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ABSTRACT
In embedded software projects for mobile devices, test requests are
critical to ensuring product quality, yet complex dependencies on
binaries, version control, and country-specific configurations often
cause submission errors. These errors lead to inefficiencies and de-
lays in testing pipelines. This paper reports on the development and
evaluation of RAVEN (Request Assessment and Verification Engine),
a real-time verification system built through an Action Research
approach. RAVEN integrates data from JIRA, version control sys-
tems, and binary baselines to automatically verify over 30 criteria as
users fill out request forms. Deployed in an industrial environment,
RAVEN improved process efficiency—reducing approval lead time
by 58%, halving submission iterations—and enhanced reliability,
lowering the rejection rate of a key request type by 17 percentage
points. It also improved the clarity of verification feedback and fos-
tered greater requester accountability. A TAM-based questionnaire
confirmed high user-perceived usefulness and ease of use. While
some verification gaps remain, RAVEN demonstrated the value of
proactive, educational verification. Future work includes extending
its scope, integrating ML-based recommendations, and replicating
the approach in other contexts.

KEYWORDS
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1 Introduction
The development andmaintenance of embedded software for Android-
powered devices—such as smartphones, tablets, and smartwatches
— require Original Equipment Manufacturers (OEMs) to comply
with a rigorous homologation process defined by Google [1]. This
process, known as the Google Approval Process (GAP), is essential
for certifying system releases that include proprietary services like
Google Mobile Services (GMS) or Firmware Over-The-Air (FOTA)
updates. While GMS is a collection of Google applications and APIs
that help support functionality across devices, FOTA refers to the
technology that allows Android-powered devices to update the
operating system and applications of the mobile device remotely
without the need for a physical connection to a computer [3]. To
meet these requirements, OEMs must conduct extensive testing
to ensure compatibility, security, and performance, including vali-
dations of customizations applied for specific carriers or regional
markets [12].

Each Android release undergoes multiple verification and val-
idation (V&V) scopes — SM (Security Maintenance), NE (Normal
Exception), FS (Full Submission), RE (Regular), and SE (Simple Ex-
ception) — generating over 500 artifacts that must be reviewed

before submission to Google [4] to, after checking all evidence,
provide conformity certificate called Google Approval Letter.

Although recent initiatives have reduced GAP approval times
(e.g., 22% reduction compared to 2022) and improved artifact review
efficiency [3], a critical bottleneck remains at the initial stage: the
submission of test requests. Due to the complexity of verification
rules and volume of required information and artifacts, traditional
manual processes for test request verification are prone to errors
and inefficiencies, leading to high rejection rates and subsequent
delays in the development lifecycle.

In this context, we introduce RAVEN (Request Assessment and
Verification Engine), an automated system designed to support the
verification of test requests in high-complexity embedded software
environments. RAVEN analyzes structured request data from the
GAP request platform against data and artifacts contained in plat-
forms such as JIRA (task management system) and version control
systems to verify compliance with predefined verification rules, en-
compassing scope coverage, artifact completeness, and alignment
with build configurations.

This paper presents an Action Research study implemented in a
multinational technology company to resolve the high test request
rejection rates. The study assesses the impact of RAVEN on GAP
lead time and requesters education. The subsequent sections detail
the system architecture, implementation challenges, evaluation
metrics, and the observed benefits post-deployment.

2 Background and Related Works
The process of verifying test requests in embedded software en-
vironments is particularly challenging due to strict compliance
requirements imposed by device manufacturers, regional regula-
tions, and carrier-specific configurations. Each complete binary
suite is composed of four complementary binaries called BL (boot-
loader), AP (application processor), CP (communication processor),
and CSC (client system configuration) [10]. It must conform to vari-
ations based on country, OEM, and telecommunications providers,
increasing the complexity of test preparation. Prior studies have
explored strategies to improve early test readiness. For example,
Andrade et al. [3] proposed an automated approach to optimize the
Google Approval Process, significantly reducing release failures
and approval time. Fernandes et al. [6] introduced the TSS Tool
to automate the setup of test environments in parallel, leading to
substantial efficiency gains. Albuquerque et al. [2] applied robotic
automation to improve the accuracy and speed of physical sensor
testing in mobile devices. These studies demonstrate that automa-
tion and tool integration can enhance test reliability and reduce
operational overhead. However, these approaches often rely on
asynchronous feedback, which delays error detection and correc-
tion. They typically act post-submission or during environment
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setup, rather than preventing invalid requests at the source. This
gap motivates solutions like RAVEN, which aims to shift verifica-
tion earlier in the workflow by assisting users during the request
authoring phase.

In the software testing domain, V&V are critical but distinct ac-
tivities. While validation assesses whether a system meets business
requirements, verification focuses on checking whether artifacts
are correctly constructed [15]. In our context, the GAP (Google
Approval Process) is responsible for validating the correctness and
completeness of binary behavior. Conversely, our approach empha-
sizes verification—ensuring the integrity, consistency, and traceabil-
ity of metadata and configuration during test request preparation.
Verification mechanisms have been explored to reduce failure rates
earlier in the development cycle. Stoico [18] proposed an early
system-level verification, focusing on functional and timing flaws.
Although effective at the modeling level, such methods are rarely
integrated into real-time operational workflows like test request
verification pipelines.

Technological advances in RPA, APIs, and AI agents have en-
abled automated V&V processes across heterogeneous systems.
RPA (Robotic Process Automation) has been used to integrate plat-
forms that lack native interoperability, offering ways to extract and
analyze user input dynamically [5]. Kumar et al. [11] introduced
Saarthi, an autonomous AI verification agent that uses an agentic
workflow to perform end-to-end formal verification of RTL designs,
illustrating the growing role of generative AI in critical verifica-
tion pipelines. The MCP (Model-Context-Process) model has been
introduced as an architectural solution to connect agents with en-
terprise systems, aligning domain-specific models with execution
contexts [9]. Although the MCP enhances interoperability and scal-
ability for Agentic AI, evidence of its long-term performance is
limited [16].

From a process improvement perspective, interventions focused
on system bottlenecks have shown to deliver significant perfor-
mance gains. According to the Theory of Constraints (TOC), op-
timizing non-restrictive points in a process typically yields mar-
ginal benefits, whereas addressing constraints can enhance overall
throughput [8]. In software testing workflows, identifying and re-
solving verification- and validation-related bottlenecks can reduce
rework, resource waste, and lead time. Related studies [13] have ap-
plied process mining and simulation to locate inefficiencies, though
most focus on execution phases rather than preparation stages.

To address these gaps, our study proposes a real-time verifica-
tion engine capable of being integrated into the proprietary request
submission workflow. It combines good practices and concepts
described in the literature—such as early verification [18], agent-
based automation [11], RPA-enabled integration [5], and bottleneck-
oriented improvement [8]—into a single solution. Its contribution
lies in proactively guiding users during the request authoring phase,
offering educational feedback, and reducing the likelihood of re-
quest rejection.

To the best of our knowledge, no previous study has addressed
proactive real-time verification at the test request authoring phase
in embedded software testing pipelines. Existing approaches typi-
cally operate post-submission or rely on asynchronous verification
cycles, leaving a gap that RAVEN aims to fill.

3 Research Design
This study applied the Action Research (AR) methodology, which
consists of five iterative phases: diagnosis, planning, interven-
tion, evaluation, and reflection [14]. This approach enabled close
collaboration between researchers and practitioners to investigate
a real-world problem, develop a targeted solution, and assess its
impact in an industrial setting.

Diagnosis. The investigation began by identifying recurring is-
sues in the test request process for Android-based software releases.
These requests are governed by complex, frequently changing busi-
ness rules, including regional and OEM-specific constraints, which
made the preparation and verification process error-prone and in-
efficient.

Planning. Based on a root cause analysis and stakeholder input,
the team designed an artifact aimed at proactively verificating test
requests. The RAVEN was conceived to address the root causes of
rejection by providing real-time feedback to the requester during
form completion.

Intervention. RAVEN was implemented and deployed within
the organization’s proprietary test request platform, known as
KRAKEN. Due to security restrictions, RAVEN uses client-side
scraping to read data during the request editing phase. It verifies
over 30 rules derived from three primary sources: the JIRA MCP
Server, the internal version control system, and a set of baseline
binary configuration rules.

Evaluation. To assess the effectiveness of RAVEN, we employed
both quantitative and qualitative methods. Quantitative data in-
cluded rejection rate reduction, approval lead time, and the number
of submission iterations. Using a TAM-based questionnaire for the
test requesters helped to capture user feedback on perceived use-
fulness, ease of use, and intention to adopt the tool. The outcomes
of this evaluation are detailed in Section 4.

Reflection. Based on the evaluation results and user feedback,
the team identified opportunities to improve training, documenta-
tion, and verification rules. These insights supported the refinement
of RAVEN and informed its institutionalization as a core part of the
verification workflow.

4 Results
The results presented in this section were derived from a combina-
tion of objective operational data and user feedback. Quantitative
metrics, including request volume, rejection rates, and process effi-
ciency Metrics, were extracted from system logs covering 9 months
before and 3 months after RAVEN deployment, when RAVEN was
actively used. Qualitative insights were collected through a TAM-
based questionnaire administered to project leaders involved in
the test request process. Together, these data sources provide a
comprehensive view of RAVEN’s impact on the verification process
and on user experience based on the TAM framework.

4.1 Diagnosing the Process Bottleneck
As a diagnosis phase outcome, the Figure 1 illustrates a simplified
view of the lifecycle of an Android-based software release that must
comply with Google requirements. The process begins with the
identification and implementation of new requirements into the
binary (Step 1 – Adapt / Extern Android). Once requirements are
applied, the binary undergoes preliminary internal verifications
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before a formal test request can be submitted (Step 2 – Request for
Internal GA Tests).

Each binary generated may include configurations and con-
straints that vary by country, carrier, or OEM. This introduces
a high degree of complexity in the preparation and verification of
test requests. Due to a history of critical failures at this stage, the
GAP Testing department previously introduced an asynchronous
verification system (AVS). This system runs every 15 minutes and
verifies over 30 Check Points (CPs) before allowing test execution.
Its main limitation is the lack of real-time feedback, the verifications
are performed only after the request has been submitted.

The CPs verify key aspects of the request, including the pres-
ence and consistency of critical metadata, compliance with con-
figuration rules, and binary compliance. Additionally, they check
the integrity of binary data based on locally defined Google rules,
such as whether all commits are in line with the tools, whether
all build commands are in the correct order, whether there is any
non-compliance in the data, and whether all information provided
in the request matches the binary data.

If the request passes all verifications, it proceeds to GAP (Step
3), which initiates the automated testing workflow: the binary is
automatically downloaded, the test sample device is flashed, and
an automated test suite—tailored to the release type—is executed.
These tests typically take around 12 hours. On the following day,
testers can begin the manual testing phase based on the outcomes
of the automated checks. Once all tests are completed and the
Google Approval Letter is received, the binary advances to Quality
Assurance procedures and, ultimately, to FOTA deployment.

If the AVS identifies any CP failures, it automatically rejects the
request and provides a diagnostic log detailing the issues found. To
ensure traceability, rejected requests cannot be modified, requiring
the requester to restart the submission process from Step 2. This
limitation increases FOTA lead time, promotes unnecessary rework
across the entire test request process, and delays the reception of
the Google Approval Letter.

While the introduction of the AVS significantly reduced GAP
operational waste (only about 3% of tests are cancelled due to late
discovery of faults in requests), it introduced a new process bottle-
neck: feedback is delivered only after a formal test request submis-
sion. This results in delays, rework cycles, and frustration among
requesters, who may repeat the same mistakes across every new
submission.

4.2 Rejection Rate Analysis
An analysis of nine months of test request data revealed high vari-
ability in weekly rejection rates, despite periodic training and pro-
cess clarifications. As shown in Figure 2, although a downward
trend is observable, the rejection pattern remains inconsistent.

To understand the underlying issues, we conducted a root cause
analysis of 40 randomly selected rejected requests. This analysis
was carried out during a structured focus group session that in-
cluded three focal points—professionals with deep expertise in test
request verification rules—and two senior project leaders responsi-
ble for coordinating binary submissions. The session was designed
to elicit not only technical interpretations of the rejection causes
but also contextual insights related to formal test requesters’ behav-
ior, ambiguity in requirements, and rule misalignment. Participants

collaboratively classified 50% of the rejections as preventable, iden-
tified verification rule weaknesses, and shared suggestions that
directly influenced the design scope of the RAVEN engine. The
most frequent issues identified were incorrect request completion
and binary-related problems, as summarized in Figure 3.

Further analysis categorized the rejections by release type. As
illustrated in Figure 4, SM and RE release types accounted for 80% of
total rejections, with SM alone representing 52%. According to the
Pareto principle [17], this confirmed that a small subset of release
types was responsible for the majority of issues.

4.3 System Overview: The RAVEN Architecture
RAVEN is a real-time verification layer integrated into the test re-
quest submissionworkflow of a proprietary system, called KRAKEN,
used to open requests for internal GA Tests. The complete architec-
ture and interaction flow of RAVEN is illustrated in Figure 5.

Due to strict security controls, the KRAKEN does not allow exter-
nal agents to pre-fill or submit forms on behalf of users. However,
it does permit passive reading of form data during the request com-
position phase via client-side JavaScript scraping. RAVEN leverages
this capability to extract and analyze data from the form before
submission.

Once a requester begins filling out the test request, RAVEN acti-
vates a verification pipeline composed of more than 30 verification
rules, distributed across three key verification sources:

1. JIRA Model Context Protocol (MCP) Server: RAVEN uses the
MCP JIRA Server to verify the existence and correctness of binary
identifiers, verify associated requirements, confirm the version
control branch, and ensure that testable issues are properly linked
and tracked.

2. Version Control System (VCS) API: Through direct integration
with the organization’s version control platform, RAVEN cross-
checks the request against the actual structure and content of the
registered binaries, identifying mismatches in configuration files,
missing components, or outdated versions.

3. Binary Base and Geo-Specific Rules: The current request is
compared against a reference binary ("base version") to detect incon-
sistencies. Additionally, RAVEN evaluates compliance with country-
and carrier-specific constraints—such as required carrier order in
configuration files or the inclusion of grouped OEM families—as
mandated by business rules.

All verification results are compiled into a visual report displayed
in real time on the requester’s interface. The report lists all checks,
indicating whether each item was successfully verified or requires
correction. Crucially, the system blocks the submission of the test
request until all issues have been addressed.

This early-stage intervention transforms RAVEN from a passive
gatekeeper into an active learning tool. Rather thanmerely rejecting
flawed requests, RAVEN educates the requester by clearly high-
lighting the cause of the error and providing actionable guidance,
thereby reducing friction in the workflow and fostering process
maturity.
Real-Time Feedback Example To better illustrate how RAVEN guides
users during the test request composition phase, Figure 6 presents
a simulated example of the pop-up interface shown to requesters.
The system immediately notifies users of specific issues identified
during verification, such as mismatches in CSC versioning and
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Figure 1: Process Bottleneck

Figure 2: Distribution of test request rejections over 9 months.

Figure 3: Classification of preventable rejection causes.

missing fingerprint identifiers. This real-time feedback prevents
invalid submissions and reinforces a learning-oriented process.

4.4 Impact generated by RAVEN
The implementation of the RAVEN engine in the test request work-
flow produced measurable improvements in both the efficiency and
reliability of request submissions. To evaluate the impact of the
RAVEN engine, we compared test request Metrics over two distinct
periods: 9 months before RAVEN deployment (referred to as Before)
and 3 months after deployment and active usage (After). Although
the periods differ in duration, the rejection rates and type distri-
butions were normalized as percentages to ensure comparability.

Figure 4: Distribution of rejections by type (Before)

Table 1 summarizes the overall request volume and rejection rate
for both periods.

Table 1: Comparison of Test Request Volume and Rejection
Rate Before and After RAVEN Deployment

Metric Before After
Total tickets submitted 5,481 1,376
General rejection rate 33.3% 31.7%
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Figure 5: Overview of the RAVEN architecture and its inte-
gration with internal verification systems.

RAVEN – Real-Time Verification Feedback

5 issues were found. Resolve them and retry.
(1) [CSC Version] CSC version mismatch with specifi-

cation registered in Jira (JIRA-345).
(2) [Fingerprint a] Binary version "A0XXMUSBADIII"

is not a base binary.
(3) [Binary] CSC build ID does not match.
(4) [Binary] CSC Name not found in binaries.
(5) [Customer] Carrier AAA configuration out of ex-

pected order.
OK

aThe "fingerprint" is a unique string that identifies each binary on Google’s
servers, containing information such as Android version, manufacturer,

binary version, and build ID.

Figure 6: Simulated example of RAVEN’s pop-up interface
during request composition.

We also analyzed the distribution of request types submitted
and rejected in both periods. Table 2 presents the distribution of
all submitted tickets. Figure 7 shows the distribution of rejected
tickets by type for both periods.

To statistically validate the differences observed between the
Before and After periods, we used the Jamovi software1 to apply
the non-parametric Mann–Whitney U test [7] to the rejection pro-
portion distributions for each ticket type (Figure 7). This test was

1https://www.jamovi.org

Table 2: Distribution of All Submitted Tickets by Type

Ticket Type Before After
SM 42.3% 48.2%
NE 29.0% 25.0%
RE 20.0% 22.0%
Others 8.7% 4.8%
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Figure 7: Change in Rejection Distribution by Type

chosen because it does not assume a normal distribution and is
suitable for small sample sizes.

The analysis confirmed that the reduction in SM-type rejections—
from 52% to 35%—was statistically significant (𝑝 = 0.016), reinforc-
ing the conclusion that RAVEN had a meaningful impact on this
category. For NE (from 10% to 15%, 𝑝 = 0.062) and RE (from 28% to
42%, 𝑝 = 0.064), the results suggested possible changes, though they
did not reach the conventional 5% significance threshold. FS (from
1.00% to 1.67%, 𝑝 = 0.173) and SE (from 9.00% to 6.33%, 𝑝 = 0.847)
showed no statistical difference. By distinguishing between changes
likely attributable to the intervention and those that could be due
to random variation, the statistical analysis strengthened the relia-
bility of our findings.

When analyzing both submission and rejection proportions, SM-
type requests stand out as the most notable improvement: despite
their share among submitted tickets increasing from 42.3% to 48.2%,
their rejection proportion dropped from 52% to 35%. NE-type re-
quests moved in the opposite direction: while their share of sub-
missions decreased from 29.0% to 25.0%, their rejection proportion
increased from 10% to 15%. RE-type requests exhibited a similar pat-
tern, with submissions growing from 20.0% to 22.0% and rejections
rising from 28% to 42%. FS and SE types maintained relatively low
proportions in both submissions and rejections, with only minimal
variations.

https://www.jamovi.org
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Before the intervention, the organization faced recurrent prob-
lems such as incomplete information, inconsistencies between de-
clared and actual binaries, and violations of country- or carrier-
specific rules. With the deployment of RAVEN and the implemen-
tation of real-time feedback, the proportion of SM-type rejections
was substantially reduced, indicating a measurable improvement
in submission quality for the most error-prone category. This im-
provement was achievedwithoutmodifications to the test execution
infrastructure, relying solely on the introduction of a verification
layer at the submission stage. Given the observed patterns, RE-type
requests—which showed the largest increase in rejection proportion
despite a slight rise in submissions—represent the next priority for
refinement of verification rules and targeted process improvements.

Other Metrics were collected to compare GAP process efficiency
before (9 months) and after the intervention (3 months). Table 3
summarizes the results:

Table 3: Other Metrics Before and After RAVEN Deployment

Metric Before After
Average approval lead time (days) 24 10
Average number of iterations per request 2.5 1.2
Requester’s perceived clarity of errors (Lik-
ert scale)

1.0 4.5

Average time spent on verification and fix-
ing issues

2h 10 min.

Other key metrics also demonstrated improvements. The aver-
age approval lead time (number of days between creating the test
request and receiving the Google approval letter) reduced from
24 days to just 10 days, and the average number of iterations per
request (number of times that the test requester contacts the testing
team to clarify or resolve a request failure) decreased from 2.5 to
1.2. Although much of the verification process has been automated,
offering real-time feedback to the user, there are still other items
to be verified or prepared manually. Therefore, it was not possible
to reset the time spent on verification and issue resolution, but a
reduction of 2 hours to just 10 minutes was achieved in this process.

Furthermore, the perceived clarity of errors by requesters signif-
icantly increased, rising from 1.0 to 4.5 on a subjective scale. Prior
to the implementation of RAVEN, the PLs, who create test requests,
relied on a comprehensive verification manual for test requests,
which outlined over 30 evaluation items accompanied by detailed
how-to instructions. Despite the existence of this document, the
average opinion among PLs was that it did not sufficiently clarify all
verification points. Some PLs noted challenges such as "The manual
is too extensive and complex" (P1), "In some sections, it is unclear
how to verify the analyzed information" (P2), and "Although the
manual indicates where to obtain the information, I do not have
access to certain systems" (P3). These issues contributed to a lack
of transparency and efficiency in the verification process, often
leading to confusion and delays.

These results highlight that the automation of request verifi-
cation not only enhanced process efficiency but also significantly
reduced resource waste and the time required for product deliv-
ery. The implementation of RAVEN ensured greater accuracy in

submissions, minimizing rework and guaranteeing that tests were
conducted only on the correct binaries with appropriate require-
ments, contributing to a faster and more reliable software product
delivery.

4.5 RAVEN’s User Feedback
To assess user acceptance of RAVEN, we administered a Technol-
ogy Acceptance Model (TAM)-based questionnaire to all 49 project
leaders, with a 90% response rate. Those who didn’t respond were
on vacation or medical leave. Although the seniority level distri-
bution cannot be disclosed due to confidentiality agreements and
organizational policies, all respondents possessed at least 2 years
of experience in creating these test requests supported by human
verification performed manually, depending on feedback from AVS.
Their feedback was grouped under three dimensions:

• Perceived Usefulness: Most respondents (85%) reported
that RAVEN automated verification tasks, reduced manual
effort, improved accuracy, and increased the overall quality
of test requests. The majority of respondents (85%) agree
that RAVEN is used every time a new binary release needs
testing.

• Perceived Ease of Use: Most respondents (95%) found
RAVEN intuitive and easy to install, though some noted
limitations in the clarity of system feedback during verifica-
tion.

• Intention to Use: All respondents (100%) indicated a high
level of agreement in continuing to use the tool to support
the process of verifying test requests.

We also identified a certain degree of tool dependence, with 88%
of users stating that its discontinuation or unavailability would
significantly impact the verification of test requests. Regarding the
timing of RAVEN’s availability, all respondents affirmed that the
tool was deployed at an appropriate and needed moment.

5 Discussion
RAVEN was implemented with minimal intrusion into existing
platforms, leveraging scraping and MCP-based integration—an ar-
chitectural choice that makes it lightweight and adaptable even in
highly controlled industrial environments.

Its introduction in the test request workflow led to notable im-
provements in both operational efficiency and the quality of request
submissions. Beyond measurable process gains, RAVEN contributed
to enhancing first-time correctness and fostering a more proactive
verification mindset among requesters. By embedding verification
awareness directly into the authoring phase, the tool reduced re-
liance on asynchronous feedback and helped users identify and
resolve issues earlier in the process.

One of the most relevant impacts was observed in SM-type re-
quests, previously the most error-prone category. The tool proved
particularly effective in supporting requesters in this frequent and
critical segment. Conversely, the observed increase in RE-type rejec-
tions highlighted the need to refine verification rules and broaden
coverage to better handle this category moving forward.

While the improvements achieved were significant, they fell
short of the initial goal of a 30% reduction in rejection rates. Two
key factors contributed to this outcome: (1) the emergence of new
rules applied by the AVS that were not yet mapped by RAVEN,
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and (2) partial adoption of the tool in the first month after official
deployment of RAVEN (30% of project leaders were not yet using
RAVEN). Addressing these gaps is a priority for further improving
process quality and extending RAVEN’s impact.

Architectural limitations also remain. RAVEN relies on a scraping
mechanism implemented via a Chrome plugin, making it vulner-
able to changes in the user interface of the proprietary request
platform. In addition, because it operates as a client-side exten-
sion, performance and reliability depend on each user’s browser
environment, complicating support and standardization. Another
critical limitation is the lack of integration between RAVEN and
the AVS. Without a shared verification API, RAVEN must replicate
and manually update its rule set, creating a maintenance bottleneck
and limiting consistency across verification mechanisms.

To address these limitations, future improvements should priori-
tize the centralization of verification logic through reusable APIs,
enabling synchronous and asynchronous verificators to remain
consistent, modular, and easier to maintain. Additionally, exploring
more resilient integration mechanisms — such as an official AVS or
KRAKEN API or headless browser automation — may improve the
robustness and scalability of the solution. Beyond these enhance-
ments, future extensions could leverage secure A2A architectures
and advanced agentic models (e.g., MAESTRO-based threat model-
ing) to further strengthen verification capabilities and enable more
sophisticated automation.

User feedback confirms that RAVEN is perceived as both useful
and easy to use. The significant improvement in perceived clarity
of verification feedback highlights the tool’s role in reducing the
cognitive effort required to navigate complex verification rules. By
shifting this cognitive load from manual interpretation of extensive
documentation to automated, actionable guidance during request
composition, RAVEN fosters greater process transparency, user
autonomy, and long-term adoption.

5.1 Limitations and Threats to Validity
Following the guidelines of Wohlin et al. [19], we discuss potential
threats to the validity of this study, organized into four categories.

Internal validity. The observed improvements after the de-
ployment of RAVEN may have been partially influenced by factors
unrelated to the tool itself. For example, the AVS system introduced
new verification rules during the evaluation period, which were not
yet mapped in RAVEN. Additionally, tool adoption was incomplete
in the first month after release, with approximately 30% of project
leaders not using it. These aspects could have affected the measured
impact.

External validity. The studywas conducted in a single organiza-
tional context—a highly controlled industrial software environment
with a proprietary test request platform (KRAKEN) and specific
approval workflows. The degree to which the results can be gen-
eralized to other organizations, domains, or processes that differ
in governance models, technology stacks, or release management
practices remains uncertain.

Construct validity. The metrics used, such as average approval
lead time, number of iterations per request, and perceived clarity
of errors, rely on accurate logging and self-reported perceptions.
While these measures are aligned with the study objectives, they
may not fully capture all relevant aspects of submission quality or

verification efficiency. The absence of a unified verification API also
means that RAVEN’s rule set had to be replicated and maintained
manually, potentially introducing discrepancies between intended
and actual checks.

Conclusion validity.Although statistical analyses were applied
to compare pre- and post-intervention data, the relatively short post-
intervention period (three months) and the lack of a randomized
control group limit the strength of causal inferences. Variability in
user behavior, differences in project complexity, and dependency on
client-side scraping—which is sensitive to UI changes and browser
environments—may also influence the consistency of results over
time.

6 Conclusion
This study presented the development, implementation, and evalua-
tion of RAVEN, a real-time verification system designed to enhance
the reliability and efficiency of test requests in high-complexity em-
bedded software environments. By integrating data from multiple
internal systems (JIRA, version control repositories, and reference
binaries) and applying more than 30 verification rules, RAVEN was
able to prevent the submission of invalid requests already during
the composition phase.

The results indicate measurable gains: a significant reduction in
the proportion of SM-type rejections (from 52% to 35%), a decrease
in the average number of iterations per request (from 2.5 to 1.2), and
in the average approval lead time (from 24 to 10 days), in addition to
a substantial increase in users’ perceived clarity of errors. However,
the overall reduction in the rejection rate was modest and not
statistically significant, reinforcing that the improvements were
more concentrated in specific types.

Although the initial goal of reducing the overall rejection rate
by approximately 30% was not achieved, two main factors limited
the results: (i) the emergence of new verification rules in the AVS
that were not yet mapped in RAVEN, and (ii) partial adoption of the
tool during the first month after deployment, when approximately
one-third of project leaders were not yet using it. Addressing these
gaps will be a priority in the next iteration of the solution.

Beyond operational gains, RAVEN fostered a cultural shift by
promoting user accountability and providing educational, real-time
feedback. Its lightweight integration strategy—enabled through
client-side scraping—proved effective even in systems with strict
access control, making it a viable option for similar organizational
contexts.

As future work, we plan to:

• Engage with the team responsible for the asynchronous ver-
ification system to enable, via API, the reuse of part or all of
its verification logic within RAVEN;

• Expand the scope of RAVEN’s checks to include additional
release types, such as RE and NE;

• Incorporate machine learning techniques to suggest fixes or
dynamically autofill corrections based on historical patterns;

• Conduct replication studies in other departments or pro-
cesses to assess the broader impact and applicability of the
verification approach.

We expect that this work can inspire similar initiatives in or-
ganizations that deal with high-volume, high-complexity testing
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processes, where ensuring data quality at the source is crucial to
maintaining operational efficiency.
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