results of these studies suggest
that developers perceive some testing-related issues to be particularly troublesome
in some cases, even if empirical assessments do not always support that perspec-
tive, showing that there is a potential misalignment between practitioner views and
evidence-based knowledge in terms of empirical verification.

Focusing on survey and interview studies with software developers, one close related
work was performed by Zhang et al (2024). This empirical study collected evidence
by interviewing 10 software experts and surveying 310 software practitioners. Their
goal was to examine developers’ intentions for code smell detection tools and the
degree of alignment with current practice. This study indicated that practitioners
demand tools that are context-aware, easy to use, efficient, and practically useful,
while development work focuses largely on examining detection accuracy. Our results
confirm the misalignment between practitioners’ expectations and tool designers also
observed by Zhang et al (2024). Furthermore, although we were inspired and followed
the same spirit and motivation of Zhang et al (2024) work, we focus on design patters
while their work investigated code smell detection.

In the context of software testing, Yu et al (2024) also investigated practition-
ers’ beliefs about test case generation. Their work explored developers’ expectations
regarding automated test generating tools using 13 practitioners and a survey of 339
practitioners. Results reveal some developers have concerns regarding the existing tools
such as complexity of handling scenarios, multiple platform capabilities and reliabil-
ity of tests, indicating a gap between what researchers propose and what practitioners
need. In another study, Gan et al (2025) explored developers’ perceptions regarding
integrating UI testing frameworks into CI/CD pipelines in open-source projects. This
work included a survey with 94 developers and interviews with 18 practitioners. The
results list several major challenges, including flaky tests, environment inconsistencies,
slow execution, and difficulties in defining testing strategies.

Both Pomian et al (2024) and Ciniselli et al (2023) examined developers’ perspec-
tives on software development tools designed to support programming tasks, stressing
the alignment of the tool capabilities with what users require and expectations. Pomian
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et al (2024) blended LLM ideas and IDE capabilities to improve refactoring support
with static analysis and IDE options. The strategy was validated through surveys with
16 industrial developers. On a different direction, Ciniselli et al (2023) explored prac-
titioners’ expectations for code recommendation systems through a survey with 80
developers. Results of their study include a taxonomy of 70 requirements that should
be considered when designing code recommender systems. Our work also presents
a coding-based categorization to be considered by designers of DPD tools. Further-
more, similar to our work, their findings illustrate the need for the consideration of
practitioner feedback when creating developer-supporting tools.

Overall, previous studies have demonstrated the critical role of developers’ atti-
tudes and desires in designing software-based resources and that they frequently
experience issues with the correspondence between research output and practitioner
requirements. Our study has deepened this scope of investigation, concentrating on
DPD tools, taking into account the viewpoints of both tool developers and potential
tool users. Our findings reveal coding-based categorizations of contexts in which devel-
opers could use these tools (Figure 8), anticipated advantages (Figure 9), and obstacles
(Figure 10). Furthermore, we present a coding-based categorization of reasons why
identifying certain design patterns is useful (Figure 11), supporting exploratory
knowledge for designing future DPD tools to better fit practitioner expectations.

9 Final remarks

This paper introduced an empirical study aimed at capturing the perceptions of tool
designers and potential tool users on DPD tools. We carefully conducted two online
surveys based on strict literature guidelines (Punter et al, 2003). Our first survey
(Section 3) invited designers of 42 DPD tools and obtained responses from designers of
nine tools, providing initial evidence about the rationale behind the proposal of DPD
tools to detect specific design patterns in specific programming languages. Our second
survey (Section 4) targeted both students and senior developers who are potential
tool users. We computed descriptive statistics and relied on strict guidelines (Cruzes
and Dyba, 2011; Stol et al, 2016) for performing open coding and the generation of
coding-based categorizations.

Taken together, the two surveys provided complementary but non-generalizable
evidence about a partial mismatch between DPD tool construction and DPD tool
adoption. Participating tool designers and potential tool users converged on the rel-
evance of well known design patterns and maintenance-related contexts, especially
program comprehension and feature enhancement. The prominence of GoF patterns
should be interpreted cautiously, since it may reflect education, documentation, and
shared vocabulary as much as industrial relevance. However, designers tended to jus-
tify tool scope through pattern coverage, detection feasibility, language popularity, and
technical resources, whereas users evaluated usefulness through concrete development
tasks, such as maintenance, bug investigation, feature evolution, and reasoning about
design decisions. Thus, supporting more patterns or more programming languages is
not sufficient by itself; DPD tools become useful when detection results are actionable
in realistic software engineering work.
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The most visible gap concerns adoption barriers. Even technically sophisticated
DPD tools may have limited practical impact if developers cannot configure them,
trust their results, or integrate them into their workflows. Therefore, future DPD tools
should be evaluated not only by detection scope, supported languages, or accuracy,
but also by documentation quality, usability, workflow fit, and support for practical
maintenance and evolution tasks. As future work, we also plan to revisit the structure
of design patterns reported by tool users as relevant and investigate detection strategies
that improve both accuracy and practical usefulness not only of GoF patterns but also
of other software patterns (Figueiredo et al, 2009).
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