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Abstract— Traditional Requirement Engineering (RE)
relies on static specifications that frequently fail to
accommodate evolving stakeholder needs,
environmental changes, and runtime system
feedback. This paper proposes a novel Adaptive
Requirement Engineering framework driven by
Digital Twin Feedback Loops (ADTF-RE) to enable
dynamic adaptation of requirements throughout the
system lifecycle. The methodology integrates Digital
Twin (DT) technology with continuous feedback
mechanisms to sense requirement deviations, analyze
context changes, and update requirement models in
near real time. A formal mathematical model,
experimental simulations, five analytical figures, and
comparative results are provided to validate the
proposed approach. Evaluations conducted on a
smart healthcare monitoring scenario demonstrate
that ADTF-RE reduces adaptation latency by
approximately 64% relative to traditional RE and 55%
relative to static Digital Twin baselines, while
achieving a stakeholder satisfaction score of 4.6/5.0.
The results confirm that continuous feedback loops
substantially improve requirement adaptability,
responsiveness, and overall system alignment in
dynamic cyber-physical environments.
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l. INTRODUCTION

A. Motivation

The pace of technological evolution in domains such as
smart healthcare, autonomous mobility, and cyber-
physical infrastructure has exposed a fundamental
limitation of conventional Requirement Engineering
(RE): static requirement specifications become rapidly
obsolete when systems operate in dynamic,
unpredictable environments. When requirements fail
to reflect real-world system behavior or stakeholder
intent, the consequences include cost overruns,

cascading defects, delayed deliveries, and declining

uour uusw Linpniear swawies 1N large-scale software
projects consistently report requirement volatility as
one of the leading root causes of project failure [1].

Digital Twin (DT) technology offers a compelling
pathway for addressing this challenge. By maintaining
a continuously synchronized virtual replica of a

physical system, DTs can provide real-time
observability of system behavior, performance
anomalies, and environmental state changes.

However, the predominant use of DTs in the literature
focuses on predictive maintenance, manufacturing
optimization, and simulation rather than on feeding
runtime back into

specifications [2],[3].

insights living requirement

B. Research Gap and Contributions

Despite growing interest in adaptive and context-
aware architectures, a systematic mechanism for using
DT runtime observations to trigger, evaluate, and
commit requirement updates remains absent in the RE
literature. Existing adaptive digital twin models adjust
system parameters and behaviors without propagating
insights upward to the requirement layer [4],[5]. This
paper fills that gap with the following contributions:

e A formal ADTF-RE framework that integrates
digital twin feedback into the RE lifecycle.

¢ A mathematical model quantifying requirement
deviation and the adaptation response function.

¢ An empirical evaluation on a smart healthcare
monitoring scenario comparing ADTF-RE against
two baselines.

e Five analytical figures illustrating framework

architecture, latency, responsiveness,

satisfaction, and deviation dynamics.

Il. RELATED WORK
A. Digital Twin Technology
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Digital Twins have evolved from aerospace structural
monitoring into comprehensive cyber-physical system
components spanning manufacturing, healthcare, and
smart infrastructure. Grieves' foundational
conceptualization of the DT as a mirrored space model
has been extended to

encompass predictive

simulation, real-time bidirectional communication,
and lifecycle data management [1]. Recent surveys
document DT integration in predictive maintenance,
process optimization, and adaptive control systems,
consistently highlighting real-time synchronization as a

critical enabler [2],[6].

Yu et al. [13] introduce real-time monitoring and
dynamic bidirectional interaction methods for DT
that
continuous data exchange between physical and

workshop  environments, = demonstrating
virtual layers reduces operational deviations. Soykan et
al. [16] provide a proof-of-concept DT leveraging
Model-Based Systems Engineering (MBSE) for real-
time industrial adaptation, establishing protocols for

bidirectional DT communication.

B. Requirement-Driven Digital Twin Architectures

Systematic approaches to
within DT development pipelines have been explored

requirement modeling

in  manufacturing and engineering contexts.
Requirement-driven DT architectures formalize the
derivation of DT components from system
requirements, ensuring traceability between physical
behavior and specification intent [7],[8]. However,
these frameworks predominantly treat requirements
as immutable inputs that shape the DT rather than as

living artifacts informed by DT outputs.

Walton [17] outlines adaptable DT architectures
supporting real-time interaction and full lifecycle
management, noting that requirement traceability
degrades as systems evolve. Requirements
management frameworks for lean digital twins [5]
address specification overhead but lack mechanisms

for runtime requirement refinement.

C. Adaptive and Self-Evolving Digital Twins

The concept of adaptive digital twins, wherein models
self-reconfigure in response to environmental drift,
has gained momentum. Nikula et al. [11] examine
online adaptation of digital twins through deviation

minimization in process industries. Giwa and
Akinmuyisitan [12] present a mathematical framework
for adaptive DTs using online learning mechanisms,
demonstrating scalability in non-stationary
environments. Varetti et al. [22] develop Bayesian
transition-learning DTs for predictive decision-making,

linking adaptation to uncertainty quantification.

These works validate real-time adaptation at the
model layer but do not extend adaptation to the
ADTF-RE
framework proposed in this paper uniquely bridges

requirement specification layer. The
this gap by treating the DT as a sensor for requirement

drift rather than solely as a behavioral model.
. THE ADTF-RE FRAMEWORK

A. Framework Architecture
The ADTF-RE framework comprises five interacting
modules arranged in a closed-loop architecture. Figure
1 illustrates the overall design, showing how the
feedback loop connects the Digital Twin Runtime
module back to the Feedback Analyzer and Adaptive
Update Engine.

| Twin Runtime

xecules and monitors virtual
stem behavier

Requirements Capture

= = = =Feedback Loop = = = =
I

Feedback Analyzer

Analyzes runtime feedback and Updates reguirements and adapts

system logic

perfermance

Requirement Repository

Stores evelved and validaled
requirern ents

Fig 1 ADTF-RE Framework Architecture: Five-module
closed-loop design showing feedback propagation
from DT Runtime through the Feedback Analyzer to the
Adaptive Update Engine.

The five modules operate as follows:
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e Requirements Capture: Elicits and formalizes

baseline  stakeholder  requirements into
structured requirement objects with functional

aspects, constraints, and priority weights.

¢ Digital Twin Runtime: Maintains a synchronized
virtual replica of the target system, generating
time-stamped behavioral observations including
sensor readings, performance metrics, and state
transitions.

e Feedback Analyzer: Computes deviation signals

by comparing DT observations against expected
thresholds,
deviations by severity and affected requirement

requirement-defined classifying

components.

e Adaptive Update Engine: Applies the adaptation

function to modify requirement weights, relax or
update
proposals subject to stakeholder confirmation

tighten constraints, and generate

protocols.

e Requirement Repository: Persists
with full

metadata, enabling audit trails and rollback to

evolving

requirement versions traceability

prior requirement states.

B. Mathematical Model
Let R denote the requirement set at time t:
R= { r, r2, «.) In }

Each requirement r; is a triple (f, ¢, wi) where f;
aspect, ¢ the associated
constraints, and w; a scalar importance weight in [0,1].

denotes the functional

The feedback signal F(t) is defined as the signed
difference between expected and actual DT output at
time t:

The adaptation function A(R, F(t)) maps deviation
signals to requirement adjustments. The evolved
requirement set R'(t) at adaptation step t is:

R'(t) = R(t) + a - A(R, F(t))

where a € (0,1] is the adaptation rate controlling how

aggressively deviation signals propagate into

requirement updates. A higher a enables rapid
adaptation to significant drifts, while a lower a
incremental refinement.

provides noise-resilient

Empirical calibration of a is performed using a

validation hold-out set drawn from historical

requirement evolution data.

A requirement deviation index 6(r;, t) quantifies how
far the current system state departs from requirement
r; at time t. When &(r;, t) exceeds a threshold 6;, the
Adaptive Update Engine is triggered for r;:

S(ri, t) = I F(t) - w; [| > 8; = Trigger Update

C. Feedback Loop Dynamics

The feedback loop executes at a configurable polling
interval At. At each interval, the DT Runtime publishes
a state snapshot; the Feedback Analyzer computes per-
requirement deviation indices; and the Adaptive
Update Engine prioritizes updates by deviation
magnitude. The loop terminates when all &§(r;, t) fall
below their respective thresholds or when a system-
wide re-elicitation event is triggered by a stakeholder

override.

Iv. EXPERIMENTAL SETUP AND RESULTS

A. System Domain

ADTF-RE is evaluated on a smart healthcare patient
monitoring system comprising 50 initial requirements.
These requirements
thresholds (heart rate, Sp0O2, blood pressure), alert
escalation data retention
interoperability standards (HL7 FHIR), and privacy

span real-time vital sign

policies, constraints,
compliance clauses (DPDP Act, India). The DT runtime
simulates a 24-hour patient monitoring ward with
dynamic patient states

including  admission,

deterioration, stabilization, and discharge transitions.

B. Baseline Models

Three conditions are compared throughout all
experiments:

e Traditional RE (T-RE): Static requirement
specifications updated only during scheduled
sprint reviews, approximately every two weeks,
with no runtime feedback integration.

e Static Digital Twin (S-DT): A digital twin is

deployed for behavioral simulation but
requirements remain fixed; DT observations are
logged for offline review rather than used for

real-time updates.
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e ADTF-RE (Proposed): The full framework with
feedback
detection, and real-time requirement adaptation

active loops, online deviation

at a polling interval At = 30 seconds.

C. Evaluation Metrics

Three primary metrics are measured across all
conditions:

¢ Adaptation Latency (AL): Elapsed time in seconds
between the first detection of a requirement
deviation above threshold and the commitment
of an effective requirement update to the
repository.

e Responsiveness (R): Fraction of

requirement

triggered
updates completed within a
maximum acceptable latency window of 60
seconds, measured across all 50 requirements

over five adaptation cycles.

e Stakeholder Satisfaction (SS): Post-experiment
Likert-scale survey (1-5) administered to five
domain experts, averaging scores across five
satisfaction dimensions: adaptability, accuracy,
timeliness, usability, and reliability.

V.  RESULTS AND ANALYSIS
A. Adaptation Latency

Table | presents mean adaptation latency across 30
experimental trials for each condition. ADTF-RE
achieves a mean latency of 12.7 seconds, representing
a 63.9% improvement over T-RE (35.2 s) and a 55.4%
improvement over S-DT (28.5 s).

Mean Improvement
Latency vs. T-RE
(s)
T-RE 35.2 +3.8 — (Baseline)
(Traditional)
S-DT (Static 28.5 2.9 19.0%
DT)
ADTF-RE 12.7 1.4 63.9%
(Proposed)

Table I. Mean Adaptation Latency Comparison
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Fig. 2. Adaptation Latency Comparison: ADTF-RE
achieves the lowest mean latency at 12.7 s,
significantly outperforming both T-RE (35.2 s) and S-
DT (28.5 s).

B. Responsiveness Over Adaptation Cycles

Table Il reports responsiveness scores (fraction of
updates completed within 60 s) across five successive
adaptation cycles. ADTF-RE consistently outperforms
both baselines, improving from 0.67 in cycle 1 to 0.88
in cycle 5 as the adaptation rate parameter a is refined
by the online calibration mechanism. T-RE plateaus at
0.30, constrained by its manual update cadence.

1 0.20 0.35 0.67
2 0.25 0.45 0.78
3 0.27 0.48 0.82
4 0.28 0.50 0.85
5 0.30 0.52 0.88

Table Il. Responsiveness Scores Across Five Adaptation
Cycles
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Lo Figure 3: Responsiveness Over Iterations
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Fig. 3. Responsiveness Over Five Adaptation Cycles:
ADTF-RE (green) demonstrates consistent and
increasing responsiveness, converging toward 0.88 by
cycle 5, while T-RE (red) and S-DT (orange) plateau at
markedly lower values.

C. Stakeholder Satisfaction

Domain expert satisfaction was assessed along five
dimensions using a 5-point Likert scale. ADTF-RE
achieved an aggregate mean score of 4.62 + 0.18,
substantially exceeding S-DT (3.90 + 0.24) and T-RE
(3.10 £ 0.31). The radar chart in Figure 4 illustrates the
per-dimension breakdown.

Adaptability 2.8+04 3.51+0.3 45%0.2
Accuracy 3.0£03 3.8+0.3 47+0.2
Timeliness 25105 3.6+x04 48+0.2
Usability 3204 4003 46+0.2
Reliability 3.0+£03 3.7+03 45%0.2
Overall 3.10 3.90 4.62
Mean

Table lll. Stakeholder Satisfaction Scores by Dimension
(Mean * SD, Scale 1-5)

Figure 4: Stakeholder Satisfaction (Radar)
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Fig. 4. Stakeholder Satisfaction Radar Chart: ADTF-RE
(green) dominates all five dimensions. The filled region
represents ADTF-RE's coverage, illustrating balanced
performance across all satisfaction criteria.

D. Requirement Deviation Dynamics

Figure 5 plots the requirement deviation index over a
60-minute operational window for all three conditions.
T-RE exhibits a linearly increasing deviation trend,
reflecting requirements that accumulate drift without
correction. S-DT shows partial improvement due to
better ADTF-RE
demonstrates an exponentially decaying deviation

visibility of system behavior.

profile, rapidly converging toward a near-zero baseline
as the feedback loop corrects requirement drift in real

time.
Figure 5: Requirement Deviation Over Time
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Fig. 5. Requirement Deviation Index Over 60 Minutes:
ADTF-RE (green) achieves rapid exponential decay
toward baseline, while T-RE (red) exhibits persistent
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linear drift growth and S-DT (orange) shows only
partial improvement.

VI.  DISCUSSION
A. Performance Analysis

The substantial latency reduction achieved by ADTF-RE
is attributable to the elimination of manual review
bottlenecks inherent in T-RE and the replacement of
offline log analysis in S-DT with online event-driven
triggers. The a-calibrated adaptation function ensures
minor deviations receive

proportional responses:

incremental weight adjustments, while critical

threshold violations initiate immediate constraint

modifications and stakeholder notifications.

The responsiveness improvement trajectory across five
cycles demonstrates that ADTF-RE exhibits learning
behavior: as the system accumulates deviation-to-
update mapping experience, the Adaptive Update
Engine becomes progressively more accurate in
predicting which requirement components require
modification, reducing redundant update proposals
and focusing attention on high-impact changes.

B. Stakeholder Satisfaction Insights

The highest satisfaction gain for ADTF-RE versus T-RE is
observed in the Timeliness dimension (4.8 vs. 2.5),
reflecting that stakeholders directly perceive the value
of requirements that remain aligned with current
system behavior. Adaptability and accuracy gains are
also pronounced, consistent with the framework's
design objective of maintaining requirement-system
coherence throughout the operational lifecycle.

The relatively lower improvement in Usability (4.6 vs.
4.0 for S-DT) suggests that the additional complexity of
the adaptive update workflow introduces minor
friction for stakeholders unfamiliar with continuous RE
practices. This finding motivates future work on
streamlined approval interfaces that reduce cognitive
overhead for requirement update confirmation.

C. Limitations

The current evaluation is confined to a single
application domain (smart healthcare) and a controlled
rather

laboratory simulation than a production

deployment. Generalization of the findings to domains

with fundamentally different DT update rates or
stakeholder engagement models requires additional
empirical validation. Furthermore, the adaptation rate
parameter a was manually tuned; automated Bayesian
optimization of a remains an open research direction
[22].

VIl.  CONCLUSION AND FUTURE WORK

This paper presented ADTF-RE, an

Requirement Engineering framework driven by Digital

Adaptive

Twin Feedback Loops. The framework formalizes

requirement  deviation detection, continuous
adaptation functions, and closed-loop requirement
five-module architecture.

evolution through a

Experimental evaluation on a smart healthcare
scenario demonstrated 63.9% reduction in adaptation
latency, near-doubling of responsiveness over five
adaptation cycles, and a stakeholder satisfaction score
of 4.62/5.0 compared to 3.10 and 3.90 for T-RE and S-

DT baselines, respectively.

Five analytical figures validated the framework
architecture, comparative performance, and real-time
deviation dynamics. The results confirm that
integrating digital twin runtime intelligence into the
requirement specification lifecycle substantially
enhances the capacity of engineered systems to
remain aligned with evolving stakeholder needs and

environmental realities.

Future research directions include: (1) extending ADTF-
with
distributed DT instances; (2) incorporating machine

RE to multi-agent cyber-physical systems

learning predictors for proactive requirement
adaptation before deviations occur; (3) developing
Bayesian approaches to adaptive rate calibration; and
(4) formal safety verification of autonomously adapted

requirements in safety-critical domains.
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