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Microservice decomposition and distributed data processing are each mature
engineering disciplines, but they optimize for different, and sometimes conflicting,
objectives. Microservice decomposition literature evaluates a service boundary
primarily by software-engineering criteria — cohesion, coupling, independent
deployability, team ownership — while distributed data processing performance is
dominated by data-locality concerns largely orthogonal to those criteria: how data is
partitioned, how much of it must be shuffled across the network to complete a
computation, and how skewed that data is across partitions. A service boundary that
scores well on cohesion and deployability can still force a distributed processing
workload to shuffle a large volume of data across exactly that boundary on every
request, and a container-orchestration platform that schedules service instances without
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awareness of this data-movement cost can place communicating services far apart on
the underlying cluster even when doing so is avoidable. This paper proposes LOCUS
(Locality-Optimized Coordination for Unified microServices), an architecture in which
a data-locality-aware decomposition layer, a partition-aware distributed processing
layer, and a locality-aware scheduling layer are coordinated by a shared locality cost
model that estimates the data-movement cost of a candidate service boundary, data
partitioning scheme, or scheduling placement before it is committed to, rather than
optimizing each decision against its own narrower criteria in isolation. Following a
design-science research approach, LOCUS is illustrated, not empirically validated,
through a comparative capability table, a short case scenario, and two figures, with
every quantitative value explicitly labeled as an estimate rather than measured
production data. The paper situates LOCUS against the literature on microservice
decomposition and design patterns, distributed data processing and data skew, stream-
processing optimization, microservice workload characterization, and container
orchestration, and discusses the architecture's practical implications, assumptions, and
limitations.

Introduction

Microservice architecture has become the default decomposition style for large enterprise systems, and the
literature establishing its design principles evaluates a candidate service boundary chiefly by software-
engineering criteria: Pahl and Jamshidi's[1] systematic mapping study identifies service boundary choice as
the central design decision the style depends on, and Vale, Correia, Guerra, Rosa, Fritzsch, and Bogner[2]
provide empirical evidence that the specific patterns chosen for a decomposition measurably affect coupling,
cohesion, and maintainability. Dragoni, Giallorenzo, Lluch Lafuente, Mazzara, Montesi, Mustafin, and
Safina[3] trace this discipline's evolution and note that decomposition guidance has matured considerably
around these software-engineering quality attributes even as the style has been adopted at increasing scale.
None of this literature evaluates a service boundary by a criterion equally central to a different discipline:
how much data a distributed processing workload must move across that specific boundary to complete its
work.

Distributed data processing research has, from its foundations, treated data movement as a first-order
performance concern. Dean and Ghemawat's[4] foundational description of MapReduce establishes data
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locality — scheduling computation where its input data already resides rather than moving the data to the
computation — as a core performance principle for large-scale distributed processing, and Zaharia et al.'s[5]
description of Apache Spark extends this principle to in-memory processing while still treating data shuffling
across partitions as one of the most expensive operations a distributed job performs. Kwon, Balazinska,
Howe, and Rolia[6] further document that data skew — an uneven distribution of data or load across
partitions — can degrade distributed processing performance severely even when the overall partitioning
scheme is reasonable on average, and Hirzel, Soulé, Schneider, Gedik, and Grimm][7] catalog the specific
optimization techniques, including state partitioning and operator placement, that stream-processing engines
use to minimize this cost. This literature treats the partitioning and placement of data as the object of
optimization; it does not address where the boundaries of the services producing and consuming that data
should be drawn in the first place[1-9].

This is the specific gap this paper addresses. A microservice boundary chosen purely for software-
engineering cohesion can, without anyone involved in the decomposition decision realizing it, force a
distributed processing workload to shuffle data across that exact boundary on every execution, a cost the
decomposition literature has no mechanism for pricing in. Ueda, Nakaike, and Ohara's[8] empirical workload
characterization of microservice systems provides direct evidence that this concern is not theoretical:
microservice workloads exhibit substantially different performance characteristics from monolithic
workloads, with inter-service communication accounting for a measurable share of total execution cost in
ways a cohesion-and-coupling analysis alone would not predict. Compounding this, Marchese and
Tomarchio[9] show that container-orchestration scheduling decisions — which cluster node runs which
service instance — measurably affect resource efficiency and load distribution, but conventional scheduling
optimizes for resource balance rather than for minimizing the network distance between services that
exchange large volumes of data, leaving a second, independently managed source of avoidable data-
movement cost.

This paper addresses both gaps together by developing LOCUS (Locality-Optimized Coordination for
Unified microServices): an architecture in which a data-locality-aware decomposition layer, a partition-aware
distributed processing layer, and a locality-aware scheduling layer are coordinated by a shared locality cost
model that prices the data-movement consequences of a candidate decomposition, partitioning scheme, or
scheduling placement before it is committed to. The remainder of the paper reviews the literature on
microservice decomposition and design patterns, distributed data processing and data skew, stream-
processing optimization, microservice workload characterization, and container orchestration (Section 2),
describes the design-science methodology used to construct and illustrate the architecture (Section 3),
presents the architecture alongside a comparative table, a short case scenario, and two figures (Section 4),
and discusses the architecture's practical implications, assumptions, and limitations before concluding
(Section 5 and Section 6).

Literature Review

Microservice Decomposition and Design Patterns

Pahl and Jamshidi[1] establish service boundary selection as the central design decision in microservice
architecture, documenting that a poorly drawn boundary propagates coupling the architectural style was
adopted to eliminate. Vale et al.[2] provide empirical evidence that specific decomposition patterns
measurably affect coupling, cohesion, and maintainability, reinforcing that boundary and pattern choices
carry consequences well beyond the decomposition step itself. Dragoni et al.[3] trace the evolution of
microservice decomposition guidance, documenting steady refinement of the software-engineering criteria
used to evaluate a candidate boundary. This literature evaluates decomposition quality entirely in software-
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engineering terms; none of it treats the data-movement cost a distributed processing workload would incur
across a given boundary as a decomposition criterion[10-17].

Distributed Data Processing, Data Locality, and Data Skew

Dean and Ghemawat[4] establish data locality as a foundational performance principle for large-scale
distributed processing: computation should be scheduled where its data already resides, because moving data
across a network is typically far more expensive than moving the computation to it. Zaharia et al.[5] extend
this principle to in-memory distributed processing, documenting that data shuffling across partitions remains
one of the most expensive operations even when data is cached in memory rather than read from disk. Kwon,
Balazinska, Howe, and Rolia[6] document that uneven data distribution across partitions — data skew —
can degrade performance severely regardless of how reasonable the average partitioning scheme appears,
establishing that partitioning quality must be evaluated at the level of individual partitions, not only in
aggregate. This literature treats data partitioning and placement as its object of optimization without
addressing the upstream question of where the services producing and consuming that data are bounded. This
literature establishes the processing-layer mechanisms LOCUS's partition-aware distributed processing layer
draws on, without itself addressing how upstream service decomposition or downstream scheduling decisions
should be coordinated with these mechanisms[18-23].

Stream-Processing Optimization

Hirzel, Soulé, Schneider, Gedik, and Grimm[7] catalog the specific optimization techniques — operator
fusion, state partitioning, batching — that stream-processing engines use to minimize data-movement cost
during continuous processing. Carbone, Ewen, Féra, Haridi, Richter, and Tzoumas[10] describe the stateful
stream-processing model that lets a processing engine maintain consistent state across a continuous flow of
events while minimizing unnecessary data movement between operators.

Microservice Workload Characterization and Container Orchestration

Ueda, Nakaike, and Ohara[8] empirically characterize microservice workloads, documenting that inter-
service communication accounts for a measurable, often underappreciated share of total execution cost,
distinct from the characteristics of monolithic workloads the broader performance literature has studied
longer. Marchese and Tomarchio[9] show that container-orchestration scheduling decisions measurably
affect resource efficiency and load distribution on a Kubernetes cluster, establishing that where a service
instance is physically placed is a performance-relevant decision in its own right. Neither study addresses how
scheduling placement should be informed by the data-movement cost a specific pair of communicating
services incurs, which is the gap Section 3 and Section 4 close.

Methodology

Research Approach

This paper follows a design-science research approach: it develops an architecture — LOCUS — intended
to address a practical problem (coordinating microservice decomposition, distributed data partitioning, and
container scheduling around a shared estimate of data-movement cost), and it evaluates that architecture
against the cumulative findings of the peer-reviewed literature rather than against a production deployment,
because no such deployment of this specific architecture yet exists to study. The comparative table and figures
in the Results section are accordingly constructions, explicitly labeled as such, built to be directionally
consistent with the cited literature's findings rather than presented as measured outcomes.

Development of the Architecture

LOCUS was developed by identifying what the software-engineering decomposition criteria the Literature
Review establishes[1][2][3] would need to incorporate in order to also account for the data-locality principle
the Literature Review also establishes[4][5][6]. A locality cost model was introduced specifically to estimate,
for a candidate service boundary, the data-movement cost a distributed processing workload would incur
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across it, using the same partitioning and skew considerations the data-processing literature treats as first-
order performance concerns. This cost model was extended to inform two further decisions: the partition-
aware distributed processing layer's own partitioning scheme, applying the stream-processing optimization
techniques Hirzel et al.[7] and Carbone et al.[10] establish, and the locality-aware scheduling layer's
placement of service instances, extending the load-aware scheduling Marchese and Tomarchio[9] describe
with explicit awareness of the inter-service communication cost Ueda et al.[8] document empirically.

Construction of Evaluation Data

Because no production LOCUS deployment exists to measure, the quantitative content of the Results section
was constructed through explicit, reasoned estimation. Construction began from a directional finding reported
in the cited literature — Kwon et al.'s[6] finding that data skew degrades performance even under a
reasonable average partitioning scheme, or Ueda et al.'s[8] finding that inter-service communication accounts
for a measurable share of microservice execution cost — and built values directionally consistent with that
finding at a plausible order of magnitude. Every figure's note names the specific source informing its
construction.

Framing of the Decomposition-Comparison Scenario

The case scenario and Figure 2 in the Results section are framed around a single distributed processing
workload evaluated first under a software-engineering-only decomposition and then under the same logical
responsibilities regrouped by LOCUS's locality cost model, consistent with the comparative approach Vale
et al.[2] use to evaluate decomposition pattern quality; this framing was chosen specifically because it isolates
the data-movement cost attributable to boundary placement itself, rather than confounding it with unrelated
differences in workload or infrastructure.

Scope and Assumptions

This paper assumes an organization applying LOCUS already has, or can obtain, instrumentation sufficient
to measure data-movement volume across candidate service boundaries; it does not itself develop that
underlying instrumentation, which the workload-characterization literature reviewed above addresses. It is
scoped to the coordination of decomposition, partitioning, and scheduling around data-locality cost; it does
not address the software-engineering quality attributes the decomposition literature already treats extensively,
which remain necessary but insufficient criteria on their own. All quantitative results in the Results section
are estimates grounded in the literature rather than measurements.

Results

Architecture Overview: LOCUS

LOCUS organizes performance optimization around a shared locality cost model that informs three decisions
a conventional architecture manages independently. The data-locality-aware decomposition layer evaluates
a candidate service boundary against both the software-engineering criteria established above and the data-
movement cost the locality cost model estimates for it, drawing on the data-locality principle Dean and
Ghemawat[4] and Zaharia et al.[5] establish and the skew sensitivity Kwon et al.[6] document. The partition-
aware distributed processing layer applies the stream-processing optimization techniques Hirzel et al.[7] and
Carbone et al.[10] establish to minimize data movement within the boundaries the decomposition layer settles
on. The locality-aware scheduling layer places service instances onto the cluster using the same cost model,
extending the load-aware orchestration Marchese and Tomarchio[9] describe with explicit sensitivity to the
inter-service communication cost Ueda et al.[8] document empirically, so that two services the cost model
identifies as exchanging substantial data are scheduled close together on the underlying cluster rather than
placed without regard to that cost.
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Figure 1: LOCUS (Locality-Optimized Coordination for Unified microServices): a side-by-side
comparative network architecture, showing a software-engineering-only decomposition's crossing
data-shuffle edges reduced under LOCUS's locality-aware decomposition and scheduling.

Figure 1 LOCUS (Locality-Optimized Coordination for Unified microServices): a side-by-side comparative
network architecture, showing a software-engineering-only decomposition's crossing data-shuffle edges

reduced under LOCUS's locality-aware decomposition and scheduling.

Table 1: capability comparison across performance-optimization approaches.
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Capability Comparison Across Performance-Optimization Approaches

Dimension

Software-Engineering-
Only Decomposition

Locality-Aware
Processing Without
Coordinated
Decomposition

LOCUS

Alignment of service
boundaries with data-
movement cost

Weak; boundaries
chosen for cohesion and
ownership alone

Not applicable;
decomposition
unchanged

Strong; locality
cost model informs
boundary choice

Resilience to data skew
across partitions

Not applicable to
decomposition; handled,
if at all, within one
service

Moderate; skew
mitigated within the
processing layer only

Strong; skew
considered across
decomposition,
processing, and
scheduling

Scheduling awareness of

Partial; processing

Strong; scheduling
placement

workloads

inter-service None optimized, scheduling .
. informed by the
communication cost unaware
same cost model
Overall data-movement
overhead for cross-service | High Moderate Low

Case Scenario

Consider a hypothetical enterprise analytics platform whose order-processing and inventory-forecasting
responsibilities were decomposed into separate microservices based on team ownership, a defensible
software-engineering criterion on its own terms. Under software-engineering-only decomposition, every
forecasting run shuffles a large volume of order data across the network to the inventory service, and the two
services are scheduled onto the cluster without regard to this traffic, sometimes landing far apart. Under
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locality-aware processing without coordinated decomposition, the processing layer mitigates data skew
within its own partitioning scheme, but the underlying service boundary and scheduling placement remain
unchanged, so the cross-service shuffle persists. Under LOCUS, the locality cost model flags the order-to-
inventory data movement as a significant cost during the original decomposition decision, prompting either
a boundary adjustment or, where a boundary adjustment would harm cohesion more than it saves on data
movement, a scheduling policy that colocates the two services' instances to minimize network distance. This
hypothetical sequence is offered to illustrate the architecture's reasoning, not as a report of an actual
deployment.

Capability Scores Across Performance-Optimization Approaches

Figure 2: capability scores (0-10 scale) for software-engineering-only decomposition, locality-aware
processing without coordinated decomposition, and LOCUS.

Figure 2  capability scores (0-10 scale) for software-engineering-only decomposition, locality-aware
processing without coordinated decomposition, and LOCUS.

m Softwmare-Engineering - Only Decomposition
 Localty Aware Processing YWithaut Coondinated Decomposition
- LOCUS

Note: These capability scores are estimates constructed for this paper's comparative framework rather than
the product of a scored evaluation instrument; they were shaped by the data-skew findings Kwon et al. [6]
report and the inter-service communication findings Ueda et al. [7] document, and should be read as a
reasoning aid rather than a benchmark.

Software-engineering-only decomposition scores weakly across every performance dimension because it
does not evaluate data-movement cost at all; locality-aware processing without coordinated decomposition
improves moderately because it mitigates skew within the processing layer, but leaves the upstream boundary
and scheduling decisions unchanged; LOCUS is positioned, by design, to lead on every dimension because
its shared locality cost model was built specifically to coordinate all three decisions around the same cost
estimate.
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Cross-Service Data-Movement VVolume Over a Six-Month Optimization Program

Figure 3: Hypothetical cross-service data-movement volume (terabytes per month), by approach, over
a six-month optimization program.

Figure 3 Hypothetical cross-service data-movement volume (terabytes per month), by approach, over a six-
month optimization program.

Note: This is a hypothetical, trajectory rather than measuFred production data; the software-engineering-
only approach's flat, elevated volume reflects boundaries and scheduling that never account for data-
movement cost, consistent with the inter-service communication overhead Ueda et al. [7] document, while
LOCUS's declining trajectory reflects the locality cost model progressively informing boundary, partitioning,
and scheduling adjustments across the optimization program.

Discussion

Implications for Practice

The architecture developed here suggests that an enterprise optimizing distributed system performance
should treat data-movement cost as a decomposition-time concern, not only a processing-time or scheduling-
time concern, since the Results section's comparison illustrates that optimizing the processing and scheduling
layers alone, without revisiting the decomposition decisions that determine which boundaries must be crossed
in the first place, leaves a substantial share of avoidable data-movement overhead unaddressed.

Limitations

No production LOCUS deployment or measured data-movement data informed this study; the Results
section's table and figures are explicitly constructions. The architecture's locality cost model depends on
workload instrumentation capable of attributing data-movement volume to specific service boundaries, an
assumption the workload-characterization literature treats as achievable but not automatic[8]. Revisiting a
service boundary for locality reasons can conflict with the cohesion and ownership criteria the decomposition
literature establishes[1][2], and this paper does not resolve every such conflict, only surfaces it explicitly for
a human decision-maker to weigh.

Future Research

Empirical work instrumenting an actual distributed enterprise system using LOCUS's shared locality cost
model, compared against a matched system optimized at the processing and scheduling layers alone, would
directly test this paper's central claim. Research on automated methods for resolving conflicts between data-
locality cost and software-engineering cohesion when the two criteria disagree, and research quantifying how
much of total data-movement overhead is attributable to decomposition decisions specifically versus
scheduling decisions, would strengthen the architecture's practical guidance.

Conclusion

This paper has argued that microservice decomposition[1][2][3] and distributed data processing performance
optimization[4][5][6][7][10] have matured largely independently, leaving service boundaries that can be well
designed by software-engineering criteria while still imposing substantial, avoidable data-movement cost, a
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gap the microservice workload-characterization literature documents empirically[8] and conventional
container scheduling does not resolve[9]. This paper has developed LOCUS as an architecture in which a
shared locality cost model coordinates decomposition, partitioning, and scheduling decisions around one
estimate of data-movement cost rather than leaving each decision to its own narrower criteria. The
architecture was illustrated, not validated, through a comparative table, a case scenario, and two figures, with
every quantitative value explicitly labeled as an estimate. Future empirical work instrumenting a real
distributed enterprise system would be necessary before an organization could adopt LOCUS with confidence
in its specific cost-model parameters, but the underlying argument — that decomposition, partitioning, and
scheduling should share one data-locality cost estimate rather than being optimized independently — rests
on peer-reviewed evidence this paper has synthesized specifically for that coordination problem.
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