Recursive Journal of Informatics Recursive Journal of
Vol. 4, No. 2, September 2026 |I‘If0l'matICS

p-ISSN 2963-5551 https://journal.unnes.ac.id/journals/rji e-ISSN 2986-6588

A Comparative Analysis of the Effectiveness and Efficiency of Manual
and Automated Testing in Software Quality Assurance

Amara Seviany Agustin', Nuur Wachid Abdul Majid'*, Md Baharuddin Bin Abdul Rahman?

'Information Systems and Technology Education, Universitas Pendidikan Indonesia, Bandung, Indonesia
*Pusat Pengkajian Ilmu Pendidikan, Universiti Sains Malaysia, 11800 Minden Penang, Malaysia

Abstract

Purpose: This study aims to examine respondents’ perceptions of the effectiveness, bottlenecks, and reliability of
automated and manual testing, as well as their perceived contributions to bug detection and software product quality.
Methods/Study design/approach: This study employed a quantitative survey approach involving 105 respondents
selected through purposive sampling. The questionnaire used a five-point Likert scale. Method-specific analyses
involved 90 respondents for each testing approach, while the comparative analysis involved 75 respondents experienced
in both methods. Data were analyzed using descriptive statistics, the Wilcoxon Signed-Rank Test, and the Friedman
Test.

Result/Findings: Automated testing received positive assessments for regression testing and repetitive execution
(88.9% agreement), while manual testing received positive assessments for UI/UX evaluation and complex test
scenarios (81.1% agreement). Respondents identified script maintenance and debugging as automated-testing
bottlenecks, whereas manual-testing challenges included execution time, test coverage, documentation maintenance,
and sprint time constraints. Flaky tests and human error were also reported as reliability concerns. Among respondents
experienced in both methods, 88.0% agreed that automated testing was more accurate in detecting repetitive functional
bugs, while 89.3% agreed that combining both approaches could help prevent escaped defects.
Novelty/Originality/Value: This study provides a perception-based evaluation of automated and manual testing across
effectiveness, bottlenecks, and reliability. The findings suggest that respondents perceive complementary roles for the
two approaches, with automated testing positively assessed for repetitive activities and manual testing for exploratory
and interface-related evaluation. These insights may inform software-testing strategies, although actual defect detection
performance and software product quality were not directly measured.
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INTRODUCTION

The speed of digital system distribution has become a necessity, but accelerating the release cycle will be
counterproductive if functional stability and product quality assurance are marginalized [1], [2] . To
maintain a balance between release acceleration and system reliability, testing and quality control play an
essential role. Software Quality Assurance (SQA) plays a crucial role that focuses not only on functional
defect detection but also implements a systematic damage prevention mechanism before the system is
deployed to the production environment [3], [4] . To realize this quality assurance role, software testing
activities become the main operational instruments executed. In current industrial practices, the two main
approaches most used to evaluate software quality are manual testing and automated testing [5], [6] .

Manual testing, particularly through the exploratory testing approach, provides profound advantages in
evaluating intuitive aspects such as user interface and user experience (UI/UX), as well as handling dynamic
and complex test cases [7], [8] . However, as the application scale and sprint iteration frequency increase,
manual testing faces major challenges related to time efficiency, result consistency due to potential human
error, and high resource dependency when executing tests repetitively [9], [10] .

On the other hand, automated testing emerges as a primary solution to accelerate regression testing and
repetitive test execution within the Continuous Integration and Continuous Deployment (CI/CD) scheme
[11],[12], [13] . Despite offering execution speed, the implementation of this automation faces significant
technical challenges [14] . Designing, debugging, and maintaining the test suite as the application evolves
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demand substantial time and effort [15] . Additionally, there is a risk of flaky tests, which are inconsistent
test failures without any modifications to the source code [16], [17], [18], [19] . These challenges may
create bottlenecks in the software release process, particularly when organizations rely exclusively on one
testing approach [20], [21].

A few researchers have focused on the individual benefits and technical challenges of either manual or
automated testing independently. However, there have been limited studies concerned with
comprehensively and empirically comparing the effectiveness, efficiency, and bottlenecks of both methods
concurrently within an agile software development environment. Therefore, this research intends to bridge
this gap by empirically evaluating the comparative performance of these two testing methods. The
objectives of this research are specifically categorized into three main focuses: (1) to analyze the
effectiveness, bottlenecks, and reliability of Automated Testing implementation; (2) to analyze the
effectiveness, bottlenecks, and reliability of Manual Testing implementation; and (3) to compare the
effectiveness of both methods in detecting bugs to prevent escaped defects in the production environment.

Through this survey-based quantitative approach, the research results are expected to provide theoretical
contributions by enriching the literature regarding software testing evaluation. Furthermore, this study aims
to offer practical guidelines for QA Engineers, Test Leads, and software developers in determining the most
optimal and efficient proportion of manual and automated testing implementation [22] .

METHODS

This study employed a quantitative approach using a survey method to obtain and analyze data
systematically. The use of questionnaire-based surveys is one of the approaches that can be utilized in
quantitative research to collect and analyze data in a structured manner [23] . In the context of software
testing, surveys of practitioners have been used to identify perceptions regarding the factors that influence
test flakiness [24] . Furthermore, research on testing practitioners indicates that the manual testing process
can be evaluated based on aspects such as fault detection likelihood, test feedback time, and test creation
effort [25], [26] . Meanwhile, in automated testing, effective automation strategies, a good testing
environment, and test script quality are among the practices related to improving test automation maturity
[27], [28] . Based on these foundations, this study measures the perceptions and experiences of practitioners
regarding the effectiveness, efficiency, bottlenecks, and reliability (flakiness) in the implementation of
manual testing and automated testing.

The target population of this study comprised two main groups: technology industry practitioners, including
QA Engineers, QA Analysts, Test Leads, and Software Developers who perform self-testing, as well as
academics or students from information technology-related fields with direct experience in software testing.
Respondents were recruited using a non-probability sampling technique with a purposive sampling
approach to ensure their relevance to the research objectives. Purposive sampling has also been applied by
Lima et al. [29] in a survey involving software-testing professionals, while Cui et al. [30] examined
participant selection in crowdsourced software-testing activities.

Respondents were selected based on their practical experience in designing or executing manual test cases
or automated test scripts and their direct involvement in software development and testing activities,
particularly within sprint or Agile environments. This approach aligns with Rainer et al. [31], who
emphasized the importance of recruiting appropriate and credible participants in empirical software
engineering research. The inclusion of academic and industry participants is also consistent with Barraood
et al. [32], who involved both groups in research concerning test case quality in Agile environments. A total
of 105 respondents participated in this study, comprising 15 respondents experienced exclusively in
automated testing, 15 experienced exclusively in manual testing, and 75 experienced in both approaches.
Accordingly, the automated-testing and manual-testing analyses each included 90 eligible respondents,
while the comparative analysis involved 75 respondents with experience in both methods.

Data collection was conducted through an online questionnaire distributed using Google Forms. The
questionnaire employed a five-point Likert scale, ranging from 1 (Strongly Disagree) to 5 (Strongly Agree),
to measure respondents’ perceptions of manual and automated testing. The use of a five-point Likert scale
in software-testing research was also applied by Barraood et al. [32] in their investigation of test case quality
in Agile environments.
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The questionnaire was adapted from the study by Haas et al. [26], which investigated manual and automated
testing processes in industrial practice. The original instrument consisted primarily of process-oriented
questions concerning testing activities, test suite execution and maintenance effort, operational bottlenecks,
and flaky test cases. In the present study, relevant questions were selected, reformulated into declarative
statements, and adjusted to the research objectives and five-point Likert response format. These
modifications enabled respondents to express their level of agreement with statements concerning testing
effectiveness, operational challenges, and reliability rather than providing the descriptive process
information requested in the original questionnaire.

The automated-testing items were adapted from questions concerning automated test activities, test suite
maintenance effort, process bottlenecks, and flaky automated test cases. The testing-activity question was
reformulated to assess the perceived effectiveness of automation for regression testing and repetitive
execution. The maintenance-effort question was adapted to assess the time and effort required to maintain
automated test scripts, while the general bottleneck question was specified to address difficulties in
designing and debugging scripts. The original question concerning flaky automated test cases was
reformulated into a statement about inconsistent test results. For manual testing, questions concerning
manual test activities, the overall test suite, execution cycles, maintenance effort, and process bottlenecks
were adapted into statements addressing exploratory testing for UI/UX and complex cases, difficulty
achieving full test coverage, relative execution time, test case documentation maintenance, and time
constraints during sprints. The indicator concerning human error was developed for the present study to
assess a potential source of inconsistent manual-testing results; it was not treated as a direct reproduction
of the original question concerning flaky manual test cases. In addition, the two comparative items
concerning repetitive functional bug detection and the perceived contribution of combining both testing
methods to preventing escaped defects were developed specifically to address this study’s comparative
research objective. The adapted and newly developed questionnaire items are presented in Table 1.

Table 1. Adaptation of the Testing Evaluation Questionnaire

Category Aspect / Indicator Questionnaire Item
Effectiveness Automated testing is highly effective in handling regression
testing activities and repetitive test execution on applications.
Efficiency Maintaining automated test scripts (test suite maintenance)
Automated . Lo
. requires high time and effort when feature/code changes occur.
Testing S . .
Evaluation Bottleneck The process of designing an_d debugging automated test scripts
often becomes a bottleneck in smooth feature releases.
Reliability Automated test scripts in our project frequently produce
inconsistent reports or often fail (flaky test cases).
Manual Testing  Effectiveness Manual exploratory testing is much more effective in evaluating
Evaluation user interfaces (UI/UX) and complex UI cases.
Efficiency (Scope) Executing the entire scope of test scenarios manually in every
release cycle is very difficult and consumes a lot of resources.
Efficiency (Time) The time required to complete all manual scenarios is relatively
longer compared to automated testing.
Efficiency Maintaining and updating manual test case documents (test
(Maintenance) cases) requires high time and effort.
Bottleneck The limited execution time for manual testing often becomes a
major bottleneck in sprints.
Reliability Manual testing is susceptible to potential human errors, which
cause execution results to be less consistent.
Bug Detection Automated testing is more accurate in detecting repetitive
Overall functional bugs compared to manual testing.
Effectiveness Defect Prevention The combination of manual and automated methods can
Comparison significantly prevent bugs from escaping into the production

environment (escaped defects).

The questionnaire items were subjected to expert review by the research supervisor to assess their suitability
for the research objectives and the software-testing context. Internal consistency was subsequently assessed
using Cronbach’s alpha for the two multi-item bottleneck groups. The reliability results are presented in
Table 2. Both groups demonstrated acceptable internal consistency, with Cronbach’s alpha values of 0.777
for automated-testing bottlenecks and 0.915 for manual-testing bottlenecks. Cronbach’s alpha was not
calculated for the single-item indicators or the two comparative statements, as they assess distinct aspects
of testing. Therefore, the reported reliability coefficients apply specifically to the two bottleneck groups
rather than to the questionnaire.
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Table 2. Internal Consistency Reliability of the Bottleneck Indicators

. Number of . Cronbach’s Corrected Item-
Indicator Group Items ValidN Alpha Total Correlation
Automated Testing Bottlenecks 2 90 0.777 0.636
Manual Testing Bottlenecks 4 90 0.915 0.793 — 0.821

The collected quantitative data were processed using statistical analysis software. Descriptive statistical
analysis was used to summarize the data through mean values, medians, standard deviations, percentages,
and frequency distributions. Since the questionnaire responses were measured using a five-point Likert
scale, nonparametric statistical tests were applied for inferential analysis. The Wilcoxon Signed-Rank Test
was used to determine whether respondents’ assessments of the effectiveness and reliability of Automated
Testing and Manual Testing differed significantly from the neutral value of 3. The Wilcoxon Signed-Rank
Test was also used to compare the two bottleneck indicators of Automated Testing. Meanwhile, the
Friedman Test was used to compare the four bottleneck indicators of Manual Testing because the indicators
were assessed by the same respondents. For the comparative analysis, the Wilcoxon Signed-Rank Test was
used to evaluate respondents’ assessments of the superiority of Automated Testing in detecting repetitive
functional bugs and the ability of combining Automated Testing and Manual Testing to prevent escaped
defects. All hypothesis tests were conducted at a 5% significance level (o= 0.05).

RESULT AND DISCUSSION

Respondent Profile

This study involved a total of 105 respondents with diverse backgrounds in software development and
testing. The respondents comprised 15 individuals with experience exclusively in automated testing, 15
with experience exclusively in manual testing, and 75 with experience in both methods. Based on this
composition, the automated-testing and manual-testing analyses each included 90 eligible respondents,
whereas the comparative analysis involved only the 75 respondents experienced in both approaches. The
respondent profile was further analyzed based on professional roles, length of involvement in software
testing, organizational characteristics, and testing methods experienced.

Respondent Profile Based on Role

The respondent profile distribution is presented in Figure 1.
Software Developer

Test Lead

Al Engineer

QA Analyst
18.1%

QA Engineer

IT Student

Figure 1. Respondent Profile Distribution

As illustrated in Figure 1, the respondents are predominantly comprised of QA Engineers (30.5%) and IT
Students (29.5%), followed by QA Analysts (18.1%). This composition indicates that the majority of the
participants are directly and actively engaged in software development and testing activities. The inclusion
of respondents holding positions from QA Analysts to Test Leads provides a comprehensive perspective
across various levels of involvement and strategic decision-making in the software testing lifecycle.

Respondent Profile Based on Organizational Characteristics

Respondents’ organizational characteristics were analyzed based on the institutional affiliations reported in
the questionnaire. The organizations were classified into two categories: higher education institutions and
companies or corporate organizations. As presented in Table 3, 65 respondents (61.90%) were affiliated
with companies or corporate organizations, while 40 respondents (38.10%) were affiliated with higher
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education institutions. This distribution provides an overview of the organizational backgrounds
represented in the sample and helps contextualize respondents’ perceptions of manual and automated
testing.

Table 3. Respondent Distribution by Organizational Type

Organizational Type Frequency  Percentage
Higher Education Institutions 40 38,10%
Companies / Corporate Organizations 65 61.90%
Total 105 100%

Respondent Profile Based on Length of Involvement in Software Testing
The respondent distribution by length of involvement is presented in Table 4.

Table 4. Respondent Profile Based on Length of Involvement
Length of Involvement  Frequency  Percentage

<1 year 26 24.76%
1 -3 years 37 35.24%
3 - 5years 12 11.43%
> 5 years 30 28.57%

The distribution in Table 4 demonstrates that this study incorporates participants with a highly diverse range
of experience. It encompasses entry-level testers (under one year) to highly experienced practitioners (over
five years). This diverse level of expertise ensures that the study captures robust perceptions based on
varying degrees of exposure to software testing challenges and environments.

Respondent Profile Based on Experienced Testing Methods
The respondents’ experience with different software testing methods is presented in Table 5.

Table 5. Respondent Profile Based on Experienced Testing Methods

Testing Method Frequency  Percentage
Automated Testing Only 15 14.29%
Manual Testing Only 15 14.29%
Both Methods 75 71.43%

The vast majority of respondents (71.43%) possess hands-on experience utilizing both automated and
manual testing methods. The predominance of participants with dual-method experience is highly relevant
to the study's core objective, particularly in facilitating a valid comparative analysis.

Analysis of Automated Testing Implementation

The automated-testing analysis was conducted using responses from 90 participants with relevant
experience, comprising 15 respondents experienced exclusively in automated testing and 75 respondents
experienced in both automated and manual testing. This analysis focused on respondents’ perceptions of
automated testing effectiveness, operational bottlenecks, and reliability.

Effectiveness of Automated Testing

Descriptive statistical analysis reveals that the effectiveness of automated testing for regression testing and
repetitive execution yielded a mean score of 4.33 (SD = 1.071). A total of 27 respondents (30.0%) agreed,
and 53 respondents (58.9%) strongly agreed. Consequently, an overwhelming 88.9% of respondents
provided a positive assessment of automated testing's efficacy in these scenarios, aligning with findings on
automated UI validations [33] . Furthermore, the Wilcoxon Signed-Rank Test demonstrated a highly
significant result (Z = -7.002, p < 0.001). Statistically, 80 respondents scored above the neutral threshold
(3), confirming that practitioners significantly acknowledge the superiority and effectiveness of automated
testing for regression.

Bottlenecks in Automated Testing
The indicators used to assess bottlenecks in automated testing are presented in Table 6.
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Table 6. Indicators of Bottlenecks in Automated Testing

. . Std. Agree +
Bottleneck Indicator Mean Median Deviation _ Strongly Agree
Test script maintenance requires high time and effort 4.09 4.00 1.167 80.0%
Designing and debugging scripts create release bottlenecks  3.92 4.00 1.220 71.1%

Bottlenecks in automated testing were analyzed through two primary indicators: script maintenance and the
design/debugging phase. Script maintenance obtained a mean of 4.09 (80.0% agreement), which is
consistent with the recognized challenges of sequential feature modifications [34] . Designing and
debugging yielded a mean of 3.92 (71.1% agreement). However, the Wilcoxon Signed-Rank Test resulted
in Z =-1.673 and p = 0.094. Since p > 0.05, there is no statistically significant difference between the two
indicators. Thus, both script maintenance and the debugging process are considered equally significant
bottlenecks.

Reliability of Automated Testing
The reliability of automated testing was assessed based on the consistency of automated test results, as

presented in Table 7.

Table 7. Reliability Assessment of Automated Testing

Statistic Result
Mean 3.71
Median 4.00
Mode 5

Std. Deviation 1.326

Agree + Strongly Agree  64.4%

Regarding reliability, the indicator concerning "flaky tests" or inconsistent automated test results obtained
a mean of 3.71 (Table 7). Notably, 64.4% of respondents agreed or strongly agreed that automated testing
is prone to producing inconsistent results. The Wilcoxon Signed-Rank Test confirmed this perception
significantly (Z = -4.679, p <0.001). This signifies the persistent challenge of test flakiness, driving recent
initiatives in adaptive test healing utilizing graph neural networks and language models [35], [36] .

Analysis of Manual Testing Implementation

The manual-testing analysis included 90 respondents with relevant experience, consisting of 15 respondents
experienced exclusively in manual testing and 75 respondents experienced in both testing methods. The
analysis examined respondents’ perceptions of manual testing effectiveness, operational bottlenecks, and
reliability.

Effectiveness of Manual Testing
The effectiveness of manual testing in evaluating UI/UX and handling complex and dynamic test cases is

presented in Table 8.

Table 8. Effectiveness of Manual Testing

Statistic Result
Number of Respondents 90
Mean 4.13
Median 4.00
Std. Deviation 1.073

Agree + Strongly Agree  81.1%

The effectiveness of manual testing in evaluating UI/UX and complex dynamic test cases obtained a mean
of 4.13 (Table 8). A significant majority (81.1%) of respondents agreed on its efficacy in these areas, an
assertion supported by recent studies on visual inspection and exploratory tasks [37], [38], [39] . The
Wilcoxon Signed-Rank Test yielded Z = -6.675 with p <0.001, proving that respondents significantly value
manual testing when handling complex interfaces and exploratory scenarios.

Bottlenecks in Manual Testing
The indicators used to assess bottlenecks in manual testing are presented in Table 9.
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Table 9. Indicators of Bottlenecks in Manual Testing

Bottleneck Indicator Mean Median _ Std. Deviation  Agree + Strongly Agree
Difficulty in executing entire test coverage 4.03 4.00 1.096 81.1%
Longer relative execution time 4.13 4.00 1.104 82.2%
Maintenance of manual test case documents ~ 4.02 4.00 1.060 81.1%
Execution time constraints during sprints 4.07 4.00 1.100 84.4%

Descriptive analysis revealed that all four indicators of manual testing bottlenecks received relatively high
ratings, with mean scores ranging from 4.02 to 4.13 (Table 9). To examine whether respondents rated these
bottlenecks differently, a Friedman Test was conducted using 90 complete responses. The test revealed no
statistically significant differences among the four indicators (y*(3) = 2.235, p = 0.525). Although longer
execution time obtained the highest descriptive mean (4.13) and mean rank (2.63), the results do not provide
sufficient evidence that it was rated significantly differently from the other bottlenecks.

Reliability of Manual Testing
The reliability of manual testing was assessed based on the risk of human error leading to inconsistent

outcomes, as presented in Table 10.

Table 10. Reliability Assessment of Manual Testing

Statistic Result
Number of Respondents 90
Mean 4.10
Median 4.00
Std. Deviation 1.152

Agree + Strongly Agree  84.4%

The reliability of manual testing was scrutinized based on the risk of human error leading to inconsistent
outcomes. This indicator achieved a mean of 4.10, with 84.4% of respondents affirming the risk (Table 10).
The Wilcoxon Signed-Rank Test further validated this concern (Z = -6.092, p < 0.001), emphasizing that
human error remains a formidable threat to the consistency and reliability of manual testing.

Comparative Analysis of Automated and Manual Testing

The comparative analysis involved 75 respondents with experience in both automated and manual testing,
focusing on automated testing accuracy for repetitive functional bugs and the combined methods’ potential
to prevent escaped defects. Respondents’ agreement on testing effectiveness is illustrated in Figure 2.

100% 50% 0% 50% 100%
Perc of R dents (%)
B Strongly Disagree Disagree Neutral Agree  EEE Strongly Agree

Figure 2. Distribution of Agreement on Testing Effectiveness

When comparing the two methods, 88.0% of respondents agreed or strongly agreed that automated testing
is more accurate than manual testing in detecting recurring functional bugs (Mean = 4.17, SD = 1.070).
This corroborates studies emphasizing optimization techniques in GUI testing and search-based detection
[40], [41], [42] . As visualized in Figure 2, the diverging distribution highlights a strong consensus among
practitioners favoring automation for repetitive accuracy. The Wilcoxon Signed-Rank Test corroborated
this consensus (Z = -6.069, p < 0.001), indicating a highly significant statistical tendency.

The goal of SQA is to prevent escaped defects in the production environment. Analysis shows an
overwhelming 89.3% of respondents affirming that a strategic combination of manual and automated
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testing is highly capable of mitigating escaped defects (Mean = 4.23, SD = 1.021). The Wilcoxon Signed-
Rank Test proved this to be highly significant (Z = -6.241, p < 0.001). This complements contemporary
literature promoting hybrid and concolic testing architectures to eliminate hidden concurrency bugs [43],
[44], [45], [46], [47] . The comparative distribution of testing bottlenecks is illustrated in Figure 3.

== Automated Tesling

Script / Case Maintenance Manual Tesling

Inconsistent Results (Flaky/Error)

Figure 3. Comparative Footprint of Testing Bottlenecks

Figure 3 provides a visual overview of the challenges associated with automated and manual testing,
covering script or test case maintenance, execution time, inconsistent results, and coverage or debugging
difficulties. These categories represent different questionnaire indicators for each testing approach and
should not be interpreted as directly equivalent measures. The survey results indicated that respondents
perceived script maintenance and debugging as operational challenges in automated testing, while manual
testing was associated with difficulties in achieving full test coverage, longer execution time, test case
documentation maintenance, and sprint time constraints. Respondents also identified flaky tests and human
error as reliability concerns in automated and manual testing, respectively. Although the figure illustrates
the different challenges associated with the two approaches, no direct statistical comparison of their overall
bottleneck levels was conducted. Therefore, the visualization should be interpreted as a descriptive
overview of respondents’ perceptions rather than evidence that one testing method experiences significantly
greater challenges than the other.

CONCLUSION

This study examined respondents’ perceptions of the effectiveness, bottlenecks, and reliability of automated
and manual testing, as well as their perceived contributions to bug detection and software product quality.
Automated testing received positive assessments for regression testing and repetitive execution, with 88.9%
of respondents expressing agreement and a statistically significant Wilcoxon Signed-Rank Test result
relative to the neutral value (p < 0.001). Respondents also identified script maintenance and debugging as
operational bottlenecks, although no statistically significant difference was found between these two
indicators (p = 0.094). Furthermore, 64.4% of respondents agreed that flaky tests represented a reliability
concern (p < 0.001). Manual testing received positive assessments for UI/UX evaluation and complex test
scenarios, with 81.1% agreement (p < 0.001). Its reported operational challenges included longer execution
times, difficulties achieving full test coverage, test case maintenance, and sprint time constraints. The
Friedman Test revealed no statistically significant differences among these four bottleneck indicators (¥*(3)
=2.235, p=10.525). In addition, 84.4% of respondents agreed that human error could affect the consistency
of manual testing results (p < 0.001). Among respondents experienced in both approaches, 88.0% agreed
that automated testing was more accurate in detecting repetitive functional bugs (p < 0.001), while 89.3%
agreed that combining manual and automated testing could help prevent escaped defects (p < 0.001).
Overall, the findings suggest that respondents perceived complementary roles for the two testing
approaches: automated testing was positively assessed for repetitive testing activities, whereas manual
testing was positively assessed for exploratory and interface-related evaluation. These findings provide
perception-based insights that may inform software-testing strategies, although actual differences in defect
detection performance and software product quality were not directly measured. This study has several
limitations. The use of purposive sampling restricts the statistical generalizability of the findings to the
broader population of software-testing practitioners. Although the sample included respondents from
different professional and organizational backgrounds and with varying levels of testing experience,
geographic information was not systematically collected. Furthermore, the findings were based on self-
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reported questionnaire responses rather than objective project-level measurements of test execution time,
defect detection rates, or escaped defects. Consequently, the results should be interpreted as reflecting
respondents’ perceptions rather than as direct evidence of differences in the actual performance of the two
testing methods. Future research should involve larger and more geographically diverse samples across
different organizational contexts and incorporate objective testing metrics to further evaluate the
effectiveness, efficiency, reliability, and combined use of automated and manual testing.
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