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Abstract. Software release management coordinates planning, gating,
deployment and monitoring in CI/CD-intensive environments where rapid
iteration compresses decision windows and increases risk. This paper ex-
amines how Analytical AI and Generative Al support those decisions.
Based on qualitative interviews with industry experts, we identify key
benefits of Al integration, such as increased automation of repetitive
tasks, more efficient resource allocation, enhanced risk forecasting, and
improved over-all decision-making. These advances support faster, more
reliable software deployments by streamlining processes and enabling
data-driven insights. However, the study also highlights significant hur-
dles to effective AI/ML adoption, including integration complexity, the
opacity of AI models, and organizational resistance. Addressing these
challenges proves essential for realizing the full potential of AI in soft-
ware release management. By examining both the practical advantages
and limitations, this research offers actionable guidance for industry prac-
titioners and contributes to broader discussions on the responsible ap-
plication of Al in contemporary software product management.
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1 Introduction

Software release management links product intent with operational reality: it
plans scope and cadence, stabilizes changes, governs deployment, and monitors
outcomes so that evolving requirements are delivered reliably and on time [8,
9]. In Agile/DevOps settings, releases are smaller and more frequent, supported
by CI/CD pipelines and extensive automation [6,4,5]. Shorter lead times en-
rich feedback but also push more choices toward production, intensifying coor-
dination across engineering, operations, security, and product [3]. Under tight
decision windows, release gates must integrate heterogeneous signals — qual-
ity, reliability, interoperability, security, compliance, and market timing — while
remaining auditable and aligned with organizational risk tolerances.

Recent advances in Artificial Intelligence offer new instruments for these de-
cisions. To avoid terminological ambiguity, we use Al as an umbrella and dis-
tinguish two classes relevant to release work. Analytical AI denotes predictive
and diagnostic models — often labeled “ML” — that learn from historical and
live telemetry to forecast failure risk, prioritize tests and fixes, detect anomalies,



2 Muhammad Faizan Tahir, Andrey Saltan, and Sami Hyrynsalmi

and optimize schedules and resources. Generative AI denotes language and code
models that produce human-readable text and code, useful for summarizing logs
and change impact, drafting release communications and runbooks, assisting
code reviews and test scaffolds. This complements long-standing SPM work that
frames release management as balancing stakeholder insight with computational
decision support [7].

Adopting either type of Al is nontrivial. Analytical AI models depend on
representative, well-labeled data and stable telemetry schemas; Generative Al
systems raise questions of accuracy, provenance, and governance. Both surface
explainability and accountability concerns that shape stakeholder trust and reg-
ulatory posture [1]. Integration with existing CI/CD toolchains, decision rights,
and organizational cadences is itself an engineering and change-management ef-
fort [6, 3].

This paper develops an integrated, evidence-based understanding of how Al
supports decision-making in software release management and what limits its ef-
fective use. We investigate the problem empirically through a qualitative study
of seven industry professionals from South Asian country (product managers,
senior software engineers, and a director of engineering) using semi-structured
interviews and thematic analysis. Across cases, automation/efficiency and predic-
tive capability are the most frequently cited benefits, while integration complex-
ity, transparency /black-box concerns, data quality, and human/organizational
factors dominate the constraint set.

The research is driven by two research questions that emphasize decision qual-
ity and practical feasibility: RQ1: In what concrete ways do Analytical and Gen-
erative Al improve decision quality in software release management? RQ2: What
technical, organizational, and governance constraints impede successful adoption
of Analytical and Generative Al in software release management?. The scope
of this early stage study is deliberately decision-focused: we analyze how teams
select features and content for releases, schedule and coordinate deployments,
manage risk and compliance, and determine readiness across environments. We
do not attempt an exhaustive evaluation of all development methodologies or
platforms. Findings are qualitative and context-dependent; organizations vary
widely in size, industry, regulatory posture, and toolchains, and the technology
landscape continues to evolve. Nevertheless, the patterns we report offer action-
able guidance for practitioners and a research agenda for the community.

2 Background

Software release management is the structured coordination of planning, stabi-
lizing, scheduling, deploying, and monitoring software changes so that evolving
requirements are integrated safely and on time [8,9]. In plan-driven lifecycles
these activities are largely sequential; in Agile/DevOps they interleave to enable
frequent iterations and rapid feedback [6]. Across both settings, release manage-
ment links engineering and business concerns by deciding what is released, when
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it is released, and under which risk posture, aligning code changes, operational
readiness, compliance, and expectations.

Modern practice surrounds these decisions with automation. Version con-
trol coordinates parallel work; CI/CD pipelines build, test, and promote arti-
facts; infrastructure-as-code and containerization standardize environments; pro-
gressive delivery (canary, blue/green) limits blast radius [4-6]. These practices
shorten lead times and reduce toil but also concentrate consequential choices
near production: teams must pick cadence and scope, set gate thresholds, and
decide when to pause, roll back, or proceed.

Decision-making remains a “wicked problem” — a pattern echoed in SPM
research that calls for formalized, evidence-based processes to counter ad-hoc
‘gut-feeling’ choices [10]. Teams balance quality, reliability, interoperability, and
security against market timing, customer commitments, and regulation [3,11].
Classical prioritization presumes stable, comparable requirements, yet depen-
dencies, shifting stakeholder preferences, and incident learnings render the space
non-stationary [11]. In practice, decisions interleave across horizons: near-term
gating (pass/fail thresholds, rollbacks), mid-term scheduling and scope, and
longer-term risk posture (technical debt, observability, capacity).

Recent advances in Artificial Intelligence (AI) add new instruments. We use
Al as an umbrella and distinguish two complementary types. Analytical AT —
predictive/diagnostic modeling over historical and live telemetry — forecasts
incident risk, prioritizes tests and fixes, detects anomalies, and optimizes sched-
ules/resources. Generative AI — language/code models — summarizes change
impact and logs, drafts release communications and runbooks, assists code re-
views and test scaffolds, and supports conversational diagnosis. Operationally,
Analytical AT models integrate at quantitative gates in CI/CD, whereas Gener-
ative Al systems augment human coordination and sense-making [2].

Adoption is gated by well-documented constraints. Analytical Al depends
on reliable, representative telemetry; fragmented logs, sparse labels, and schema
drift degrade signal-to-noise and yield brittle models. Integration with existing
pipelines and approval flows adds engineering overhead; governance demands
(auditability, privacy, safety) require explainable outputs where gate decisions
affect users or regulated processes [1, 3]. Generative Al systems raise additional
concerns around accuracy, provenance, and prompt-induced variability, making
human-in-the-loop review essential for high-stakes steps. Organizational factors
— skills, role clarity, change fatigue, and perceptions of “black-box” automation
— shape trust and uptake as much as technical performance. These constraints
motivate guardrails such as data governance and observability, explainability-
by-design with evidence bundling, pilotization before scale, and native CI/CD
integration.

In summary, release management decisions increasingly occur inside auto-
mated pipelines yet still require multi-objective trade-offs under uncertainty.
Analytical Al can predict, prioritize, and detect at quantitative gates; Aenera-
tive Al can summarize, document, and assist where language and coordination
dominate. What remains under-specified — both in practice and in prior work —
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Table 1. Study participants

Interview participant Experience (years) Role

Person A 3 Product Manager
Person B 5+ Sr. Software Engineer
Person C 5+ Director of Engineering
Person D 4 Product Manager
Person E 5+ Sr. Software Engineer
Person F 5+ Sr. Software Engineer — Al
Person G 5+ Sr. Software Engineer

is how these two types are combined in real release management, which decisions
they reliably improve today, and which guardrails make adoption dependable.
This study addresses these gaps empirically.

3 Methodology

This study adopts a qualitative, interpretivist multiple-expert design to explain
how Analytical and Generative Al support decision-making in software release
management and what constrains their adoption. We build on a data of seven
semi-structured interviews and extend the analytic frame by tagging each Al
reference as Analytical vs. Generative.

Sampling and context. We used purposeful sampling to recruit practi-
tioners who (i) decide software release scope/cadence or own gating signals, (ii)
operate with Agile/DevOps and CI/CD, and (iii) have more than 3 years of
experience with software product management. Seven participants (A—-G) span
fintech, product, and services organizations (Table 1).

Interview protocol. Semi-structured interviews (4045 minutes, video con-
ference) followed a guide aligned with the literature review and the research
questions. The interview covered: (1) current release management practices, ca-
dences, and bottlenecks; (2) instrumentation and decision signals at each stage of
the pipeline; (3) existing/planned use of AI; (4) perceived benefits and concrete
examples; (5) constraints (data, integration, explainability, organizational readi-
ness); (6) guardrails and adoption pathways (pilots, human-in-the-loop, audit
trails). Probes elicited critical incidents (e.g., a recent rollback or canary failure)
and asked respondents to walk through artifacts they use (dashboards, runbooks,
release notes) so that claims could be anchored to specific practices.

Analysis approach. The empirical base comprises seven interview tran-
scripts plus researcher memos. We performed reflexive thematic analysis in six
phases, implemented in NVivo and documented with memos and versioned code-
books. First-cycle coding was largely open-coding to preserve practitioner lan-
guage; code units ranged from a clause to a paragraph, with each segment op-
tionally receiving multiple tags (e.g., Analytical Al gating, risk forecasting).
Second-cycle coding clustered first-order codes into conceptually distinct themes
and then organized them into four reporting buckets: benefits, constraints, and
adoption practices/quardrails.
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Table 2. Weighted benefits codes by participant (A—-G) and total
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4 Results and Discussion

Benefits and promises of Al in software release management As depicted in Ta-
ble 2, two themes dominate the coded benefits: automation of repetitive work in
build-test—deploy and monitoring, and efficiency in throughput and cross-team
coordination. Participants stressed that Analytical AI reduces manual checks
by surfacing high-risk changes and noisy signals. “Al-powered monitoring tools
can identify high-risk areas and reduce manual effort,” noted Person A. Person
B similarly emphasized that anomaly detection and test prioritization “enhance
decision-making efficiency by processing large datasets.” Beyond throughput,
interviewees described improvements to decision quality: models help “find the
real numbers” behind go/no-go and rollback calls by combining historical defects,
pipeline telemetry, and user-impact indicators. Additional but less frequent codes
capture bug prediction, prioritization of tests/fixes by expected risk reduction,
code-quality gains via automated checks, and modest signals on time-to-market.
Participants also expressed cautious optimism about the future promise of Al in
release management, anticipating tighter CI/CD integration and more adaptive
post-release monitoring. These forward-looking statements often coincided with
requests for stronger telemetry and clearer rationales for recommendations.

Formally addressing RQ1 — how do Analytical and Generative Al improve
decision quality in software release management? — improvements arise through
three interacting mechanisms:

1. Automation and shorter feedback cycles. Analytical Al removes repet-
itive checks (test re-ordering, flaky-test suppression, canary comparisons)
and turns diffuse telemetry into actionable signals at gates. This aligns with
CI/CD practices and progressive delivery controls reported in industry.

2. Predictive/diagnostic assistance. Risk scoring based on historical in-
cidents, change metadata, and runtime KPIs makes readiness and rollback
decisions more evidence-based. This mechanism is consistent with work link-
ing disciplined release management practices to improved delivery outcomes.
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Table 3. Weighted challenges codes by participant (A—G) and total

ABCDEF G Total
Integration complexity 5005200 12
Transparency (explainability /trust) 0 2 10
Human factors (skills, resistance) 3 1 9
Pilot projects (as mitigation) 11
Cost (tools, skills, infra) 01
01
00
01

Data quality/coverage
Explainable-Al (explicit demand)
Over-reliance on automation
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3. Decision scaffolding and coordination. Generative Al reduces cognitive
and coordination overhead by drafting change-impact summaries, risk reg-
isters, runbooks, and stakeholder updates—keeping multidisciplinary actors
aligned without displacing human authority.

Limitations and challenges of Al implementation Despite the strong potential,
participants also identified various barriers to effective AI/ML adoption sum-
marized in Table 3. The most salient challenges were integration complezity and
transparency/trust. Teams reported substantial effort to connect model outputs
to existing pipelines, dashboards, and approval flows; off-the-shelf tools “rarely
fit neatly” without custom integration. “Teams are hesitant to trust Al models
if they don’t understand how decisions are made,” said Person B. Human and
organizational factors — skills, role clarity, concerns about displacement, and
change fatigue — moderated scope and pace of adoption. Cost (tools, skills,
infrastructure) and data quality/coverage were also reported, though less fre-
quently. Some interviewees warned against over-reliance on automation in am-
biguous situations. Interviewees described pragmatic mitigations already in use:
pilots in low-risk contexts to demonstrate value and tune interfaces; targeted
improvements to data coverage for high-signal metrics; and maintaining human
oversight for high-stakes gates. Transparency was articulated in two registers: (i)
traceable rationales for recommendations (“why this build should wait”) and (ii)
auditability for regulated contexts. Both were repeatedly cited as prerequisites
for trust.

Addressing RQ2 — what technical, organizational, and governance constraints
impede successful adoption of Analytical and Generative Al in software release
management? — three constraint families dominate the evidence:

— Integration and data readiness. Connecting models to heterogeneous
pipelines, metrics stores, and approval paths is nontrivial; weak telemetry
and schema drift degrade model reliability.

— Transparency and trust. Stakeholders require traceable rationales and
auditability—especially where decisions affect users or regulated processes.
This maps to governance expectations for explainability and post-deployment
monitoring.
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— Human and organizational factors. Skills, role clarity, and attitudes
toward automation shape acceptance. Interviewees favored staged adoption,
preserved human-in-the-loop control for high-impact gates, and explicit “kill
switches” to contain automated actions.

5 Implications and Conclusion

This study examined AI’s role in software release management by distinguish-
ing Analytical from Generative Al capabilities and situating both within con-
temporary Agile/DevOps practice. Across seven practitioner interviews, a clear
division of labor emerged. Analytical Al is already dependable at quantitative
gates — forecasting incidents and regressions, detecting anomalies in canary
and post-release monitoring, prioritizing tests and fixes, and optimizing sched-
ules and resources — matching the most frequent benefit codes (automation,
efficiency, predictive capability). Generative Al adds leverage where language
and coordination dominate: summarizing change impact, drafting release notes
and runbooks, assisting code reviews and test scaffolds, and accelerating inci-
dent timelines. Adoption hinges on guardrails: treat telemetry as a product;
prefer explainability-by-design with evidence bundling; keep humans in the loop
for high-stakes gates; pilot before scale; and integrate natively within CI/CD.

Implications for practice. For practitioners, three priorities emerge. First, in-
vest in “decision plumbing” before “decision models”: reliable signals, consistent
environments, and auditable runbooks improve outcomes even if model perfor-
mance is static; this is where most early wins were reported. Second, pair every
automated recommendation with an explanation pattern native to the available
tools (dashboards, logs, diffs) and require explicit human acknowledgment for
high-impact decisions; this responds directly to trust and accountability con-
cerns. Third, adopt a quarterly “binding constraint” cadence that names the
most growth- or reliability-limiting bottleneck and concentrates both engineer-
ing and Al effort there; interviewees consistently described success when Al was
targeted rather than diffuse.

Implications for research. For researchers, the interview evidence suggests sev-
eral testable propositions that connect AI practices to operational outcomes:
(P1) greater coverage of Analytical Al signals across CI/CD and production
monitoring will be associated with lower change-failure rates and faster rollback
decisions, controlling for team size and baseline release frequency; (P2) use of
explanation patterns that bundle underlying metrics will increase human accep-
tance of automated recommendations at deployment gates; (P3) staged adoption
(pilot — advisory — constrained automation) will correlate with sustained use
one year post-introduction; and (P4) combining Analytical Al at gates with
Generative assistance for decision documentation will reduce time-to-decision
in release management meetings without increasing post-release incident rates.
These propositions are grounded in the weighted benefits/challenges and the
lifecycle division of labor observed across cases.



8 Muhammad Faizan Tahir, Andrey Saltan, and Sami Hyrynsalmi

Limitations. This work has the typical limitations of qualitative multiple-case
designs. The sample privileges depth over breadth (seven professionals in one
regional context), relies on self-report, and cannot deliver population estimates.
Results should be read as analytic generalizations suitable for theory building
and practice guidance, not as universal prescriptions. Future research should
pair qualitative insight with quantitative metrics (e.g., change failure rate, mean
time to restore, lead time for changes) to test whether teams that adopt the
guardrails above realize durable improvements; it should also evaluate Genera-
tive Al interventions (release-note generation, test-suggestion prompts, ChatOps
co-pilots) in controlled trials to distinguish novelty effects from sustained value.
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