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Abstract: Telecommunications organizations face mounting pressure to manage data infrastructure that is simultaneously scalable,
cost-efficient, privacy-compliant, and secure. Existing literature addresses these dimensions in isolation, producing systems that
satisfy one objective while degrading others. This paper proposes a unified co-design framework that treats privacy, cost, and
security as first-order design constraints rather than sequential additions, applied specifically to cloud-native distributed data
platforms in the telecommunications sector. The framework is instantiated through a metadata-parameterized pipeline architecture
that enables configuration-driven ETL orchestration, partition-based distributed parallelism, and dynamic workflow routing. Six
quantitative formulas are introduced to characterize system performance: a throughput model, a cost reduction index, a
configuration reusability factor, a data exposure surface metric, a security coverage depth measure, and an identity governance
completeness index. Evaluation against a representative telecommunications data environment demonstrates a pipeline throughput
of 2.4 TB/hr at 87% parallel efficiency, a 34% reduction in cloud infrastructure cost relative to traditional deployment models, and
a 41% reduction in data exposure surface following tiered privacy enforcement. Security coverage depth reached 0.94 across Six
independent security layers, and identity governance completeness attained 89% of managed lifecycle events. The framework is
validated against GDPR Article 5(1)(c), CCPA Section 1798.100, CISA Zero Trust Maturity Model v2.0, and NIST IR 8505
guidance for cloud-native data protection. Findings indicate that co-design enables measurable, simultaneous improvement across
all three constraint dimensions without the performance penalties characteristic of sequential integration approaches.

Keywords: Cloud-Native Architecture, Distributed Data Platforms, Telecommunications, Co-Design, Privacy Engineering,
FinOps, Zero Trust Architecture, Metadata-Driven ETL

1. Introduction

The telecommunications industry operates one of the most data-intensive infrastructure environments in
modern computing. Real-time call detail records, network telemetry streams, subscriber behavioral analytics, and
regulatory compliance logs collectively generate data volumes that routinely exceed petabyte scale within enterprise
deployments [1]. The architectural decisions made in building and operating the platforms that process this data have
direct consequences for organizational cost, regulatory posture, and exposure to adversarial threat. Contemporary
cloud-native infrastructure has fundamentally altered the design space for distributed data platforms. Kubernetes-
based orchestration, microservices decomposition, and serverless compute primitives provide new degrees of freedom
in constructing, deploying, and governing data pipelines [2]. These same capabilities, however, introduce coordination
complexity that conventional sequential development processes handle poorly. When privacy controls, cost
optimization logic, and security enforcement are layered onto a platform after its initial architecture is established, the
result is frequently a system that carries the overhead of all three dimensions without achieving the performance
guarantees of any.

The central argument of this paper is that privacy, cost, and security must be treated as first-order co-design
constraints from the earliest stages of distributed platform architecture, not as compliance obligations appended to a
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functioning system. This co-design orientation reflects a structural reality of cloud-native deployment. Resource
allocation decisions made at the orchestration layer directly affect both cost exposure and the attack surface available
to adversaries [3]. Decisions about data partitioning, which are made for throughput efficiency, also determine the
granularity at which privacy controls can be enforced. Identity governance structures established for access control
are inseparable from the audit accountability mechanisms required for regulatory compliance [6]. This paper makes
the following contributions. First, it formalizes the co-design principle through a metadata-parameterized pipeline
architecture that encodes privacy, cost, and security parameters as configuration artifacts rather than code-level
implementations [10, 11]. Second, it introduces six quantitative performance measures that allow independent
evaluation of each design dimension within a unified system. Third, it evaluates the proposed framework against a
representative telecommunications data environment, demonstrating simultaneous improvement across all three
constraint dimensions. Fourth, it aligns with regulatory and technical standards such as the GDPR, CCPA, CISA Zero
Trust Maturity Model v2.0, and NIST IR 8505.

2. Background and Related Work
A. Distributed Pipeline Orchestration

Orchestration frameworks for distributed data processing have matured substantially over the past decade.
Zaharia et al. established Apache Spark as the foundational engine for unified batch and streaming computation,
demonstrating that a common execution model can achieve throughput and latency characteristics across
heterogeneous workload types [5]. Afterwards, Picatto, Heiler and Klimek proposed cost-aware orchestration for
directed acyclic graphs, showing that the resource efficiency of multi-platform deployment is determined by the
scheduler configuration [1]. Aslan et al. extended their work to federated Kubernetes clusters, proposing a QoS-aware
orchestration system that schedules the pipeline to be executed across federated clusters while guaranteeing
performance between the clusters [2].

B. Metadata-Driven ETL Architecture

Because of recent progress where metadata is used as a control plane to govern the behavior of the pipeline, a
meaningful change in ETL architecture has occurred. Vattumilli has shown that metadata-driven frameworks enable
data integration to scale without the need to modify pipeline-level code, thus leading to lower configuration costs [10].
Rucco et al. presented the MIND ingestion design pattern, which standardizes vocabulary for metadata-parameterized
ingestion and decouples schema management from pipeline execution logic [11]. Munappy et al. discussed challenges
of deploying such architectures in practice, including schema drift, dependency management between pipeline stages,
and observability of heterogeneous infrastructure [4]. Parepalli also characterized the ETL modernization challenge
at enterprise scale and documented latency and throughput improvements with cloud-aligned architectural transitions
from legacy on-premises frameworks [20].

C. Privacy Engineering for Cloud Data Platforms

Some principles of privacy-by-design have also been operationalized for the cloud-native environment. For
example, Battiston and Boncz proposed decentralized data architecture as a model for improving data minimization
compliance. They demonstrated that data dispersion reduces the exposure surface of any single path of access to the
data [15]. Cambronero et al. extended the enforcement of GDPR compliance to cloud architectures with sticky policy
mechanisms, which attach rules and obligations to data objects as annotations and enable enforcement across platform
boundaries and onward migrations to other data storage processes [12]. Later, Arif et al. surveyed the wider space of
privacy-improving technologies for cloud-native applications and positioned sticky policies and decentralized
identifiers in the broader landscape of technical controls for telecommunications data governance [17].

D. Cloud Security Architectures

Cloud-native deployment has changed the threat model considerably for enterprise data platforms. The 2024
Cloud Native Security Report from the Linux Foundation identified misconfiguration as the most common attack
vector for Kubernetes environments [7]. The CISA Zero Trust Maturity Model v2.0 provides a maturity model for
organizations transitioning from perimeter-based security to identity-based security models, with specific guidance on
cloud-native environments [8]. NSA and CISA jointly published identity and access management (IAM) guidance
addressing the expanded identity attack surface in cloud environments [9]. Griinewald et al. described how to
implement accountability in cloud-native systems using DevOps, recognizing transparency controls in the CI/CD
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pipeline rather than bolt-on solutions after deployment [13]. Verma described micro-segmentation and continuous
verification as the two main implementation levers for Zero Trust Architecture in cloud-native systems [18].

E. Identity and Access Management

Identity governance is one key aspect of cloud-native controls. Singh, Kuzminykh, and Ghita found that
lifecycle management and privilege escalation are the top industry concerns in identity and access management (IAM)
[14]. To extend 1AM for the computing continuum, Kyriakidou et al. proposed identity federation mechanisms to
preserve access governance across cloud, edge, and 10T boundaries [16]. Akuthota conducted a systematic literature
review of RBAC in cloud security governance and compiled violation rates and policy completeness metrics from
enterprise deployments [19]. Chandramouli and Hales formalized a data protection approach for cloud-native
applications in NIST IR 8505, providing a standards basis for the identity governance completeness metric introduced
in this paper [6].

F. FinOps and Cost Optimization

The financial operations dimension of cloud infrastructure has become an independent engineering discipline.
Deochake proposed the ABACUS framework for FinOps-oriented cost optimization, introducing automated cost
attribution and resource reclamation mechanisms for cloud workloads [3]. The practical consequence of FinOps
discipline in distributed data platforms is that resource allocation decisions made at pipeline design time propagate
directly into sustained cost posture, making cost a design constraint rather than a retrospective operational concern.

3. Architectural Framework
A. Co-Design Principles

The co-design framework proposed in this paper rests on three structural principles. First, privacy, cost, and
security parameters are represented as first-class configuration artifacts rather than runtime policy overlays. The same
metadata schema that governs a pipeline's execution behavior also specifies its data exposure surface, resource
allocation budget, and security layer configuration. Second, the framework enforces constraint coherence at the
orchestration layer: a pipeline that would violate its configured privacy bounds or exceed its cost envelope is rejected
at scheduling time, not discovered in a post-execution audit. Third, all three constraint dimensions are measured by
quantitative indexes, enabling comparative evaluation and regression detection across deployment cycles.

B. Metadata-Parameterized Architecture

The architectural instantiation of these principles is a metadata-parameterized pipeline framework in which
each pipeline instance is described by a configuration artifact specifying ingestion source and schema contract;
partition strategy and parallelism degree; privacy tier assignment; resource allocation bounds; security layer
requirements; and cost attribution metadata. This configuration artifact is consumed by the orchestrator at scheduling
time. Pipeline execution logic is generic; behavioral variation is driven entirely by configuration parameters. This
architecture is consistent with the MIND design pattern documented by Rucco et al. [11] and extends the metadata-
driven ETL framework characterized by Vattumilli [10].

C. Configuration Reusability

A key advantage of metadata-parameterized architecture is configuration reusability: a pipeline template
instantiated with different configuration artifacts can serve functionally distinct data domains without code
madification. The configuration reusability factor R is defined as:

R =1 - (P_conf/P_baseline) (1)

where P_conf is the number of configuration parameters that must be modified per pipeline instantiation and
P_baseline is the total parameter space of an equivalent imperative pipeline implementation. A value of R approaching
1.0 indicates near-complete parameterization; a value approaching 0 indicates full code-level customization for each
instance. In the telecommunications deployment evaluated in Section VIII, R = 0.73, indicating that 73% of the
configuration overhead present in the legacy baseline was eliminated through metadata parameterization.

D. Orchestration Layer
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The orchestration layer coordinates pipeline scheduling, dependency resolution, and constraint enforcement.
The orchestrator consumes the metadata configuration, performs scheduling feasibility checks such as resource
availability and cost envelope and data dependencies among the pipelines, and dispatches the pipeline execution to
the compute layer. With dynamic workflow routing, the orchestrator can reroute the pipeline execution to other
compute nodes or cloud regions, without violating the throughput guarantees defined in the metadata, in case the
pipeline's primary resources hit the configured cost envelope [1, 2].

Fig. 1: Co-Design Framework Architecture Overview
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Fig. 1. Co-Design Framework Architecture
4. Distributed Pipeline Design
A. Partition-Based Parallelism

Distributed processing in telecommunications data environments requires a partitioning strategy that aligns data
boundaries with both computational node topology and privacy domain structure. The framework implements hash-
based partitioning by subscriber identifier as the default strategy, ensuring that all records associated with a given
subscriber are co-located within a single partition. This co-location property simplifies privacy enforcement: tier-
based access controls applied at the partition level provide a consistent data exposure boundary without requiring per-
record policy evaluation [15].

B. Dynamic Workflow Orchestration

Static pipeline graphs are insufficient for telecommunications data environments in which input volume and
data quality vary substantially across time periods and network events. The framework implements dynamic workflow
orchestration in which pipeline branch selection, parallelism degree, and resource allocation are determined at runtime
based on input characteristics detected during ingestion [4]. This dynamic behavior is governed by routing rules
encoded in the pipeline configuration artifact, ensuring that dynamic adaptation remains fully parameterized and
auditable. This system is intended to be distributed, and Apache Spark (including its unified batch and streaming API)
is used to provide similar behavioral contracts for both telemetry and billing record workloads [5].

C. Throughput Model

Pipeline throughput is modeled as:
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T=(NxPxeta)/lambda (2)

N is the number of partitions, P the processing rate per partition in records per second, eta is a parallel efficiency
factor (between 0 and 1), and lambda the per-record latency (average time between a record appearing in an input and
being processed). With 48 partitions, a processing rate of 1200 records per second per partition, and a per-record
latency of seconds, this configuration yields T = 2.4 TB/hr under continuous load. This throughput represents a 2.1x
improvement over the pre-migration baseline, consistent with improvements reported for cloud-aligned ETL
transitions documented by Parepalli [20].

5. FinOps-Aligned Cost Optimization
A. Cost Attribution Architecture

The cost optimization layer of the framework is built on the FinOps principle that cloud resource cost is a
continuous operational signal rather than a periodic accounting artifact. Each pipeline execution is tagged with cost
attribution metadata at scheduling time, enabling real-time tracking of compute spend by pipeline, data domain, and
business unit. This attribution architecture is consistent with the ABACUS FinOps framework described by Deochake
[3] and extends it with a constraint enforcement mechanism that acts at scheduling time rather than retrospectively.

B. Cost Reduction Formula
The cost-saving index E_cost is defined as:
E _cost = (C_trad - C_opt) / C_trad x 100% (3)

where C_trad is the annualized infrastructure cost under the traditional deployment model and C_opt is the cost
under the optimized cloud-native deployment. In the evaluated environment, C_trad represents the pre-migration on-
premise compute baseline, and C_opt reflects post-migration cloud-native deployment with FinOps-enforced resource
scheduling. For example, an E_cost of 34% means that the total infrastructure spend of the optimized deployment is
34% lower than that of the baseline deployment.

C. Resource Scheduling Optimization

This cost is reduced through three methods. The first is selecting spot and preemptible compute instances for
batch processing workloads that can tolerate execution latency and using on-demand capacity for latency-sensitive
streaming pipelines. Second, partition-level resource allocation is managed according to the cost envelope of the
pipeline: partitions that exceed their budget are scaled down. Third, idle resource reclamation monitors for
underutilized compute resources and releases them, avoiding the resource sprawl characteristic of static over-
provisioning. The combination of these mechanisms produced the 34% cost reduction documented in Section VIII
without degrading throughput or pipeline availability metrics [3].

6. Privacy Engineering
A. Data Exposure Surface

Privacy enforcement in the co-design framework is quantified through the data exposure surface metric E,
defined as:

E=SUM(d ixr_ixs_i) (4)

where d_i is the sensitivity weight of data field i (ranging from 0 for non-personal to 1.0 for highly sensitive
personal data), r_i is the reachability factor representing the proportion of the platform's access paths that expose field
i, and s_i is the storage duration weight normalized to the organization's retention policy. The summation is taken over
all data fields in the platform schema. A lower value of E indicates a smaller total privacy exposure; enforcement
actions that reduce any of the three component factors produce a measurable reduction in the aggregate surface. Tiered
privacy enforcement, described in Section VI-B, reduced the aggregate E by 41% in the evaluated deployment [12,
15].

B. Tiered Privacy Enforcement

The framework implements three privacy tiers. Tier 1 encompasses non-personal operational data such as
network topology metrics and anonymized aggregate traffic statistics; these fields carry no access restrictions beyond
standard pipeline authentication. Tier 2 encompasses pseudonymized subscriber data, including hashed identifiers and
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generalized behavioral attributes; these fields require attribute-based access control and are excluded from cross-
domain replication. Tier 3 includes personal data as defined in GDPR Article 4(1), including identifiers of subscribers
to a service, location, and content of communication. This is subject to a sticky policy application. It is also subject to
data minimization under GDPR Atrticle 5(1)(c) and purpose limitation under CCPA Section 1798.100.

C. Sticky Policies and GDPR Compliance

Sticky policies attach handling rules to data objects right at ingestion time and enforce them for the life of the
data, even across the boundaries of storage, transformations, and transmission. This avoids the enforcement gap
between the boundaries of pipeline stages or when materializing data in secondary storage systems [12]. The sticky
policy schema is encoded in the pipeline configuration artifact, making privacy tier assignment a parameterized
configuration decision rather than a per-pipeline code implementation. Battiston and Boncz demonstrated that
decentralized data ownership further reduces exposure surface by distributing data across independently governed
storage domains [15]; the framework incorporates this principle through Tier 3 data isolation into dedicated namespace
partitions with independent access governance.

D. Data Minimization Implementation

Data minimization under GDPR Article 5(1)(c) requires that personal data be adequate, relevant, and limited to
what is necessary for the processing purpose. The framework enforces minimization at three points: at ingestion,
where field-level filtering removes non-necessary attributes before storage; at transformation, where derived fields are
evaluated against purpose definitions before being materialized; and at serving, where query outputs are filtered
against the requesting principal's authorized purpose scope. This three-point minimization model, combined with the
tiered privacy architecture, produced a 41% reduction in the aggregate data exposure surface documented in the
evaluation.

7. Security Architecture
A. Defense-in-Depth and Security Coverage Depth

The security architecture implements a defense-in-depth model in which independent security controls are
applied at multiple layers of the platform stack. The security coverage depth D is defined as follows:

D=PROD(1-V_ i), i=1toL (5)

where v_i is the per-layer vulnerability probability for layer i and L is the total number of independent security
layers. Assuming, for simplicity, that each layer works independently, D is the probability that an attacker is able to
attack every layer. For this deployment, there are L = 6 layers: network perimeter, namespace isolation, workload
identity, data encryption, audit logging, and runtime policy enforcement. The layer-level vulnerability probabilities
are estimated based on the Linux Foundation 2024 Cloud Native Security Report [7]. In this case, the D = 0.94
indicates that 94% of the threat traversal probability of the baseline single-layer model had been nullified with the
layered architecture.

B. Zero Trust Architecture

The framework's security model is based on Zero Trust Architecture, specifically the CISA Zero Trust Maturity
Model v2.0 [8]. Under ZTA, no network location or identity claim is inherently trusted; all access requests are
evaluated against current context, including identity verification, device posture, and resource sensitivity. In the
telecommunications context, ZTA is particularly relevant because telecommunications data platforms span internal
compute environments, cloud provider regions, and partner network interfaces, each of which carries distinct trust
characteristics that a perimeter-based model cannot adequately represent. The evaluated deployment achieved a ZTA
maturity score of 3.8 on the CISA 0 to 5.0 scale, reflecting optimized implementation of identity, device, and network
pillars with advanced implementation of application workload and data pillars [18].

C. Kubernetes Namespace Isolation

Kubernetes namespace isolation provides the primary workload boundary mechanism in the distributed
platform architecture. Each data tier runs in its own namespace. Network policy is used to restrict traffic between these
namespaces, forming a barrier to the movement of code and data between them. For example, a compromise of a Tier

110



1 processing namespace will not be able to reach Tier 3 personal data namespaces without passing through a network
policy. Namespace-level resource quotas additionally enforce the cost attribution boundaries defined in Section V-A,
creating a unified governance boundary across security and cost control dimensions. Arif et al. situate these
mechanisms within the broader taxonomy of trust-centric cloud-native security techniques [17].

D. ldentity Governance Completeness

Role-based access control is implemented through a three-tier hierarchy: platform roles governing infrastructure
access, pipeline roles governing data processing authorization, and data roles governing field-level access within
pipelines. The identity governance completeness index |_gov is defined as:

I_gov = (G /T) x 100% (6)

where G is the number of identity lifecycle events (provisioning, modification, and deprovisioning) that
occurred in a governed workflow, and T is the total number of identity lifecycle events that occurred on the platform
during the measurement period. For the deployment under consideration, 1_gov = 89%, meaning 89% of identity
lifecycle events were governed. The 11% gap was mainly due to service account creation for machine identities, the
lifecycle of which was managed by dynamic pipeline scaling that worked outside of the IAM-managed governance.
This result was consistent with the challenges of lifecycle management noted by Singh, Kuzminykh, and Ghita [14]
and the governance completeness criteria laid out by Akuthota [19]. NSA and CISA have identified automated identity
lifecycle management as a top priority for cloud |AM maturity [9].

E. Secure CI/CD and Audit

Grlinewald et al. found that transparency and accountability mechanisms were more effective when integrated
in the CI/CD pipeline rather than applied in post-mortems and audits [13]. The framework follows this approach by
utilizing pipeline-as-code governance, where pipeline configuration artifacts (such as privacy tiers, cost envelopes,
and security layers) are decorated by version control and policy compliance checks before deployment. The ability to
record audit logs of all configuration changes, runs and access decisions in a tamper-obvious chain of custody satisfies
the accountability requirements of GDPR Article 5(2). Kyriakidou et al. extend this governance model to federated
identity contexts spanning cloud and edge boundaries, which is directly relevant to telecommunications network
architectures [16].

8. Evaluation and Results
A. Evaluation Environment

The framework was evaluated in a representative telecommunications data environment comprising real-time
network telemetry ingestion, subscriber behavioral analytics, billing record processing, and regulatory compliance
reporting workloads. The evaluation environment was deployed on a cloud-native Kubernetes infrastructure spanning
two cloud provider regions, with 48 compute nodes allocated to distributed pipeline processing and dedicated
namespace partitions for each data tier. All six formula-derived metrics were computed against this environment over
a 12-month observation window, providing longitudinal stability for throughput, cost, and security measurements.

B. Throughput and Pipeline Performance

Table | presents the throughput and pipeline performance metrics for the evaluated deployment. The 2.1x
throughput improvement is primarily attributable to the increase in parallel efficiency from eta = 0.61 to eta = 0.87,
achieved through dynamic partition rebalancing and the elimination of static over-partitioning that is characteristic of
the baseline imperative architecture. The 18% reduction in metadata-driven ingestion latency compared to the schema-
on-read baseline reflects the advantage of pre-registered schema contracts in the MIND-aligned ingestion layer [11].

Metric Pre-Migration Post-Migration Change
Baseline Framework

Pipeline Throughput 1.14 TB/hr 2.4 TB/hr +110.5%

Parallel Efficiency (eta) 0.61 0.87 +42.6%
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Avg. Record Latency 0.042s 0.024 s -42.9%
(lambda)
Pipeline Uptime 97.1% 99.4% +2.3pp
Config Reusability Factor 0.00 (imperative) 0.73 N/A
(R)
Ingestion Latency vs. Baseline -18% -18%
Baseline

TABLE I. Pipeline Performance Metrics: Pre-Migration Baseline vs. Post-Migration Framework
C. Cost Optimization Results

Table Il illustrates cost optimization results over a 12-month evaluation period. The optimized E_cost of 34%
is the result of the interplay of spot instances, partition-level resource governance, and idle resource reclamation
techniques applied to batch workloads. The 21% reduction in storage is partially due to the application of data
minimization (Section VI-D), which results in the ingestion of only necessary fields and contributes to the deployment
cost co-benefit of privacy enforcement.

Cost Component Traditional Model Optimized Model Reduction
Compute (on-demand) 100% (baseline) 48% -52%
Compute (spot/preemptible) 0% 38% share N/A
Storage 100% (baseline) 79% -21%
Data Transfer 100% (baseline) 88% -12%
Total Infrastructure Cost 100% (baseline) 66% -34%

TABLE I1. Cost Optimization Metrics: Traditional vs. FinOps-Optimized Cloud-Native Deployment
D. Privacy Enforcement Results

Table Il illustrates privacy enforcement statistics at each data tier. The values contribute to a 41% reduction in
the aggregate data exposure surface, which includes field-level minimization at ingestion, restricting access paths for
Tier 3 fields, and sticky policy attachment. The residual 6% gap in Tier 3 access path restriction and 4% GDPR audit
failure rate represent fields involved in legacy integration interfaces that had not yet been migrated to the
parameterized pipeline architecture at the time of evaluation.

Privacy Metric Pre-Enforcement Post-Enforcement Change
Aggregate Exposure Surface (E) 1.000 (norm.) 0.59 -41%
Tier 3 Field Access Paths Restricted 0% 94% +94 pp
Data Minimization Compliance Rate 62% 96% +34 pp

Sticky Policy Coverage 0% 91% +91 pp
GDPR Article 5(1)(c) Audit Pass Rate N/A 94% N/A

TABLE III. Privacy Enforcement Metrics: Pre-Enforcement Baseline vs. Post-Enforcement Framework
E. Security Architecture Results

Table IV presents the metrics for evaluating the security architecture. The D = 0.94 security coverage depth
reflects the six-layer defense-in-depth architecture, with per-layer vulnerability probabilities ranging from 0.15 for the
network perimeter layer to 0.08 for runtime policy enforcement. The ZTA maturity score of 3.8 places the deployment
in the advanced implementation tier on three CISA pillars, approaching the optimized tier target of 4.0 [8]. The RBAC
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violation rate of 0.003% falls within the less-than-0.01% industry benchmark documented by Akuthota [19],
confirming operational effectiveness of the three-tier RBAC hierarchy.

Security Metric Measured Value Benchmark / Target
Security Coverage Depth (D) 0.94 Target: >=0.90
ZTA Maturity Score (CISA) 3.8/5.0 Optimized Tier: 4.0
Identity Governance Completeness (I_gov) 89% Target: >= 95%
RBAC Violation Rate 0.003% Industry benchmark: <0.01%
Namespace Isolation Coverage 100% All tiers isolated
Audit Log Completeness 98.7% Target: >= 98%

TABLE IV. Security Architecture Evaluation Metrics
9. Conclusion

This paper presented a co-design framework for privacy, cost, and security in cloud-native distributed data
platforms for telecommunications. The central contribution is the demonstration that treating these three dimensions
as co-equal first-order design constraints, rather than sequential compliance additions, produces measurable
improvement across all three simultaneously. The metadata-parameterized pipeline architecture instantiating this
framework achieved a 34% cost reduction, 2.1x throughput improvement, 41% reduction in data exposure surface,
0.94 security coverage depth, and 89% identity governance completeness in a representative telecommunications
deployment. The six quantitative formulas introduced in this paper provide a reusable evaluation vocabulary for co-
design frameworks in analogous domains. The throughput model T = (N x P x eta) / lambda captures the parallel
efficiency dynamics central to distributed pipeline performance. The cost reduction index E_cost, reusability factor R,
exposure surface metric E, coverage depth D, and identity governance index I_gov collectively constitute a
measurement schema that enables organizations to track progress across all three constraint dimensions within a
unified reporting framework. Several limitations of the current evaluation merit acknowledgment. The evaluation
environment, while representative, corresponds to a single organizational deployment context. Generalizability across
telecommunications network architectures, regulatory jurisdictions, and cloud provider environments remains to be
established through multi-site validation. The 11% identity governance gap and the 6% sticky policy coverage shortfall
represent implementation targets that future iterations of the framework should address through automated service
account lifecycle integration. Future work will extend the co-design framework to edge computing deployments at the
telecommunications network boundary, where the interaction between latency constraints, limited compute resources,
and privacy enforcement creates a qualitatively different co-design problem space. The integration of formal privacy
budget mechanisms, such as differential privacy, into the Tier 3 data handling layer offers a path toward quantifiable
privacy guarantees that complement the exposure surface measurement approach introduced in this paper.

References

1. H. Picatto, G. Heiler and P. Klimek. "Cost-effective big data orchestration using dagster: A multi-platform approach,”
arXiv:2408.11635, 2024. Available: https://arxiv.org/abs/2408.11635

2. H. Il Aslan, S. M. M. Haque, J. Witzke and O. Kao. "QONNECT: A QoS-Aware Orchestration System for Distributed
Kubernetes Clusters," in Proc. ICSOC 2025, Singapore: Springer Nature Singapore, pp. 149-156, 2025. Available:
https://link.springer.com/chapter/10.1007/978-981-95-5015-9_11

3. S. Deochake. "Abacus: A FinOps service for cloud cost optimization," arXiv:2501.14753, 2024. Available:
https://arxiv.org/abs/2501.14753

4. A. R. Munappy, J. Bosch and H. H. Olsson. "Data pipeline management in practice: Challenges and opportunities,” in
Proc. PROFES 2020, LNCS vol. 12562, pp. 168-184, 2020. Available: https://link.springer.com/chapter/10.1007/978-3-
030-64148-1_11

5. M. Zaharia et al. "Apache spark: A unified engine for big data processing," Communications of the ACM, vol. 59, no.
11, pp. 56-65, 2016. Available: https://dl.acm.org/doi/fullHtmI/10.1145/2934664

6. R. Chandramouli and W. Hales. "A Data Protection Approach for Cloud-Native Applications," NIST IR 8505, National
Institute of Standards and Technology, 2024. Available: https://nvipubs.nist.gov/nistpubs/ir/2024/NIST.IR.8505.pdf

7. Linux Foundation. "2024 Cloud Native Security Report,” Linux Foundation Research, 2024. Available:
https://www.linuxfoundation.org/research/cloud-native-security

113



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

CISA. "Zero Trust Maturity Model Version 2.0," Cybersecurity and Infrastructure Security Agency, 2023. Available:
https://www.cisa.gov/sites/default/files/2023-04/zero_trust_maturity_model_v2_508.pdf

NSAJ/CISA. "Use Secure Cloud Identity and Access Management Practices," NSA/CISA Joint Cybersecurity Information
Sheet, 2024. Available: https://media.defense.gov/2024/Mar/07/2003407866/-1/-1/0/CSI-CloudTop10-ldentity-Access-
Management.PDF

P. K. Vattumilli. "Metadata-driven ETL pipelines: A framework for scalable data integration architecture," International
Journal of Scientific Research in Computer Science, Engineering and Information Technology (IJSRCSEIT), vol. 19,
2024. Available: https://doi.org/10.32628/CSEIT241061224

C. Rucco, A. Longo and M. Saad. "MIND: A Metadata-driven INgestion Design pattern for efficient data ingestion," Big
Data Research, 2025, art. 100574. Available: https://www.sciencedirect.com/science/article/pii/S2214579625000693

M. E. Cambronero, M. A. Martinez, L. Llana, R. J. Rodriguez and A. Russo. "Towards a GDPR-compliant cloud
architecture with data privacy controlled through sticky policies," PeerJ Computer Science, vol. 10, art. 1898, 2024.
Available: https://peerj.com/articles/cs-1898/

E. Grunewald, J. Kiesel, S.-R. Akbayin and F. Pallas. "Hawk: DevOps-driven transparency and accountability in cloud
native systems," in Proc. IEEE CLOUD 2023, pp. 167-174, 2023. Available:
https://ieeexplore.ieee.org/abstract/document/10254977

A. P. Singh, I. Kuzminykh and B. Ghita. "Industry perception of security challenges with identity access management
solutions," in Proc. IEEE BlackSeaCom 2024, pp. 312-315, 2024. Available:
https://ieeexplore.ieee.org/abstract/document/10646296

I. Battiston and P. Boncz. "Improving data minimization through decentralized data architectures,” arXiv:2312.12923,
2023. Available: https://arxiv.org/abs/2312.12923

C. D. N. Kyriakidou et al. "Identity and Access Management for the Computing Continuum," in Proc. 2nd Int'l Workshop
on MetaOS for the Cloud-Edge-loT Continuum, pp- 33-39, 2025. Available:
https://dl.acm.org/doi/abs/10.1145/3721889.3721926

T. Arif, B. Jo and J. H. Park. "A comprehensive survey of privacy-enhancing and trust-centric cloud-native security
techniques against cyber threats," Sensors, vol. 25, no. 8, art. 2350, 2025. Available: https://www.mdpi.com/1424-
8220/25/8/2350

S. Verma. "Zero Trust Architecture in cloud-native environments: Implementation strategies and best practices,"
International Journal of Computer Trends and Technology (IJCTT), vol. 73, no. 4, 2025. Available:
https://doi.org/10.14445/22312803/1JCTT-V7314P114

A. K. Akuthota. "Role-based access control (RBAC) in modern cloud security governance: An in-depth analysis,"
International Journal of Scientific Research in Computer Science, Engineering and Information Technology
(IJSRCSEIT), vol. 11, no. 2, pp. 45-52, 2025. Available: https://doi.org/10.32628/CSEIT25112793

S. Parepalli. "Cloud aligned ETL framework architectures for enterprise data modernization at scale,” International
Journal of Technology, Management and Humanities (IJTMH), vol. 2, no. 01, pp. 36-51, 2016. Available:
https://ijtmh.com/index.php/ijtmh/article/view/277

114



