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Anomauin. B enoxy wmyunozo inmenexmy mpaouyiiini Agile-opeanizayii cmuxaromocst 3 HOBUMU BUKTUKAMU
wo0o Hasuanns ma adanmayii. Y cmammi posensnymo nepexio Agile-opeanizayii 6i0 xiacuunoz2o emnipuunozo
npoyecrnozo kowmponio oo data-empirical nasuanns 6 ymosax wupoxozo enpoeaddicents IHCMPYMEHMIE WMYy4HO20
inmenexmy. Memotwo 0ocniOHcenHs € OOTPYHIMYBANHA MA NPOEKMYBAHHA APXIMEKMYPU OP2aHi3aYiliHO20 HAGYAHHSA, Y AKIll
LI sucmynae 6e3nepepsnum ddcepenom cuchanie (SENsing) i pexomendayiti, a n00una 30epicac YeHmpaibHy poib y
CMUCTIOMBOPEHHI, NPULIHAMMI piulenb ma emuunomy gpsdysanni. Memodonoziunoio ocnogoio obpano Design Science
Research; ocnosnum pesyrsmamonm € 3anpononosana mooen» Data-Empirical Agility Model (DEAM), wo cmpyxmypye
opeaHizayitine HAGUAHHA HA MPbOX 63AEMONOG SI3AHUX DIGHAX: MemOOO0N0IYHOMY (8DPAOYEAHHA MA 20MOGHICMb 00
HAaBYaHHs1), (DpelmMeopKo8oMy (KOOPOUHAYIUHI CMPYKMYpUu U MeXaHi3MU 380POMHO20 38 A3KY) mMda MemoOHOMY
(npaxmuku adanmayii, wo peanizyIOMbCA Y YUKIAX ROCMIiHO20 nNONinwenHs). s niocunenus npaxmuuHoi
DenesanmHoCcmi HagedeHo eMNIpUYHy LII0CMpPayilo Ha OCHO8I AHOHIMI308AHUX Peni3HuX Oanux n’samu SCrUM-xomaHo 3a
2025 pix, siopanux y ¢inancosomy oomeni: mempux Velocity, Throughput, Lead Time, CRS, xirexocmi depexmis, a
maxooc noxasuuxie Al Adoption & Engagement i Al Tools Daily Usage. Cnocmepeoicysani namepnu exazyiomos Ha
MOJHCTIUBE SHUICEHHA BONAMUNLHOCII HAGUAHHA MA CKOPOUEHHA 3AMPUMOK 380POMHO20 368 A3KY 34 YMOS SUWOT
winbnocmi euxopucmanns LI-incmpymenmis (Al sensing density): y nizniwiux yuxnax smenutyemoscs eapiamugHicme
delivery-mempux mioc penizamu, piowe ¢ixcyromocs supasiceni cniecku CRS ma nizno susieneni deghexmu, npu yvomy
CepeoHi 3HAUeHHs NPOOYKMUBHOCMI MOJNCYMb 3aaumamucs cmabinonumu. Ompumani pesyivmamu niompumyoms
sHympiwHo y3200dicenicms DEAM i ymounroroms, wo rmouosorw yinnicmio LI € ne npuckopenus “éuxoody”, a
niosuujenHs cmabitbHoCmi HasyanHs ma Kepoganocmi adanmayii. QOOMeNHCeHHAM 00CHIONHCEHHS. € OOHOOP2AHIZAYIUHUL
KOHmeKcm [ mocmpamusHuil (He niomeepodlCy8anibHuUll) Xapakmep eMRIPUYHO20 aHANi3y, NoOaibuli OO0CHIONCEeHHS
MAome KIOUAMU MIJCOPLAHI3AYIIHI NOPIGHSAHHS, KIIbKICHY 6a1i0ayilo KOHCMPYKMIE ma aHaiiz Modepamopis (008ipa
0o LI, ncuxonoeiuna b6e3nexka, NOAIMuUKU 8POVEAHHSL).

Kniouosi crosa: Agile, wmyunuii inmenexm, opeanizayitine nasuanns, cucmemne mucinenns, Data-Empirical
Agility, DEAM, Evidence-Based Management.

@opmynu: 0; Puc.: 2; Tabn.: 3; Bion.: 13
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Abstract. In the age of artificial intelligence, traditional Agile organizations face new challenges in learning and
adaptation. This paper examines how Agile organizations transition from traditional empirical process control toward
data-empirical learning under the growing adoption of artificial intelligence tools. The study aims to justify and design
a learning architecture in which Al provides continuous sensing signals and recommendations, while humans retain the
central role in sense-making, decision-making, and ethical governance. Using a Design Science Research approach, the
paper’s main result is the Data-Empirical Agility Model (DEAM), which conceptualizes Al-augmented organizational
learning across three interrelated layers: the methodology layer (learning governance and organizational readiness), the
framework layer (coordination structures and feedback mechanisms) and the method layer (adaptive practices enacted
through continuous improvement cycles). To strengthen practical relevance, the paper provides an exploratory empirical
illustration based on anonymized release-level data from five Scrum teams collected across 2025 in a financial domain,
including Velocity, Throughput, Lead Time, CRS, defects (bugs) and complementary Al Adoption & Engagement and Al
Tools Daily Usage indicators. The observed patterns suggest reduced learning volatility and shorter feedback delays in
contexts with higher Al sensing density: across later release cycles, delivery metrics display lower variance between
releases, pronounced CRS spikes occur less frequently and late-discovered defects become rarer, even when average
throughput remains relatively stable. These findings support the internal coherence of DEAM and indicate that the
primary value of Al in Agile learning systems is not merely output acceleration but improved learning stability and more
manageable adaptation. Limitations include a single-organization context and the illustrative (non-confirmatory) nature
of the empirical component; future research should extend the study through multi-organizational comparisons,
quantitative construct validation and examination of moderators such as Al trust, psychological safety and governance
policies.

Keywords: Agile, Artificial Intelligence, Organizational Learning, Systems Thinking, Data-Empirical Agility,
DEAM, Evidence-Based Management.

Formulas: 0; Figures: 2; Tab.: 3; Bibl.: 13

Introduction. The rapid integration of feedback signals within the organizational
artificial intelligence (Al) technologies into structure (Meadows, 2008). The increasing
organizational and project management presence of Al technologies introduces
practices has become a defining feature of automated sensing and analytical mechanisms
contemporary digital transformation. In Agile that may amplify, restructure or stabilize these
environments, which rely on empirical feedback loops.
learning, iterative coordination and continuous Despite widespread Al implementation
adaptation (Schwaber & Sutherland, 2020; in project environments, existing research
Highsmith, 2009), Al adoption introduces an predominantly concentrates on efficiency
additional layer of data-driven sensing and gains, automation capabilities and decision-
analytical augmentation that may support applications. Comparatively less
fundamentally reshape traditional feedback attention has been devoted to examining how
mechanisms. As organizations increasingly Al influences the structural dynamics of
embed Al-enabled analytics and generative organizational  learning and  adaptive
systems into operational workflows, the coordination. Prior empirical research in Al-
classical logic of empirical process control is augmented Agile organizations indicates that
being reconfigured, creating new theoretical Al adoption often aligns with existing
and managerial challenges. structural resistance patterns described by

Agile approaches were originally Larman’s Laws, resulting in incremental
conceptualized as human-centered improvements rather than deep systemic
coordination systems built upon short feedback transformation (Lukutin, 2025). Furthermore,
cycles, inspection, adaptation and collective studies of large-scale Agile transformation
reflection (Schwaber & Sutherland, 2020). highlight that technological adoption alone
Agile principles are closely aligned with does not guarantee behavioral change due to
broader theories of organizational learning that structural inertia embedded in organizational
emphasize feedback loops, reflection and systems (Larman & Vodde, 2016).
adaptive behavior (Argyris & Schon, 1996). Recent research on managing Al
From a systems-thinking perspective, the innovation in scaled Agile environments
effectiveness of such learning depends on the emphasizes the importance of structured
density, quality and interpretability of governance  patterns and  coordinated
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integration mechanisms (Lukutin, 2025a),
while other studies conceptualize Al as a
catalyst of organizational agility whose impact
depends on leadership alignment and learning
culture (Lukutin & Michkivskyy, 2025). These
findings suggest that Al may amplify existing
coordination logics unless supported by
redesigned learning architectures.

Despite the growing body of literature
on Agile transformation, Al governance and
hybrid intelligence systems, there remains a
lack of integrative conceptual models that
connect Al-driven sensing, empirical process
control and systemic learning dynamics within
a unified framework. The absence of such
models limits the theoretical explanation of
how Al modifies feedback density, learning
stability and adaptive coordination in project-
based environments.

To address the identified research gap,
a Design Science Research approach (Hevner
& Chatterjee, 2010) is applied to develop and
structurally articulate the proposed framework.
The detailed methodological design is
presented in the subsequent section.

Analysis of Recent Research and
Publications. Contemporary research on
Agile approach emphasizes empirical process
control, iterative delivery and adaptive
coordination as core mechanisms  of
organizational responsiveness (Schwaber &
Sutherland, 2020; Highsmith, 2009). Scaling
frameworks such as LeSS and Nexus extend
these principles to complex multi-team
environments, yet increasing structural
complexity often leads to delays in feedback
interpretation and decision-making (Larman &
Vodde, 2016). As organizations adopt Al tools
within Agile contexts, new forms of data-
driven sensing and automated insight
generation emerge, potentially reshaping these
feedback mechanisms.

Organizational learning theory
conceptualizes adaptation through feedback
loops and reflective practice (Argyris & Schon,
1996; Senge, 2006). Systems thinking further
highlights that learning effectiveness depends
on structural feedback density and causal
interdependencies (Meadows, 2008). Within
Agile environments, retrospectives, sprint
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reviews and incremental releases function as
institutionalized learning cycles. However, the
integration of Al introduces additional sensing
layers that may increase feedback frequency
while simultaneously altering interpretation
and governance dynamics.

Existing research on Al in management
primarily focuses on automation, predictive
analytics and decision support (Dellermann et
al., 2019; Krancher et al., 2018). While these
studies  demonstrate  performance-related
benefits, they rarely address how Al affects the
structural logic of organizational learning in
Agile systems. In particular, limited attention
has been devoted to understanding whether Al
merely accelerates existing coordination
patterns or fundamentally transforms learning
architectures.

Recent empirical evidence shows that
generative Al tools can measurably affect
software development performance and work
allocation. Controlled experiments report
substantial task completion speedups when
developers use Al pair-programming support
(Peng et al., 2023), while field experiments in
real organizational settings indicate that the
magnitude of effects varies across contexts and
tasks (Cui et al., 2025). Beyond productivity,
studies of human-Al collaboration emphasize
that GenAl reshapes how developers seek
information, coordinate and validate outputs,
implying structural changes in feedback
interpretation and collaboration routines
(Zhang & Venkatesh, 2025).

Recent empirical investigations into Al
adoption in Agile environments reveal that
high levels of tool usage and positive
perception do not necessarily lead to structural
transformation (Lukutin, 2025). Findings
suggest that Al may reinforce existing
coordination patterns unless accompanied by
changes in governance structures and role
definitions. Complementary research proposes
pattern-based approaches for managing Al
innovation in scaled Agile environments,
emphasizing structured integration and cross-
team  coordination  (Lukutin,  2025a).
Furthermore, Al has been conceptualized as a
catalyst of organizational agility; however, its
transformative impact depends on cultural
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alignment, leadership commitment and
learning maturity (Lukutin & Michkivskyy,
2025).

Despite the growing body of literature
on Agile transformation, Al governance and
hybrid intelligence systems, there remains a
lack of integrative conceptual models that
connect Al-driven sensing, empirical process
control and systemic learning dynamics within
a unified framework. The absence of such
models limits the theoretical explanation of
how Al modifies feedback density, learning
stability and adaptive coordination in project-
based environments.

This theoretical gap motivates the
development of the Data-Empirical Agility
Model (DEAM), which seeks to formalize the
transition from human-empirical to data-
empirical learning and to provide a structured
representation of Al-augmented learning
architecture in Agile organizations.

Aim and Objectives of the Study. The
identified theoretical gap concerning the
structural impact of Al on organizational
learning in Agile environments necessitates the
development of an integrative conceptual
framework. Accordingly, this study aims to
design and substantiate the Data-Empirical
Agility Model (DEAM) as a structured artifact
that explains the transition from human-
empirical to data-empirical learning in Al-
augmented Agile systems.

The research operationalizes this
transition by identifying structural shifts in
feedback density, sensing mechanisms, and
adaptive coordination patterns. Rather than
treating Al as a performance accelerator, the
study conceptualizes it as a sensing and
amplification layer embedded within existing
learning architectures.

To achieve this objective, the research
employs a Design Science Research (DSR)
methodology (Hevner & Chatterjee, 2010),
which is appropriate for developing and
evaluating innovative organizational artifacts.
Within the DSR paradigm, DEAM is
conceptualized as a formal model integrating
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empirical process control principles with data-
driven sensing structures. Particular attention
is paid to how increased Al sensing density
influences the stability, interpretability and
coherence of learning cycles in Agile project
systems.

The research design incorporates:

-systematic synthesis of prior research
on Agile empiricism and Al integration;

-structural modeling of feedback
dynamics through causal-loop analysis;

-iterative conceptual refinement and
internal consistency evaluation of the DEAM
framework.

In accordance with Design Science
Research principles, the study also includes an
exploratory empirical illustration to assess the
internal coherence and practical relevance of
the proposed model. Anonymized longitudinal
data from multiple Scrum teams were analyzed
at release and quarterly levels to identify
observable patterns aligned with the model’s
learning  mechanisms.  The  empirical
component is illustrative rather than
confirmatory and does not seek to establish
causal relationships; instead, it demonstrates
the applicability of the proposed data-
empirical architecture in real project contexts.

Research Results.

1.Design Outcomes of the Data-
Empirical Agility Model (DEAM) . This
section presents the primary design outcomes
of the study in the form of the Data-Empirical
Agility Model (DEAM), conceptualized as an
Al-augmented learning architecture for Agile
organizations.

The Data-Empirical Agility Model
(DEAM) extends Agile’s empirical process
control into the era of artificial intelligence. It
conceptualizes  organizations as data-
empirical learning systems where Al systems
act as learning partners - collecting and
processing feedback - while humans interpret,
adapt and govern ethically. DEAM consists of
three layers interconnected by feedback loops.
These layers and their functional roles are
summarized in Table 1.
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Table 1
Feedback loops of Data-Empirical Agility Model (DEAM)
Layer Function Al Role Human Role
Defines learning purpose and Provides insight from global Sets ethical direction and
Methodology .
governance data trends learning goals
Structures collaboration and Observes and visualizes cross- Interprets and aligns
Framework o )
coordination team flow meaning
Method Executes daily practices and Automates metrics and Reflects and adapts
etho
experiments feedback collection behavior
Source: developed by the Author
Each layer operates through a Sense — self-adjusting system that evolves through Al-

Interpret — Adapt — Re-learn loop, forming a human interaction.

Data-Empirical Agility Model

Collect Data N Generate
(flow, value, risk) Insights

A

Continuous

L
24 c
g Co-Learning 3
g System =
m g
<< : v 3
Interpret Adapt n
Meaning ¢ Systems
(context, ethics, intet)
Sense -
Interpret-Adjust
Re-learn
S

Figure 1. Data-Empirical Agility Model
Source: developed by the Author

Collectively, these design outcomes redefine agility as a data-empirical learning system rather
than a static set of practices. The DEAM framework makes explicit the separation of Al-based sensing
and feedback generation from human interpretation, adaptation and ethical governance, thereby
addressing the structural mismatch identified in the research problem.

2. Empirical Illustration of the Data-Empirical Agility Model.

265



ISSN (Print) 2307-6968, ISSN (Online) 2663-2209
Bueni 3anucku Yuisepcutery «KPOK» Nel (81), 2026

2.1. Data Sources and Context. To empirically illustrate the applicability of the Data-
Empirical Agility Model (DEAM), anonymized longitudinal data from five Scrum teams were
analyzed over the full calendar year 2025. The organizational context represents an Al-enabled Agile
environment in which each sprint resulted in a production release, enabling learning dynamics to be
observed across successive release-based cycles.

Three complementary data sources were used in this study:

1.Operational team metrics, captured at sprint and release levels, including Velocity,
Throughput (completed User Stories and Tasks), Lead Time, Change Request Spillover (CRS) and
the number of detected defects (Bugs);

2.Al Adoption & Engagement indicators, collected via internal surveys and reflecting
perceived confidence in Al-generated outputs, level of integration into daily workflows and overall
satisfaction with Al-supported practices;

3.Al Tools Daily Usage metrics, capturing the frequency of interaction with Al tools such as
GitHub Copilot, Confluence Al and Teams Copilot, reported using ordinal usage categories.

All data were fully anonymized and aggregated at team and quarterly levels where appropriate.
The empirical illustration is exploratory in nature and does not aim to establish causal relationships,
but rather to identify observable patterns aligned with the learning mechanisms proposed by DEAM.

2.2. Interpretation Framework. The empirical data were interpreted through the three-layer
structure of the Data-Empirical Agility Model.

At the Methodology layer, Al Adoption & Engagement indicators were treated as proxies for
organizational learning intent and governance maturity, reflecting the degree to which Al-generated
insights are institutionally accepted, trusted and embedded into decision-making processes.

At the Framework layer, Al Tools Daily Usage metrics were interpreted as indicators of
sensing density, representing the continuity and frequency with which Al-enabled feedback is
generated and made available across collaborative and coordination structures.

At the Method layer, operational team metrics were analyzed not as direct productivity
outcomes, but as indicators of learning stability, predictability and feedback delay between successive
releases.

Table 2

Mapping Empirical Metrics to the Layers of the Data-Empirical Agility Model (DEAM)

Metric category Specific indicators DEAM layer Learning interpretation
Al Adoption & Confidence in Al outputs, Organizational learning intent and
] ] ) ] Methodology ]
Engagement workflow integration, satisfaction governance maturity
Frequency of GitHub Copilot, Framework / Sensing density and continuity of

Al Tools Daily Usage

Confluence Al, Teams Copilot Method data-empirical feedback
. o Stability of adaptation rather than
Velocity Release-to-release variability Method o
productivity
Throughput (US, o ) .
Predictability across releases Method Consistency of learning outcomes
Tasks)
Lead Time Release-to-release variability Method Stability of adaptation
Frequency and magnitude of Delayed learning and
CRS a Y ) J Method ) y -g
spillovers misalignment signals
o ) Effectiveness of early sensing and
Bugs Timing of defect discovery Method

interpretation

Source: Developed by the Author based on empirical data (2025)
266
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2.3. Observed Patterns Across Release
Cycles. Analysis across quarterly intervals
(Q1-Q4) revealed several consistent patterns.

First, Al Adoption & Engagement
indicators increased progressively over the
year, suggesting a transition from exploratory
or ad hoc Al usage toward more systematic
integration into daily Agile practices. This
trend aligns with the DEAM assumption that
data-empirical agility emerges as Al becomes
embedded within learning governance rather
than treated as isolated tooling.

Second, higher Al Tools Daily Usage
frequency coincided with increased sensing
continuity across release cycles. Teams

exhibiting higher Al usage intensity
demonstrated fewer abrupt fluctuations in
operational indicators between consecutive
releases, suggesting shorter learning delays
and earlier surfacing of actionable signals.
Third, operational team metrics
exhibited reduced volatility rather than
increased output. While average Velocity and
Throughput levels remained relatively stable,
their variance between releases decreased in
later quarters. At the same time, the frequency
of late-discovered defects and pronounced
CRS spikes declined, indicating improved
alignment and earlier corrective adaptation.

Table 3

Quarterly Dynamics of Al Engagement and Learning Stability Indicators (Aggregated

Across Teams)

Al Adoption & Al Tools Usage Delivery . Late-discovered
Quarter Engagement Intensity volatility CRS spikes defects
Q1 Low—Moderate Low High Frequent Frequent
Q2 Moderate Moderate Medium Occasional Occasional
Q3 Moderate—High High Low—Medium Rare Rare
Q4 High High Low Rare Rare

Note: Indicators represent aggregated trends derived from release-based metrics and survey responses and are

used for exploratory illustration rather than statistical inference.

Source: Developed by the Author based on anonymized operational and Al usage data (2025)

Relationship Between Al Sensing Density and Learning Stability Across Release Cycles

4.0 +

3.5 1

3.0 1

2.5 1

2.0 1

Learning Stability (Low — High)

1.5 §

1.0 4

T
Q1 Qz

T
Q3 Q4

Al Sensing Density (Low — High)

Figure 2. Relationship Between Al Sensing Density and Learning Stability Across

Release Cycles

Source: Developed by the Author based on anonymized release-based data (2025)
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The figure illustrates the alignment
between increasing Al sensing density and
reduced learning volatility across quarterly
release cycles (Q1-Q4) without implying
causal dependency.

2.4. Implications for Data-Empirical
Learning. The observed empirical patterns
support the core proposition of the Data-
Empirical Agility Model: as Al transitions
from a supportive tool to a continuous sensing
and feedback partner, Agile learning loops
become shorter, more stable and less reactive.
Rather than demonstrating productivity
acceleration, the data illustrate a shift toward
learning stability, characterized by reduced
volatility, improved predictability and earlier
detection of misalignment. This distinction
reinforces the conceptual positioning of
DEAM as a framework for data-empirical
learning rather than performance optimization.

The combination of increased sensing
density at the Framework and Method layers,
together with higher adoption maturity at the
Methodology layer, appears to enable more
coherent interpretation and adaptation between
releases, consistent with DEAM’s separation
of Al-based sensing from human sense-making
and ethical governance.

2.5. Limitations. This empirical
illustration is subject to several limitations.
The data originate from a single organizational
context and are analyzed at an aggregated
level, which limits generalizability. Al
adoption and usage indicators rely partly on
self-reported survey data, and operational
metrics were interpreted qualitatively rather
than through inferential statistical testing.

Accordingly, the findings should be
understood as exploratory and illustrative.
Future research should extend this work
through comparative  multi-organizational
studies, controlled empirical designs, and
deeper quantitative validation of data-
empirical learning mechanisms.

2.6. Interpretation of Findings. The
discussion integrates the conceptual design of
the Data-Empirical Agility Model with the
empirical illustration presented in the previous
section. The observed patterns across release
cycles provide contextual grounding for the
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proposed learning mechanisms, allowing the
model to be interpreted not only as a
theoretical construct but as a practically
relevant learning architecture for Al-
augmented Agile environments.

DEAM reframes agility as a co-
learning system where Al provides
transparency and pattern recognition, humans
ensure sense-making, ethics and contextual

adaptation.
This transition from empirical to data-
empirical agility implies that feedback

originates not only from observation but also
from continuous Al analysis. Yet automation
without meaning risks pseudo-learning; thus,
human interpretation remains central.

Practical implications include:

—Al-assisted retrospectives and
predictive  Evidence-Based Measurement
(EBM) metrics;

—Al-supported Scrum Mastering and
portfolio visualization;

—governance combining algorithmic
insight with ethical oversight.

From a research perspective, the
empirical illustration aligns with the study’s
research propositions. In particular, the
observed reduction in learning volatility under
conditions of higher Al sensing density
supports the proposition that Al-augmented
feedback requires learning architectures
beyond traditional empirical process control.
At the same time, the findings reinforce
existing organizational learning and systems
thinking literature by highlighting the
continued centrality of human sense-making
and ethical governance in Al-enabled learning
systems.

Conclusions. The results of the study
demonstrate that the proposed Data-Empirical
Agility Model (DEAM) provides a coherent
structural representation of Al-augmented
learning processes in Agile environments. The
empirical illustration based on longitudinal
data from multiple Scrum teams indicates
observable patterns of reduced delivery
volatility, increased consistency of throughput
and stabilization of coordination dynamics
under conditions of increased Al-assisted
sensing. These observations do not imply
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direct causal relationships but support the
interpretation of Al as an amplification layer
influencing feedback density and learning
stability within Agile systems.

The article introduces the Data-
Empirical Agility Model (DEAM) - a
conceptual framework defining how Al

augments Agile learning systems.

In addition to the conceptual
contribution,  this study provides an
exploratory empirical illustration based on
anonymized release-level data from multiple
Scrum teams. The observed patterns
demonstrate alignment between Al sensing
density and learning stability across release
cycles, reinforcing the internal coherence and
practical relevance of the proposed Data-
Empirical Agility Model.

The scientific novelty of the study lies
in formalizing the transition from human-
empirical to data-empirical learning in Al-
augmented Agile systems.

The theoretical significance of the
research consists in integrating Agile
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