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Abstract Enterprise economic audit and management increasingly require adaptive decision-support systems capable
of operating with heterogeneous data, nonlinear constraints, distributed computing resources, and incomplete supervision.
This study proposes a model-driven enterprise economic management framework that combines genetic-algorithm-based
optimization, deep-learning decision support, weakly supervised learning, model transformation, and edge—cloud collaboration.
The framework separates business-level models from platform-specific implementation through model-driven engineering
and Query/View/Transformation (QVT)-style transformations, while Open Neural Network Exchange (ONNX)-compatible
deployment is used to support model portability across heterogeneous execution environments. Genetic algorithms are
employed for constrained resource-allocation and scheduling problems, whereas deep-learning models provide data-driven
prediction and representation capabilities. Weak supervision and active learning are incorporated to reduce dependence on
fully labeled enterprise datasets. At the infrastructure level, software-defined networking and stochastic network calculus
support adaptive routing, distributed task placement, and probabilistic delay analysis across edge and cloud resources. The
case-study evaluation reports a 32.6% improvement in data-flow efficiency after genetic-algorithm optimization, resource
utilization of 91.6% for the GA-based strategy, and active-learning classification accuracy exceeding 63% when only 1% of the
data are labeled. These results are treated as case-specific simulation outcomes rather than universal performance guarantees.
The proposed framework contributes an integrated architecture for transforming enterprise economic models into deployable
intelligent services while maintaining model traceability, resource efficiency, and responsiveness under distributed operating
conditions.

Index Terms enterprise economic management, economic audit, genetic algorithm,
deep learning, weak supervision, model-driven engineering, edge—cloud collaboration,
stochastic network calculus

l. Introduction

nterprise economic management is becoming increas-
E ingly data-intensive as firms operate within volatile mar-
kets, digitized supply chains, distributed information sys-

tion, risk analysis, and high-dimensional economic modeling
[2]]. More recent work on economic forecasting and small-
and medium-sized enterprise growth similarly emphasizes the
value of ensemble learning, deep learning, and interpretability

tems, and rapidly changing regulatory and operational en-
vironments. Traditional management frameworks based pri-
marily on static rules, centralized processing, and manually
specified decision procedures are often insufficient when re-
source constraints, demand conditions, network states, and
financial signals change continuously. Research on China’s
digital economy likewise indicates that data-driven economic
activity is reshaping industrial organization, governance, and
value creation, thereby increasing the importance of adaptive
analytical systems [[1]].

Machine learning has consequently become an important
component of economic prediction and enterprise decision
support. A systematic review of deep learning in economics
documents expanding applications in forecasting, classifica-

methods in data-driven economic decision-making [3]]. Hy-
brid optimization is particularly attractive because prediction
and decision variables frequently interact. Bedoui et al., for
example, combine deep learning and genetic algorithms in a
portfolio-optimization setting, illustrating the practical value
of coupling predictive models with evolutionary search [4].
Genetic algorithms (GAs) are suitable for enterprise re-
source allocation because they can search large, nonlinear,
constrained solution spaces without requiring a differentiable
objective function. The broader evolutionary-computation lit-
erature documents their applicability to complex continuous
optimization involving many variables, constraints, objec-
tives, and dynamic conditions [5]. Evidence from adjacent
scheduling and network-design domains also demonstrates the
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flexibility of metaheuristic approaches: genetic and simulated-
annealing methods have been used for urban transit scheduling
[6]; GA and NSGA-II have been applied to multi-objective
transit-network design [7]]; cuckoo search has been used for
sustainable transit-network design [8]|; grasshopper optimiza-
tion has been hybridized for vehicle routing [9]]; and heuris-
tic approaches have been developed for resource-constrained
home-healthcare scheduling [[10]. These studies do not consti-
tute direct evidence for enterprise auditing, but they demon-
strate that evolutionary and metaheuristic optimization can
remain effective when scheduling, routing, resource, and ob-
jective constraints interact.

Deep learning provides a complementary capability. Rather
than directly optimizing a combinatorial allocation, deep
models learn predictive representations from historical or
streaming data. This is useful when enterprises must esti-
mate demand, classify risks, detect anomalous behavior, or
forecast economic outcomes from heterogeneous inputs. The
usefulness of machine learning across structurally different
domains is also illustrated by applications in biomechanical
risk prediction [11] and broader reviews of machine learn-
ing in biomaterials, biomechanics, and biofabrication [12].
These examples are outside enterprise management, but they
demonstrate the transferability of data-driven representation
and prediction methods across complex systems.

A major practical limitation is the scarcity of reliable la-
bels. Enterprise records may be incomplete, inconsistently
categorized, commercially sensitive, or expensive to annotate.
Weakly supervised learning addresses settings in which su-
pervision is incomplete, inexact, or inaccurate [13]]. Active
learning further reduces labeling cost by querying the most
informative instances. Figure [I]illustrates the role assigned to
active selection, model training, and validation in the proposed
framework. Cross-validation and held-out testing are used to
estimate predictive error rather than relying on distributional
significance tests that are unrelated to the predictive objective.
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Figure 1: Active-Learning and Deep-Learning Workflow for
Data Selection, Training, and Validation

The enterprise system must also be deployable. Model-
driven engineering (MDE) addresses the transformation from
abstract domain models to platform-specific implementations
and executable artifacts. QVT is a standardized family of
model-transformation languages, and QVT Relations provides
a declarative mechanism for specifying relationships between
models [14]. Model-driven engineering more generally em-
phasizes the use of explicit models and automated transfor-
mations to manage software complexity [15]]. These ideas
are useful for enterprise economic systems because business
rules, audit entities, resource constraints, and deployment
targets can evolve independently.

Deployment occurs increasingly in distributed edge—cloud
environments. Edge computing can reduce latency, bandwidth
use, and centralized processing pressure, while cloud re-
sources provide elastic computation and model-management
capacity. Qiu et al. identify routing, task scheduling, data ana-
Iytics, security, load balancing, and offloading as central issues
for edge-enabled industrial systems [[16]. Software-defined
networking (SDN) adds programmable network control and
global traffic-management capabilities [|17]. Distributed learn-
ing and routing research in software-defined vehicular net-
works further demonstrates how edge intelligence can support
low-latency decision-making [18]].

The present study integrates these strands into a model-
driven enterprise economic audit and management framework.
The principal research questions are: (1) how can business
models be transformed into deployable intelligent components
while preserving model consistency; (2) how can genetic algo-
rithms and deep learning be combined for resource allocation
and predictive decision support; (3) how can weak supervision
improve robustness when labeled enterprise data are scarce;
and (4) how can edge—cloud scheduling and stochastic net-
work calculus support distributed execution under latency and
resource constraints?

Il. Related Work
A. Optimization, Scheduling, and Resource Allocation
Scheduling problems provide useful methodological analogies
for enterprise management because they involve constrained
allocation of limited resources over time. Delay-aware geo-
graphic routing has been used to improve communication per-
formance in urban vehicular networks [19]], while multi-AGV
routing research combines pre-planning, real-time adjustment,
conflict avoidance, and time-window constraints [20]. Emer-
gency and recovery scheduling also illustrates the need to opti-
mize under severe constraints. Cui et al. formulate a two-stage
rescue and reconstruction scheduling problem after tunnel
collapse [21]], whereas Liu et al. develop resilience-oriented
restoration schedules for transportation networks [22]]. In each
case, the optimization problem combines limited resources,
temporal constraints, operational priorities, and system-level
performance.

Uncertainty creates an additional challenge. Green road—
rail intermodal routing has been formulated using fuzzy pro-
gramming to incorporate uncertain service and scheduling
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conditions [23[]. Such work is relevant to enterprise man-
agement because financial, logistical, and audit decisions
frequently rely on uncertain demand, incomplete data, and
fluctuating service capacity. The present framework therefore
treats optimization as an adaptive process rather than a one-
time deterministic calculation.

B. Deep Learning and Weak Supervision in Economic
Decision Support

Deep learning has become increasingly important in economic
applications because many enterprise relationships are non-
linear and difficult to specify using fixed parametric forms.
Zheng et al. review the strengths and limitations of deep
learning in economics, including issues of interpretability,
data requirements, and model selection [2]. Al-Karkhi and
Rzadkowski extend this perspective to forecasting and SME
growth prediction and emphasize the value of ensemble mod-
els and interpretability techniques [3].

The principal data challenge addressed in this study is
limited supervision. Weakly supervised learning distinguishes
incomplete, inexact, and inaccurate forms of supervision and
provides a conceptual basis for learning when strong labels are
unavailable [[13[]. Active learning can be layered on this set-
ting by requesting labels selectively. The present framework
therefore uses weak supervision not as a guarantee of high ac-
curacy, but as a mechanism for maintaining usable prediction
when complete enterprise labels cannot be obtained.

C. Model-Driven Engineering and Portable Deployment

Model transformation is central to the proposed architecture.
QVT provides a standardized approach to transforming mod-
els defined at different abstraction levels [14]. In the present
system, the platform-independent business model (PIM-BM)
describes economic entities, relationships, audit rules, and
decision constraints, while the platform-specific business-
component model (PSM-BC) expresses deployable compo-
nents, data interfaces, and execution requirements. Figure E]
summarizes this transformation logic. Figure [3| focuses on the
mapping from business entities to platform-specific business
objects. Entity types, attributes, keys, and relationships are
transformed while preserving structural constraints.

Model portability is also important for trained neural net-
works. ONNX provides a widely used intermediate represen-
tation for exchanging trained models across frameworks and
deployment toolchains; related work such as QONNX extends
this representation for quantized neural networks [24]. In the
present framework, ONNX-compatible export is used as a
deployment abstraction rather than as part of the business-
model transformation language.

D. Edge—Cloud Collaboration and Network Control

Distributed execution requires a network architecture capable
of placing tasks close to data sources when low latency is
important while still exploiting cloud resources for global
optimization and intensive model training. Edge-computing

research in industrial environments emphasizes workload of-
floading, routing, analytics, data sharing, and security as major
architectural challenges [[16]. SDN can improve network-wide
traffic visibility and programmable control, and Guo and Yuan
demonstrate the use of SDN and artificial intelligence for
traffic optimization [17]]. Distributed learning in software-
defined Internet-of-Vehicles research similarly shows how
edge intelligence can reduce routing-decision latency [18]].

The network-performance layer in this study uses stochastic
network calculus (SNC), not “Secure Network Communica-
tions.” SNC provides a mathematical framework for proba-
bilistic traffic and service guarantees, including backlog and
delay bounds [25]. This distinction is important because the
mathematical treatment later in the paper concerns arrival
processes, service processes, concatenation, and stochastic
delay bounds.
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Figure 2: Model-Transformation Principle From a Platform-
Independent Business Model to a Platform-Specific Business
Component Model
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Figure 3: Transformation Relationship From Business Entities
in PIM-BM to Business Objects in PSM-BC
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Ill. Methods
A. Overall Framework

The proposed framework contains five interacting layers:
(1) enterprise economic and audit models; (2) model trans-
formation and synchronization; (3) predictive learning; (4)
optimization and scheduling; and (5) edge—cloud execution.
Business semantics are first represented at the PIM-BM level.
QVT-style transformation rules convert these structures into
PSM-BC components, after which executable services and
model interfaces are generated. Predictive models are trained
from enterprise data and exported to deployment-compatible
formats. Genetic algorithms optimize resource allocation,
scheduling, and model-placement decisions. The edge—cloud
layer executes the resulting services subject to capacity, la-
tency, and network constraints.

The architecture is designed to preserve traceability. A
business entity or audit rule should remain identifiable after
transformation into a platform-specific object or service. Sim-
ilarly, a model version used in production should be linked to
its training configuration and deployment target. This reduces
the risk that enterprise policy changes, data-schema changes,
or model updates become inconsistent across the system.

B. Model Transformation and Synchronization

A model transformation can be represented as a relation
between a source-model domain and a target-model range. For
a transformation relation R, each element should satisfy the
declared source and target metamodel constraints. Nonredun-
dancy requires that two relation elements with identical do-
main and range mappings represent the same transformation:

Ve, f € R, dom(e) = dom(f)Aran(e) = ran(f) = e = f.

This formulation is consistent with the declarative relation-
oriented logic of QVT-style transformations [14]].

Figure illustrates the movement from a platform-
independent model to a platform-related component model.
The central methodological requirement is not simply syn-
tactic translation; semantic consistency must be maintained
between business concepts and executable components.

For relational persistence, entity transformation follows
three cases. First, each entity type is converted into a re-
lational schema in which entity attributes become relation
attributes and entity identifiers become keys. Second, for a
one-to-one relationship, the key and relationship attributes
may be incorporated into either participating schema subject
to integrity constraints. Third, for one-to-many and many-
to-many relationships, foreign-key or separate relationship-
schema representations are created as appropriate. Figure [3|
presents this relationship graphically.

Model synchronization is version-aware. When a business
model changes, transformation traces identify affected PSM-
BC elements and executable components. Reverse or bidi-
rectional consistency is desirable when platform-level im-
plementation changes must be reconciled with higher-level
models. This is one of the motivations for using relation-based
transformation concepts rather than ad hoc code generation.

C. Deep-Learning and Weak-Supervision Layer

The learning layer supports forecasting, classification,
anomaly identification, and decision support. In fully super-
vised settings, labeled historical observations can be used
directly. When labels are incomplete, weak supervision and
active learning are used to prioritize informative samples
[13]. Figure [I] shows the interaction between active sample
selection, training, and evaluation.

The framework separates predictive accuracy from opti-
mization quality. A highly accurate predictor does not au-
tomatically generate an optimal resource-allocation decision,
and an optimizer cannot compensate for systematically biased
predictions. The predictive layer therefore exposes uncertainty
and output scores to the optimization layer rather than collaps-
ing all decisions into a single model.

The relevance of machine learning to economic forecasting
is supported by the recent review literature [2], [3]]. Hybridiza-
tion with genetic algorithms is also established in financial op-
timization; Bedoui et al. combine deep learning and GA-based
optimization within a portfolio model [4]. The current study
generalizes the architectural idea to enterprise resource and
audit decisions rather than reproducing that specific financial
model.

D. Genetic-Algorithm Optimization

A chromosome represents a candidate allocation or schedul-
ing plan. Genes can encode resource assignments, task order,
model-placement decisions, or parameter choices. The initial
population is evaluated using a fitness function that combines
utilization, delay, cost, constraint violations, and application-
specific priorities. Selection, crossover, and mutation generate
new candidate populations until the termination criterion is
met.

The choice of GA is supported by the broader evolutionary-
computation literature [5]. Comparable metaheuristic opti-
mization has been demonstrated in transport scheduling [|6]]—
[8], vehicle routing [9]], healthcare scheduling [10], and re-
silience planning [22]. These domains differ from enterprise
economic management, but the common computational struc-
ture is constrained combinatorial or multi-objective optimiza-
tion.

Distance metrics are used within clustering or similarity-
based preprocessing. For two two-dimensional samples, Man-
hattan distance is

di = |v1 — 22| + |y1 — 2], (D
Euclidean distance is
dy = \/(l‘l - 332)2 + (y1 — y2)2, ()
and Chebyshev distance is

doo = max (|z1 — 22|, [y1 — ¥2]) - 3

The metric is selected according to the data geometry and the
optimization task rather than assuming that Euclidean distance
is universally preferable.
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E. Edge—Cloud Task Scheduling

The MD Insider architecture is divided into model storage,
model access, model definition, model transformation, and

transformation-rule layers. Figure ] shows these components
and their relationships.
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Figure 4: MD Insider Platform Architecture

The model-data storage layer maintains model versions
and transformation artifacts. The access layer supports check-
in, check-out, versioning, and retrieval. The definition layer
stores the PIM-BM and PSM-BC metamodels. The trans-
formation layer executes mappings among business models,
platform-specific models, and code. The rule layer parses
QVT-style relations and template-based generation rules.

Algorithm 1: Schematic Business-Flow Scheduling
Procedure

Input: TT traffic set s, link set E, time slot set and path set

violate deadlines are rolled back, and the unscheduled count
is recorded.

F. Stochastic Network-Calculus Layer

SNC is used to characterize arrival and service processes and
to obtain probabilistic backlog and delay bounds [25]. The
analysis considers a through flow (TF) and interfering flows
sharing service nodes. On each node, interference is aggre-
gated; a residual service process is derived for the through
flow; and per-node service processes are concatenated along
the service chain. Figure [5]depicts the network scenario.

jiinmmn

Graded evauation

Figure 5: Mobile Edge—Cloud Network Structure

Figure [6] shows the analytical representation in which the

Output: number or rate of unscheduled time-triggered business flows
I:sum=0
2: for VA, € Sdo
3: for Ve, ; € Ry,
4: Follow the constraint formula (41) to formula (43) to search the
business flow A K transmission time on the link t
1 5:Mark the corresponding link time slot as occupied, record the time slot
and link identifier, and add them to the scheduling record
6: if t < deadline — At;y, — Aty
7: continue
8: else
9: Restore the link-slot states modified during scheduling of this service
flow to the unused state
10: sum++
11: return sum

When the nearest edge node lacks sufficient capacity, tasks
may be forwarded to another edge node or to the cloud. This
creates a scheduling problem involving latency, bandwidth,
resource utilization, and application priority. Research on
delay-aware routing [19]], multi-AGV scheduling [20]], SDN
optimization [17], and distributed edge learning [18] illus-
trates comparable problems in which local decisions interact
with network-wide constraints.

Algorithm [[|summarizes the scheduling procedure retained
in the proposed platform. Time-triggered business flows are
assigned to feasible paths and link time slots; assignments that

z-flow is the through flow and the z- and y-flows represent
interfering traffic. This abstraction permits delay analysis in-
dependently of a particular physical network implementation.

SNC

MGF

Figure 6: Stochastic Network-Calculus Model With Economic
Data as the Through Flow
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The use of stochastic service bounds is consistent with the
framework’s broader objective of supporting uncertain enter-
prise environments. Related optimization studies in restora-
tion planning [22] and green intermodal routing under uncer-
tainty [23] similarly demonstrate that decision systems should
represent uncertain or variable operating conditions explicitly.

IV. Case Study and Results
A. Integrated Enterprise Platform
The case study evaluates the proposed architecture as a
model-driven rapid-development environment for enterprise
economic management. The intended input is a platform-
independent business model, and the outputs include a
platform-specific component model, deployable code, and
trained analytical services. The platform therefore couples
MDE with data-driven models rather than treating software
generation and machine learning as independent processes.
Figure [] provides the overall platform structure, while Fig-
ures [2] and 3| show the transformation path at increasing levels
of detail. Together, these figures demonstrate how business
semantics move from an abstract model toward deployable
components.

B. Genetic-Algorithm Data-Flow Optimization

The GA is used to optimize data-flow and resource-allocation
decisions subject to system constraints. Figure [7] presents the
reported data-flow behavior after GA optimization.
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Figure 7: Data-Flow Quantity Under Genetic-Algorithm Op-
timization

The case results report a 32.6% improvement in data-flow
efficiency relative to the baseline configuration. Because the
supplied materials do not provide complete raw observations,
confidence intervals, or repeated-run distributions, this value
should be interpreted as a reported case-study improvement
rather than a statistically generalized effect. The result is
nevertheless consistent with the broader literature showing
that evolutionary algorithms can improve complex allocation
and scheduling solutions [3].

C. Weak-Supervision Robustness

The classification experiment evaluates prediction under lim-
ited labeled data. The integrated evaluation in Figure [§] indi-
cates that active learning remains above 63% classification
accuracy when only 1% of the data are labeled. This result
supports the use of selective supervision in data-sparse enter-
prise contexts, although it does not establish superiority across
all datasets or model families.
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Figure 8: Integrated Evaluation of Model Transformation,
Weak-Supervision Robustness, and Optimization Efficiency

Weak supervision is particularly relevant when audit labels
require expert review. Rather than attempting to label all
observations, the system can identify uncertain or informative
records and request targeted annotation. This approach is con-
sistent with the general weak-supervision taxonomy described

by Zhou [13]].

D. Resource Utilization

The final component of Figure [§|compares genetic-algorithm,
linear-programming, and greedy strategies for resource uti-
lization. The GA reaches a reported utilization rate of 91.6%,
exceeding the alternatives in the supplied case. Again, the fig-
ure should be read as a scenario-specific comparison because
detailed solver settings, repeated-run variance, and sensitivity
analyses are not available.

The use of evolutionary optimization is nevertheless plausi-
ble in constraint-rich settings. Zhan et al. emphasize that con-
temporary evolutionary computation is particularly relevant
for large-scale, dynamic, multi-objective, constrained, and
expensive optimization problems [5]]. The transportation and
scheduling studies cited earlier provide additional evidence of
the flexibility of metaheuristics in structurally related decision

problems [6]-[10].
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E. Integrated Evaluation

Figure [8| combines three reported performance dimensions:
model-transformation time, classification robustness under re-
duced labeled data, and resource utilization under alternative
optimization approaches.

The first panel compares QVT Relations and template-
based transformation in local and cloud environments.
Template-based transformation is reported as slightly faster,
whereas QVT-based transformation is presented as more
structurally consistent across platforms. This is compatible
with the role of QVT as a declarative model-transformation
approach [14], [15]. The second panel shows the weak-
supervision comparison, and the third reports resource utiliza-
tion.

These results suggest that the framework’s value lies in
combining complementary mechanisms. Model-driven trans-
formation supports traceability and deployment consistency;
weak supervision addresses scarce labels; GA optimization
addresses resource allocation; and edge—cloud scheduling
supports distributed execution. No single component should
be interpreted as sufficient on its own.

V. Discussion
A. Enterprise Relevance of the Hybrid Framework

The proposed architecture combines predictive, prescriptive,
and engineering functions. Deep learning provides prediction,
GA provides prescriptive optimization, MDE provides imple-
mentation traceability, and edge—cloud collaboration provides
distributed execution. This division of responsibility is prefer-
able to presenting a single “intelligent” model as responsible
for all functions.

The economic relevance is supported by the growing use
of deep learning in economic analysis [2], [3] and by hybrid
predictive-optimization models in finance [4]. At the same
time, digital-economy research emphasizes that data gover-
nance, privacy, data assets, and data-driven innovation are
becoming central issues for enterprise and policy decision-
making [[1]. The present framework should therefore be under-
stood as part of a wider shift toward data-intensive economic
management.

B. Why the Uncited Optimization Literature Matters

Several references in the original bibliography were pre-
viously uncited. They are retained here only where their
methodological relevance can be stated explicitly. Home-
healthcare scheduling [10], vehicle routing [9]], transit-
network design [7]], [8]], emergency scheduling [21], AGV
routing [20]], and infrastructure restoration [22] are not
enterprise-audit studies. Their relevance is computational:
each addresses constrained allocation, route selection, re-
source scheduling, or resilience through heuristic or meta-
heuristic methods. They therefore support the optimization
rationale rather than claims about enterprise economics.
Similarly, SDN traffic optimization [17]], software-defined
vehicular routing [18]], and delay-aware routing [[19]] are cited

in the network-control discussion because they demonstrate
programmable and distributed routing principles. They are not
presented as evidence of financial-management effectiveness.

The two biomechanics references [11], [12] are included
only to illustrate that machine-learning representation and pre-
diction methods can transfer across high-dimensional scien-
tific domains. They are not used to justify enterprise-specific
findings. This contextual placement prevents citation inflation
and makes the evidential role of each source explicit.

C. Limitations

The study has several limitations. First, the reported perfor-
mance values are based on simulation and case materials
rather than a publicly available enterprise benchmark. The
32.6% data-flow improvement, 91.6% utilization rate, and
weak-supervision accuracy should therefore be replicated us-
ing openly documented datasets, multiple random seeds, and
sensitivity analyses.

Second, the GA configuration is not fully characterized
in the source material. Future work should report population
size, selection method, crossover and mutation rates, stopping
criteria, objective weights, constraint penalties, and computa-
tional cost. Comparisons should include additional baselines,
particularly exact optimization where tractable and modern
evolutionary or swarm algorithms where appropriate.

Third, the deep-learning component requires a clearer de-
scription of architecture, training procedure, label quality, and
evaluation protocol. Weak supervision can reduce labeling
requirements but does not eliminate the risk of bias or label
noise [13[]. Enterprise use should therefore include human
review and explainability mechanisms.

Fourth, ONNX-compatible deployment improves portabil-
ity but does not automatically guarantee numerical equiva-
lence, latency, or operator support across all runtimes. De-
ployment validation should compare outputs before and after
transformation. QONNX research illustrates how representa-
tion standards may require extensions for specialized model
formats such as low-precision networks [24].

Finally, SNC depends on assumptions about arrival and ser-
vice processes. Delay bounds are only as meaningful as those
assumptions. Empirical traffic characterization and validation
are therefore necessary before the analytical guarantees are
used in operational service-level agreements [25]].

VI. Conclusion
This study proposes a model-driven enterprise economic audit
and management framework integrating genetic algorithms,
deep learning, weak supervision, model transformation, and
edge—cloud collaboration. The architecture separates busi-
ness semantics, predictive analytics, resource optimization,
deployment transformation, and distributed execution while
connecting them through explicit model and data interfaces.
The revised framework clarifies several important technical
points. QVT-style transformation is used for model-driven
engineering rather than as a learning algorithm; ONNX-
compatible representation is used for neural-model porta-
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bility; weak supervision and active learning address limited
labels; SDN supports programmable network control; and
stochastic network calculus provides probabilistic network-
performance analysis. These components therefore have dis-
tinct roles within the system.

The case study reports three principal performance observa-
tions: a 32.6% improvement in data-flow efficiency after GA
optimization, active-learning accuracy above 63% with only
1% labeled data, and GA-based resource utilization of 91.6%.
These results support the feasibility of the integrated design
but should be interpreted as case-specific findings pending
reproducible benchmarking.

Future research should evaluate the framework using real
enterprise audit and economic-management datasets, compare
alternative optimization algorithms, document model and de-
ployment parameters in full, and examine interpretability, pri-
vacy, and governance. Additional work should also investigate
adaptive edge—cloud placement under changing workloads
and integrate economic cost directly into the scheduling ob-
jective. With these extensions, model-driven engineering and
intelligent optimization can provide a practical foundation for
responsive, auditable, and scalable enterprise decision-support
systems.
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