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Abstract—Whether a large organization should adopt data
mesh hinges on how data dependencies between its domains are
structured and grow, yet this structure has not been measured
and existing evidence on data mesh is almost entirely qualitative.
We mine 566 public infrastructure manifests of Norway’s labour
and welfare administration (NAV) to reconstruct its declared
cross-team data-dependency graph and five years of its growth.
The graph is sparse (3.7% of team pairs) and hub-concentrated
(degree Gini 0.53 versus 0.24 in matched random graphs);
edges grew quadratically at a stable low density (a = 2.03,
95% CI [1.99, 2.31]), contradicting our hypothesis of sub-
quadratic growth, while catalogued data products grew sub-
quadratically (a = 1.37). We then prove that a central data
team’s capacity is bounded under communication overhead
regardless of headcount, that mesh stability is governed by the
most connected domains, and that relabeling teams as domains
without transferring ownership can never beat centralization.
A verified discrete-event simulation of central, mesh, “theater”
and hub-and-spoke operating models at equal headcount, pre-
registered before any comparative output, shows that the all-
pairs dependency assumption penalizes the central model rather
than the mesh, and that the mesh’s delivery advantage depends
chiefly on diseconomies of scale in central teams: without them,
the two models deliver within 8% of each other. Cross-domain
demand, dependency structure and reuse matter far less. Data,
code and pre-registration are public.

Index Terms—data mesh, data architecture, socio-technical
systems, mining software repositories, discrete-event simulation,
queueing, sensitivity analysis, Conway’s law

I. INTRODUCTION

Data mesh proposes to replace the central data team and
its monolithic lake or warehouse with domain teams that
publish analytical data as products, supported by a self-
serve platform and federated, automated governance [1]–[3].
Its central claim is organizational: a single team that must
understand every source and serve every consumer becomes a
bottleneck as sources and use cases multiply, whereas teams
that already hold the domain knowledge can scale out [1],
[4]. The counter-claim is also organizational: decentralization
multiplies the interfaces between teams and invites duplicated
effort, inconsistent semantics and integration debt [4], [5].

Seven years after the idea was introduced, organizations
still decide whether to adopt it largely on the basis of practi-
tioner heuristics. The academic literature has matured, but it
remains predominantly qualitative: gray-literature reviews [4],
[6], interview studies [7], [8], case studies [9], [10] and

catalogues of design decisions [11], [12]. Several of these
explicitly call for quantitative work [7], [8], and the most
comprehensive review lists the lack of empirically validated
methods for weighing the costs and benefits of a migration as
an open challenge [4]. Practitioner retrospectives meanwhile
report a recurring anti-pattern in which existing IT teams are
relabeled as “domains” without any transfer of ownership
or authority [13], and interviews with ten large incumbents
find that data ownership has rarely moved even where mesh
principles were adopted [8].

Both sides of the argument turn on the same structural quan-
tity: how data dependencies between domains are distributed
and how they grow as domains are added. If every domain
eventually depends on every other, coordination costs grow
with the number of pairs, N(N − 1), a scaling familiar from
Brooks’ analysis of team communication [14] and assumed by
the only formal economic model of data mesh we are aware
of [5]. If dependencies are sparse and concentrated in a few
hub domains, the arithmetic changes. To our knowledge, this
structure has not been measured in a real organization, and no
study has quantified what it implies for the delivery perfor-
mance of centralized and decentralized operating models.

This paper revisits a question first posed in an earlier re-
search proposal by the author—is data mesh suitable for large
organizations, and which factors determine success?—and
makes it falsifiable. We measure the cross-domain dependency
structure of a large public organization that has adopted data
mesh principles, use it to ground an analytical queueing model
and a discrete-event simulation of four operating models (a
central team, a federated mesh, a “theater” mesh that relabels
without decentralizing, and a hub-and-spoke hybrid), and
identify the factors that decide between them with parameter
sweeps. Hypotheses, parameters and the analysis plan were
pre-registered in the public repository before any comparative
simulation output existed; deviations are reported explicitly.

Contributions.

1) Empirical: the first measurement, to our knowledge, of a
real organization’s cross-domain data-dependency graph
and its growth, mined from 566 public infrastructure
manifests in 129 repositories of the Norwegian Labour
and Welfare Administration (NAV), with a test of the
all-pairs assumption.



2) Analytical: stability results showing that a central team’s
capacity is bounded under communication overhead
regardless of headcount, that mesh stability is governed
by the most connected domain rather than by the number
of domains, and that relabeling without decentralization
can never outperform the central model.

3) Simulation: an open, verified discrete-event model of
four operating models, with decision maps that show
which implementation factors decide the comparison.

4) Artifacts: data, code, tests, pre-registration and all results
in a public repository.

Section II reviews related work, Section III states the
research questions, Section IV the methodology, Section V
the formal model, Sections VI–VII the simulation design and
implementation, Section VIII the results, and Sections IX–XI
discussion, threats to validity and conclusions.

II. BACKGROUND AND RELATED WORK

A. Data mesh

Dehghani introduced data mesh as a response to three
failure modes of centralized analytical platforms: the pro-
liferation of sources and consumers that a single platform
cannot absorb, pipelines decomposed by technical stage so that
one feature touches every stage, and hyper-specialized central
engineers who are remote from both the source systems and
the consumers [1]. The proposal rests on four principles—
domain ownership, data as a product, a self-serve data platform
and federated computational governance [2], [3]—and early
academic treatments positioned it as a paradigm shift relative
to warehouses and lakes [15]. Practitioner guidance has since
shifted toward data contracts and product standards [16], [17],
and a 2026 retrospective by consultants who implemented
many meshes reports that hybrid platforms, enabling centers of
excellence and policy-as-code are the patterns that work, while
relabeling existing teams as domains is the most common
failure [13].

B. Empirical studies of adoption

A systematic review of 114 gray-literature sources charac-
terized the principles, components, benefits and drawbacks of
data mesh and derived a research agenda that includes methods
for assessing migration costs and benefits [4]. Interviews
with 15 practitioners identified the transition to federated
governance, the shift of responsibility for data products and
understanding of the concept as the main difficulties [7]. A
study of ten large Swiss incumbents found that all adopted
mesh principles in some form but that governance was becom-
ing more, not less, centralized, and ownership largely stayed
where it was [8]. A case study at NAV, the organization we
study, describes its move from a central warehouse toward
distributed data management [9], and a longitudinal study ex-
amines the tensions of becoming data-driven in a large public-
sector organization [10]. Further work contributes readiness
approaches [18], design-decision catalogues for self-serve plat-
forms [11] and for federated governance [12], case experi-
ence [19], a review of research gaps [20], and delimitations of

data mesh from data fabrics, spaces and platforms [21]–[23].
All of this evidence is qualitative.

C. Governance mechanisms

Several prototypes automate parts of federated governance:
contract-based verification of data declassification [24], rule-
based enforcement of access policies derived from legal
text [25], scalable placement of policy-as-code decision points
for data products [26], and LLM-assisted evaluation of access
requests [27], now also exposed to AI agents [28]. A gray-
literature review consolidates the practice of data contracts [6].
These works evaluate mechanisms, not the organizational
trade-off between operating models.

D. Formal and quantitative models

Quantitative treatments are scarce. A position paper con-
trasts centralized lakes with meshes conceptually [29]; ar-
chitectural frameworks compare requirements across archi-
tecture families [23]; and a recent proposal argues for AI-
augmented hub-and-spoke lakehouses without reporting out-
come data [30]. The closest work is a game-theoretic model
in which N domains under-invest in the generality of their data
products because the benefits accrue to others [5]. Its welfare
loss and technical debt grow with the number of domain
pairs, N(N − 1); its calibration is illustrative and its author
identifies empirical validation as future work. We complement
it by measuring the dependency structure it assumes and
by modeling delivery dynamics (queues, coordination latency,
change propagation) rather than investment equilibria.

E. Coordination theory and network growth

Conway observed that system structure mirrors organiza-
tional communication structure [31]; the “mirroring” hypothe-
sis has since been tested quantitatively [32], coordination has
been framed as the management of dependencies [33], and
socio-technical congruence links unmet coordination needs to
lower productivity [34]. Brooks argued that communication
paths grow as n(n− 1)/2 and erode the productivity of large
teams [14]—the mechanism behind the capacity model in
Section V. For network growth, real graphs often densify, with
edges growing as Na for 1 < a < 2 [35], and heavy-tailed
degree distributions (hubs) are common [36], though claims
of power laws require careful testing [37].

III. PROBLEM STATEMENT AND RESEARCH QUESTIONS

Problem. Large organizations deciding whether to adopt
data mesh lack a quantitative basis for the decision. The
decision hinges on how cross-domain data dependencies are
structured and how they grow—a quantity that both advocates
and critics invoke but that has not been measured—and on
how that structure interacts with team capacity, coordination
latency and governance to determine delivery performance
under centralized and decentralized operating models.

Main question. Under empirically grounded cross-domain
dependency structures, under which organizational conditions
does a federated data mesh outperform a centralized data



team in delivery lead time, and which conditions determine
the outcome? We answer it through three sub-questions:

RQ1 How are declared cross-domain data dependencies struc-
tured in a large organization practicing data mesh, and
how does their number scale with the number of partici-
pating domains?

H1a The dependency graph is sparse and hub-
concentrated, relative to a uniform random graph
with the same numbers of nodes and edges.

H1b Edges grow sub-quadratically, E ∝ Na with 1 <
a < 2, rather than as N(N − 1).

RQ2 Given realistic dependency structures, where in the space
of domain count, cross-domain demand and central-team
overhead does a mesh (or hybrid) deliver faster than a
central team, and how does a nominal (“theater”) mesh
compare?

H2a The mesh’s domain-team stability threshold under
the all-pairs graph KN lies below the largest N ∈
[10, 160] at which the mesh remains stable on em-
pirically structured graphs.

H2b At NAV’s size (N=70), the mesh’s lead-time disad-
vantage relative to the central model is larger on K70

than on the observed graph.
H3 Theater lead time is never below central lead time.

RQ3 Which of the modeled factors most change the mesh-
versus-central lead-time ratio?

H1a and H1b were stated before the historical data were
mined; H2a, H2b, H3 and the RQ3 analysis were pre-
registered before any comparative simulation output was pro-
duced (notes/preregistration.md in the repository).

Scope. We study delivery performance (time from a request
for a new analytical use case to its availability) and sustain-
ability (queue stability) at equal headcount. We do not model
data quality, regulatory risk, or the cost of the platform itself.

IV. METHODOLOGY

The study combines repository mining (RQ1), an analytical
queueing model (Section V) and a discrete-event simulation
with parameter sweeps (RQ2, RQ3). The mined structure feeds
the models; the analytical results verify the simulator and
explain its behavior.

A. Case and data source

NAV, Norway’s public labour and welfare administra-
tion, has been moving from a central data warehouse
toward distributed, domain-owned data management in-
spired by data mesh [9]. Its application platform (NAIS)
lets teams declare Kafka topics as Kubernetes resources
(kafka.nais.io/v1, kind Topic); each manifest names
the owning team and lists, in an access-control list (ACL),
the teams and applications allowed to read, write or
readwrite the topic [38], [39]. Many teams keep these
manifests in public GitHub repositories, and some annotate
them with catalog metadata in a DCAT-based [40] vocabulary
(dcat.data.nav.no/*), which we interpret as publication

to a data-product catalog. The manifests therefore constitute
a machine-readable, versioned record of declared cross-team
data sharing.

B. Mining and graph construction (RQ1)

We retrieved every file in the navikt organization match-
ing the Topic kind via the GitHub code-search API (566 files
in 129 repositories; retrieved 23 September 2026). A read
ACL for team C on a topic owned by O yields a directed
edge O → C (data flows from producer to consumer); a
write ACL for team W yields W → O; same-team entries
are ignored and parallel edges merged. About a third of the
manifests are Handlebars templates rendered at deploy time
with per-environment variable files. We render them with the
nearest production variable file (105 topics) or, when rendering
fails but a production pool is declared nearby, keep the literal
ACL entries (60 topics); 70 topics whose environment cannot
be resolved are excluded from the primary graph and used
only in a sensitivity variant. The primary graph thus contains
production topics only. We also report a DCAT-only graph
restricted to catalogued topics.

For the growth analysis we made blobless partial clones
of all repositories, found every path that ever contained a
Topic manifest (including deleted ones, to avoid survivorship
bias; renames are treated as delete-plus-add), parsed all 3,892
first-parent versions on the default branch, and replayed them
to month-end snapshots. The final reconstructed snapshot
contains 178 edges against 180 in the directly mined snapshot;
the difference stems from ACL entries that are generated by
template loops, which only the snapshot miner renders.

Analysis. Hub concentration (H1a) is tested against 2,000
uniform random digraphs with the same N and E, using
degree Gini, maximum in-/out-degree and the share of edges
incident to the top 10% of teams, with one-sided empirical
p-values. We deliberately do not claim a power law, which
70 nodes cannot support [37]. Growth (H1b) is estimated by
ordinary least squares on logE = c + a logN over monthly
snapshots with N ≥ 10; because monthly observations are
serially dependent, confidence intervals come from a moving-
block bootstrap [41] (block length six months, 5,000 resam-
ples).

C. Simulation study (RQ2) and sensitivity analysis (RQ3)

The simulation is described with the elements of the ODD
protocol [42] in Section VI. Verification follows Sargent [43]:
the simulator must reproduce exact queueing results (Erlang
C), the analytical utilizations of Section V, the analytical
stability thresholds, and the path-wise dominance of Proposi-
tion 3. Face validity is assessed in the spirit of pattern-oriented
modeling [44]: the model should reproduce the qualitative
patterns reported in the literature (central bottleneck at scale,
hub domains as the most loaded, theater no better than
centralization).

All four operating models are run on identical random
workloads (common random numbers), so comparisons are
paired. Each run has a 26-week warm-up, 104 weeks of



measured arrivals and a 104-week drain. RQ2 uses (i) a case
study at N=70 on the observed NAV graph, on K70, on a
uniform random graph with the same number of edges and on
a Chung–Lu graph [45] that resamples NAV’s degree sequence
(20 replications each); (ii) a sweep over N ∈ [10, 160] for
four graph families; and (iii) decision maps over N × η and
N × x (10 replications per cell). Synthetic graphs at size N
follow the fitted growth law E(N) = E0(N/N0)

a anchored
at NAV’s (N0, E0) and keep NAV’s degree heterogeneity. For
RQ3 we pre-registered a global sensitivity analysis (Saltelli’s
design [46] with 1,024 base samples over eleven factors,
i.e., 13,312 runs, and Sobol indices [47] computed with
SALib [48], [49]); it is implemented in the artifact but was
not executed for this version, so RQ3 is answered from the
sweeps above.

D. Pre-registration and deviations

The hypotheses, default parameters, ranges and analysis
plan were committed to the repository before any comparative
simulation output was produced. Parameter revisions made
before that point are documented with reasons (e.g., the
governance team was resized so that the mesh is stable at
NAV’s observed size, which NAV demonstrably operates).
Four deviations occurred afterwards and are reported in Sec-
tion VIII: (D1) a symmetric treatment of platform tooling
became the primary specification after we found that the pre-
registered specification unintentionally favored the mesh; the
pre-registered specification is reported as a robustness check;
(D2) the pre-registered instability criterion proved insensitive,
so stability is classified primarily with the exact analytical
criterion; (D3) an exploratory analysis of differential reuse was
added; (D4) the global sensitivity analysis was not executed
for this version.

V. FORMAL MODEL

A. Organization, demand and change

An organization has N domains connected by a directed
dependency graph G = (V,E); u → v means that domain v
consumes data produced by u. We write d−(v) and d+(u) for
in- and out-degree. Time is measured in weeks and effort in
person-weeks (pw).

Definition 1 (Workload). (i) Each domain v requests new
analytical use cases as a Poisson process of rate λ. With
probability x (if d−(v) > 0) a use case is cross-domain and
needs data from Kv = min(1+Poisson(k̄−1), d−(v)) distinct
providers drawn uniformly from v’s in-neighbors. (ii) A use
case costs consumer-side effort wc and, per provider, provider-
side effort wp, which is needed only if no existing product can
be reused (probability 1 − r). (iii) Each cross-domain access
requires approval: automated with probability g (costing wpc

to the builder), otherwise reviewed by a governance team
(effort wg). (iv) Each domain emits changes at rate µ; a
change breaks each outgoing dependency independently with
probability b = b0(1 − φ), where φ is contract discipline
(the share of breaking changes caught before release, e.g.,

by contract tests); a break costs producer-side coordination
wco and consumer-side rework wrw. (v) Platform maturity
π ∈ [0, 1] multiplies data-engineering effort by mπ = 1−0.4π
and cross-team negotiation latency by 1− 0.5π.

B. Teams

A team of h people suffers Brooks-style communication
overhead [14]: each additional colleague adds a fraction η to
the time a member needs per unit of productive work, so per-
capita efficiency is 1/(1 + η(h− 1)) and the team’s effective
capacity is

κ(h) =
h

1 + η (h− 1)
pw/week. (1)

Lemma 1. For 0 < η < 1, κ is strictly increasing in h ≥ 1
and κ(h) < 1/η for all h.

Proof: κ′(h) = (1−η)/(1+η(h−1))2 > 0, and κ(h) =
1/(η + (1− η)/h) < 1/η because (1− η)/h > 0.

A team is a work-conserving first-come-first-served (FCFS)
multi-server queue whose servers process work at combined
rate κ(h). If the long-run rate L at which work is offered
to a team satisfies L ≥ κ(h), its backlog cannot converge
(it grows linearly when L > κ), so L < κ is necessary for
stability; under standard regularity conditions (e.g., renewal
input) it is also sufficient [50]. Task streams inside the mesh
are not exactly renewal, so for the mesh we use sufficiency as
an approximation and check it by simulation (Section VIII).
We call ρ = L/κ the team’s utilization.

C. Operating models

All models have the same people: Ncd data engineers, a
platform team that builds tooling (and thereby sets π) and a
governance team; only their organization differs.

• Central (C). The Ncd engineers form one pool (scaled
by a headcount ratio θ; θ=1 is budget-neutral). Lacking
domain knowledge, it spends an extra sctx per domain
touched. A use case is one job of size (wc +

∑
wp +

sctx(1+K))mπ plus automated-approval effort; a break
is a job of size (wrw + sctx)mπ .

• Mesh (M). Each domain team (cd people) builds its
own use cases. For every provider, the use case waits a
negotiation latency (ℓc on average), obtains approval, and
the provider’s team performs wpmπ; the consumer builds
wcmπ once all providers are done (fork–join). A break
costs wco at the producer and wrwmπ at the consumer.

• Theater (T). Domains exist in name only: the central
pool does all work as in C, plus a hand-off effort wh per
nominal domain owner, followed by a sign-off latency.

• Hybrid (Y). As M, but a pooled core formed from a share
s of every domain’s engineers performs all provider-
side work (with context cost sctx per provider task)
and producer-side coordination; s minimizes the peak
predicted utilization over all teams.



D. Loads and stability

Let p̄ = (1−r)w̄pmπ+g wpc be the expected provider task,
β+ = µb w̄co and β− = µb w̄rwmπ the per-edge maintenance
loads on producer and consumer, and a0 = λw̄cmπ the own-
use-case load. Since each cross-domain use case of v reaches
a given in-neighbor with probability E[Kv]/d

−(v), the load
on mesh domain i is

Li = a0 +
∑

v: i→v

λxE[Kv]

d−(v)
p̄+ β+d+(i) + β−d−(i). (2)

The central load LC is the sum over domains of the use-case
work of model C plus |E|µb(w̄rw + sctx)mπ of rework.

Proposition 1 (Central scale bound). Let η > 0. For every
headcount, the central model is unstable whenever N ≥
N̄C := 1/(ηλw̄cmπ).

Proof: Every use case carries at least w̄cmπ expected
work, so LC ≥ Nλw̄cmπ . By Lemma 1, κ(H) < 1/η for
every H . Hence N ≥ N̄C implies LC ≥ 1/η > κ(H),
violating the necessary condition for stability.

Proposition 2 (Mesh stability is a hub condition). (a) The
mesh’s domain teams are stable iff maxi Li < κ(cd). (b) For
every domain, Li ≤ a0+(λxp̄+β+) d+(i)+β−d−(i). Hence
maxi

[
(λxp̄+β+)d+(i)+β−d−(i)

]
< κ(cd)−a0 is sufficient

for stability: it depends on the degrees of the most connected
domains, not on N or |E|. (c) On the all-pairs graph KN ,
Li = a0 + λxE[K]p̄ + (β+ + β−)(N − 1) for every i, so
the mesh is unstable once N ≥ N̄K

M := 1 +
(
κ(cd) − a0 −

λxE[K]p̄
)
/(β+ + β−).

Proof: (a) follows from the stability condition applied
to each team. (b) Kv ≤ d−(v), so each consumer v of i
contributes at most λxp̄ to the sum in (2); there are d+(i)
such consumers. (c) In KN every domain has d+ = d− =
N−1, and the provider term sums N−1 identical contributions
λxE[K]p̄/(N − 1).

Corollary 1 (Pooling hubs). In the hybrid, the core is stable
iff

∑
v λxvE[Kv](p̄ + sctxmπ) + β+|E| < κ(sNcd), and

domain i iff a0 + β−d−(i) < κ((1− s)cd). The provider-side
constraint thus depends on

∑
i d

+(i) = |E| rather than on
maxi d

+(i): pooling replaces a hub constraint by an average-
degree constraint, at the cost of context and communication
overhead in the core.

Proposition 3 (Theater never beats central). Under common
random numbers, every use case’s lead time in model T is at
least its lead time in model C.

Proof: Approvals are served by identical governance
teams from identical inputs, so each job joins the central queue
at the same epoch in both models, and the queues have the
same servers and speed. In T every job’s work is that of
C plus a non-negative hand-off effort. For an FCFS c-server
queue, Kiefer and Wolfowitz [50] give the workload recursion
Wn+1 = R

(
(Wn + Sne1 − τn+11)

+
)
, where R sorts in

ascending order, Sn is the n-th job’s service time, τn+1 the

next inter-arrival time, and the n-th waiting time is the first
component of Wn. Adding Sn to the smallest component,
subtracting a constant, taking positive parts and sorting are
all component-wise non-decreasing maps (order statistics are
monotone), so by induction W′

n ≥ Wn whenever S′
k ≥ Sk

for all k < n. Hence every job waits at least as long in T, is
served at least as long, and then incurs a non-negative sign-off
latency.

Remark 1. With the default parameters of Section VI, N̄C =
500 and N̄K

M = 151. The observed NAV graph satisfies
the sufficient condition of Proposition 2(b), so its mesh is
provably stable at these parameters. Propositions 1–3 concern
long-run feasibility. Lead times below saturation depend on
queueing delays, fork–join synchronization and negotiation
latency, which the simulation quantifies.

VI. PROPOSED APPROACH: SIMULATION DESIGN

We describe the simulator with the elements of the ODD
protocol [42].

Purpose. To estimate, for a given dependency graph and
parameter vector, the delivery lead time of new analytical use
cases under the four operating models of Section V, at equal
headcount, and to identify which inputs drive the difference.

Entities and state. Teams (central pool, domain teams,
hybrid core, governance team), each a FCFS multi-server
resource whose servers work at speed κ(h)/⌈h⌋; use cases
(arrival time, consumer, providers, effort draws, approval and
latency draws); and breaking changes (time, producer, con-
sumer, effort draws).

Process overview and scheduling. Discrete-event simula-
tion. Use cases and changes are generated in advance for a
replication (Definition 1), then replayed against each operating
model, so that all models face the same arrivals, efforts and
draws (common random numbers). Model-specific routing
follows Section V. Lead time is measured from the request
to the completion of the consumer-side build.

Stochasticity. Efforts are log-normal with coefficient of
variation 1; latencies and approval/coordination efforts are
exponential; arrivals and changes are Poisson. Independent
random streams are derived from one seed per replication.

Observation. Mean, median and 90th-percentile lead time
of use cases arriving during the 104-week measurement win-
dow (unfinished ones are censored at the end of the run), sep-
arately for local and cross-domain use cases; team utilizations;
and the lead-time trend within the window.

Parameters. Table I lists defaults and sensitivity ranges.
They are assumptions chosen for plausibility, not calibrated
to outcomes, with two exceptions marked in the table: the
graph exponent is taken from RQ1, and the governance team
is sized so that the mesh is stable on NAV’s observed graph,
a constraint implied by NAV’s operation of a mesh. The
communication overhead η is the least grounded parameter; its
range bounds the per-capita efficiency of a 150-person team
between 40% and 100% (at the default, 57%), and results are
reported as maps along η.



TABLE I
MODEL PARAMETERS (DEFAULTS AND RANGES USED IN THE SENSITIVITY
ANALYSIS). EFFORTS IN PERSON-WEEKS. SOURCE: A = ASSUMPTION, E =

ESTIMATED IN RQ1, S = STABILITY CONSTRAINT AT NAV’S SIZE.

Symbol Meaning Default Range Src.

N domains 70 10–160 E
a graph growth exponent 2.03 1.3–2.4 E
λ use cases per domain per week 0.5 – A
x cross-domain share of use cases 0.3 0.05–0.6 A
k̄ providers per cross-domain case 1.5 – A
w̄c, w̄p consumer / provider effort 1.0 / 0.5 – A
r reuse of existing products 0.4 0–0.8 A
µ, b0 change rate; break probability 0.2, 0.3 – A
φ contract discipline 0.5 0–0.9 A
w̄co, w̄rw coordination / rework per break 0.1 / 0.3 – A
cd engineers per domain team 2 – A
θ central headcount ratio 1.0 0.6–1.2 A
η communication overhead 0.005 0–0.01 A
sctx central context effort per domain 0.2 0–0.5 A
π platform maturity 0.5 0–1 A
ℓc mean negotiation latency (weeks) 1.0 0.25–2 A
g share of approvals automated 0.5 0–1 A
w̄g manual approval effort 0.25 – A
– governance team size / N 0.06 – S

Design choices favoring the central model. Contract
discipline reduces breakage for central pipelines as much as
for data products, although contracts are a mesh construct;
the central model pools all engineers into one queue, which
reduces waiting through resource pooling; and platform tool-
ing benefits central and domain engineers equally. Any mesh
advantage we report is therefore conservative with respect to
these choices.

VII. IMPLEMENTATION

The artifact is a Python 3 package (meshsim) with four
modules: mining (GitHub API access with an on-disk cache,
Handlebars rendering of NAIS templates, parsing, and his-
tory reconstruction with partial clones and git backfill),
graphs (construction, metrics, Chung–Lu, Erdős–Rényi and
complete-graph generators, using NetworkX [51]), analytic
(the loads, thresholds and Erlang-C formulas of Section V)
and sim (the discrete-event models, built on SimPy [52]).
Numbered scripts run the pipeline end to end: mining, RQ1
analysis, verification, RQ2 experiments, the Sobol analysis,
the statistical analysis and the figures. The analysis script also
emits a LATEX file of macros from which every number quoted
in this paper is typeset, so that text and results cannot diverge.

A test suite (23 tests, pytest) covers manifest parsing and
edge semantics, template resolution, the analytical formulas
(including Lemma 1 and the thresholds of Propositions 1–2),
agreement of the simulator with Erlang C, path-wise theater
dominance on random configurations, reproducibility under
fixed seeds, and agreement of simulated and analytical utiliza-
tions. Replications run in parallel; a run at N=160 takes about
half a second per operating model on a laptop, and all RQ2
experiments complete in under ten minutes on eight cores. The
pre-registered Sobol analysis (script 06_rq3_sobol.py) is
included but was not run for this version. The mined data
contain team and topic names that NAV publishes openly; no
personal data are collected, and all analyses are at team level.

TABLE II
VERIFICATION: MEAN WAITING TIME (WEEKS) OF THE REDUCED

CENTRAL MODEL AGAINST ERLANG C (10 REPLICATIONS OF 6,000
WEEKS EACH).

ρ c Wq (Erlang C) Wq (sim.) 95% CI ±

0.3 4 0.013 0.012 0.002
0.5 4 0.087 0.084 0.005
0.7 4 0.357 0.368 0.026
0.9 4 1.969 2.044 0.227

VIII. RESULTS AND EVALUATION

A. Verification of the simulator

Table II compares simulated and exact M/M/4 waiting
times (Erlang C) for the central model reduced to a single
class without overhead; all four estimates agree within their
95% confidence intervals. Over 200 random configurations the
median absolute difference between simulated and analytical
utilization is 1.4 percentage points for the central pool and 2.5
points on average across domain teams. Proposition 3 held for
all 720,955 use cases in those configurations (0 violations).
Beyond the thresholds of Propositions 1 and 2(c), simulated
lead times grow without bound: on KN the mesh’s mean lead
time rises from 4.4 weeks at N=136 to 20.7 weeks at N=181
(N̄K

M=151); a central pool of N=458 domains, above its exact
asymptotic limit of 417, remains unstable even with four times
the budget-neutral headcount.

B. RQ1: structure and growth of cross-domain dependencies

The primary NAV graph has 70 teams and 180 directed
cross-team dependencies, i.e., a density of 3.7%: of the 4,830
ordered pairs that an all-pairs assumption would count, only
one in 27 carries a declared dependency. The graph is nonethe-
less well connected (the largest weakly connected component
holds 90% of teams) and reciprocity is 0.41. Dependencies
concentrate on a few hubs (Fig. 1a): one team consumes
data from 31 other teams (in-degree) and another supplies 23
teams (out-degree); the top 10% of teams touch 66% of all
edges. Against 2,000 uniform random graphs with the same
N and E, the degree Gini (0.53 vs. 0.24, 97.5% quantile
0.28), the maximum in-degree (31 vs. at most 9), and the
top-decile edge share (66% vs. 33%) all lie outside the null
distribution (p < 0.001 for each). H1a is supported, and the
result is unchanged when the 70 unresolved topics are included
(N=71, E=200).

Fig. 1b shows growth from 2021-05 to September 2026
(65 month-end snapshots with N ≥ 10). The fitted exponent
is a = 2.03 (95% block-bootstrap CI [1.99, 2.31]): edges
grew quadratically in the number of participating teams, with
density stable between 3.0% and 4.5%. H1b is not supported.
The all-pairs assumption thus has the right functional form for
this organization but overstates the number of dependencies by
a factor of about 27 at every size. The subset of topics that
teams catalogue as data products (DCAT-annotated; N=24,
E=39) behaves differently: a = 1.37 [1.29, 1.50], i.e., sub-
quadratic densification.
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C. RQ2: operating models at NAV’s size

Table III reports the case study at N=70. On the observed
NAV graph the mesh has a mean lead time of 1.17 weeks
against 1.89 for the central model, a paired difference of -
0.72 weeks (95% CI [-0.73, -0.72]); the advantage holds for
cross-domain use cases (2.20 vs. 2.75), which pay negotiation
latency and fork–join synchronization in the mesh. The hybrid
(1.32) lies between the two, and the theater mesh is slowest
(2.15). The mesh’s busiest team—a hub—runs at a predicted
utilization of 0.53, higher than the central pool (0.49): the
mesh is faster not because it is less loaded but because its small
teams avoid the central pool’s communication overhead and
context costs. Results on the Chung–Lu and uniform random
graphs with the same edge count are nearly identical, so at
this size the hubs matter little for mean lead time.

H2b is not supported—in the opposite direction. On
K70, the central model becomes unstable (predicted utilization
1.19) with a mean lead time of 16.8 weeks, while the mesh
remains stable (1.6 weeks). The difference-in-differences is
-14.6 weeks (95% CI [-15.4, -13.7]): assuming all-pairs de-
pendencies does not bias the comparison against the mesh but
against the central team, which must absorb all maintenance
of all pairs in one pool whose capacity is bounded (Lemma 1).
H3 is supported: in all 80 paired case-study runs the theater
mesh was slower than the central model (minimum difference
0.203 weeks), as Proposition 3 requires.

D. RQ2: scaling and decision maps

Fig. 2 extends the comparison to N ∈ [10, 160]. On graphs
that follow the measured growth law (a), a sparser law (b) or
have the same density without hubs (c), the mesh is stable
throughout, its lead time nearly flat, while the central model’s
lead time rises with N as the pool grows and its per-capita
efficiency falls. On KN (d) both the central and theater models

TABLE III
CASE STUDY AT N=70: MEAN USE-CASE LEAD TIME LT (WEEKS, 20

PAIRED REPLICATIONS), MEAN LEAD TIME OF CROSS-DOMAIN USE CASES
LTx , AND PREDICTED PEAK UTILIZATION ρ̂max († UNSTABLE).

Graph Model LT 95% CI LTx ρ̂max

NAV (observed) central 1.89 [1.88, 1.90] 2.75 0.49
theater 2.15 [2.14, 2.17] 3.83 0.51
mesh 1.17 [1.16, 1.18] 2.20 0.53
hybrid 1.32 [1.30, 1.33] 2.45 0.36

Chung–Lu, a=2.03 central 1.89 [1.88, 1.90] 2.74 0.49
theater 2.14 [2.12, 2.16] 3.83 0.51
mesh 1.15 [1.14, 1.16] 2.17 0.39
hybrid 1.32 [1.30, 1.35] 2.46 0.31

Erdős–Rényi central 1.95 [1.93, 1.96] 2.77 0.50
theater 2.26 [2.24, 2.27] 3.88 0.52
mesh 1.22 [1.21, 1.23] 2.19 0.34
hybrid 1.47 [1.46, 1.48] 2.56 0.34

All-pairs KN central 16.83 [15.90, 17.76] 17.66 1.19†

theater 32.21 [31.07, 33.35] 33.80 1.38†
mesh 1.55 [1.53, 1.57] 2.67 0.58
hybrid 1.66 [1.62, 1.69] 2.78 0.63

become unstable from N=55 (theater) and N=70 (central),
while the mesh saturates only near N̄K

M=151. The largest N
at which the mesh remains stable on empirically structured
graphs (160, the top of the range) exceeds N̄K

M , so H2a is
supported.

The decision maps (Fig. 3) show which assumption drives
this picture. Without communication overhead in the central
team (η=0, bottom row of Fig. 3a) the two models de-
liver within 8% of each other at every size, with the mesh
marginally faster up to 40 domains and the central model
marginally faster from 70; the hybrid is then up to 18% slower
than the central model. For every η > 0 in our range, the
mesh’s advantage grows with N and with η. Raising the share



of cross-domain use cases from x=0.05 to x=0.6 (Fig. 3b)
shrinks the advantage, measured as the log2 ratio, by 30–
61% depending on N , but does not reverse it at the default
overhead.

E. RQ3: which factors decide

The pre-registered global (Sobol) sensitivity analysis is
implemented in the artifact but was not executed for this
version (deviation D4), so we answer RQ3 from the one- and
two-factor sweeps above, which vary each factor around the
defaults and do not quantify interactions.

Central-team overhead η dominates. Moving η from 0 to
0.01 changes the outcome from near parity (within 8% at
every N ) to a mesh that is several times faster at large N ,
where the central pool approaches or exceeds its capacity
bound (Fig. 3a). Domain count amplifies whatever η implies,
because the central pool’s per-capita efficiency falls as it
grows. Cross-domain demand is second-order: from x=0.05
to x=0.6 the advantage shrinks by 30–61% in log2 terms
without reversing (Fig. 3b). Dependency structure matters little
in the empirically plausible range—the observed, Chung–Lu
and uniform random graphs give nearly identical results at
N=70 (Table III) and similar curves up to N=160 (Fig. 2)—
and becomes decisive only toward the all-pairs extreme. Reuse
has the smallest effect of the factors tested (below).

F. Robustness and exploratory analyses

Pre-registered specification (D1). Under the pre-registered
specification, which grants platform-tooling benefits only to
domain teams, the mesh’s advantage at N=70 is larger (1.17
vs. 2.38 weeks; paired difference -1.21), and H2b and H3 lead
to the same verdicts. The symmetric specification we report
as primary is therefore the more conservative one.

Differential reuse (D3, exploratory). The only formal model
of data-mesh economics predicts that domains under-invest in
reusable products [5]. Lowering the mesh’s reuse probability
by up to 0.4 (i.e., to zero at the default) changed the log2 lead-
time ratio by at most 0.08 at any N in {10, 40, 70, 100, 160}
and never reversed its sign: in this model, reuse acts only on
provider-side build effort, a small share of total work. Under-
investment could matter more through channels we do not
model, such as semantic inconsistency (Section X).

IX. DISCUSSION AND LIMITATIONS

Answering the original question. Is data mesh suitable
for large organizations? Our results replace a yes-or-no answer
with conditions. The empirical part shows that the dependency
structure of a real mesh is far from all-pairs and dominated by
hubs; the analytical part shows what each operating model’s
scaling limit depends on—total load against a bounded pool
for the central model, the most connected domains for the
mesh; and the simulation shows that, at equal headcount,
delivery time favors the mesh to the extent that a large central
team loses per-capita efficiency and must acquire context for
every domain it serves. Where those diseconomies are small,
a central team is not slower, and pooling even gives it an edge

at large N . The “key implementation factors” sought in the
original proposal are, in this light, quantities an organization
can estimate before deciding.

Why the all-pairs assumption cuts the other way.
Intuition suggests that dense dependencies hurt decentral-
ized organizations most, because they multiply negotiations
between teams. In our model, dense dependencies multi-
ply maintenance—breaking changes that must be absorbed
downstream—and whoever maintains the pipelines absorbs
it. A mesh spreads that load over many small teams, each
with near-full efficiency; a central model concentrates it in
one pool whose capacity cannot exceed 1/η. This does not
refute economic analyses that emphasize under-investment
in reusable data under decentralization [5]: that mechanism
acts on semantic quality and duplicated effort, and in our
exploratory test a reuse penalty alone did not change the
comparison. It does show that conclusions drawn from an
all-pairs assumption should be revisited once the dependency
structure is measured.

Hubs, hybrids and theater. Proposition 2 and Corollary 1
explain a practitioner observation: meshes fail locally, at the
domains everyone depends on, before they fail globally. At
NAV, one team consumes from 31 others; staffing such hubs
for their load, or pooling their provider-side work, is the
analytical rationale for the hub-and-spoke designs practitioners
converge on [13], [30]. In our runs the hybrid rarely beat
the mesh on mean lead time—the pooled core pays context
costs—but it relieves hub saturation by construction. The
theater result is unconditional: renaming teams adds hand-
offs to the same central pool and can only slow delivery
(Proposition 3), consistent with the anti-pattern reported in
practice [13] and with findings that ownership often does not
move in adoptions [8].

Limitations. Beyond the threats in Section X, the model
abstracts teams as queues with fixed capacity, ignores learning,
turnover and change costs of a reorganization, and measures
only delivery time. It treats governance as approvals with an
automation share, whereas federated governance also shapes
semantics and quality [6], [12]. Its value lies in making
assumptions explicit and testable, not in point predictions.

X. THREATS TO VALIDITY

We follow the classification of Wohlin et al. [53].
Construct validity. (i) Kafka topic ACLs record declared,

operational data sharing. Only a minority of topics carry
catalog annotations, and NAV’s analytical products on other
platforms are not visible in public repositories. We therefore
speak of declared cross-domain dependencies and report the
DCAT-only graph separately; its different growth exponent
shows that the answer to H1b depends on what counts as
a data product. (ii) NAIS teams (namespaces) are proxies
for domains; NAV has moved toward autonomous product
teams [9], which fits data mesh’s notion of a domain, but some
teams may be platform or enabling teams. (iii) Lead time is
one outcome among several that matter; quality, compliance
and cost are outside the model.
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Internal validity. (i) The graph is a lower bound: private
repositories are invisible, code search indexes only default
branches, and repository data carry the usual perils of min-
ing GitHub [54]. The unchanged hub results on the larger
variant with inferred topics, and the robustness of RQ2
across graph families including the all-pairs extreme, limit
the consequences. (ii) Template resolution is heuristic; 70
topics could not be assigned to an environment, and historical
templated versions inherit their path’s current classification.
(iii) Growth over time conflates organizational growth with
platform adoption: N counts teams participating in declared
sharing, so part of its increase may reflect teams adopting the
Topic-resource mechanism rather than new domains. (iv) The
block bootstrap assumes serial dependence decays within six
months.

Conclusion validity. Simulation estimates are precise
(paired common random numbers; narrow intervals) but preci-
sion is not accuracy: conclusions are conditional on the model.
We therefore report results as maps and sensitivity indices,
verified the simulator against exact results, and pre-registered
hypotheses. Four deviations from the pre-registration (D1–D4)
are disclosed; the pre-registered specification yields the same
verdicts. RQ3 rests on one- and two-factor sweeps around the
defaults (D4), which cannot reveal interactions between factors
or regions of the parameter space far from the defaults; the
pre-registered global analysis would address this.

External validity. One public-sector organization in one
country is studied; other organizations may have denser or
sparser dependency structures, different team sizes, or ana-
lytical products that are not event streams [55]. The model’s



parameters are assumptions, and the single most influential
one—communication overhead in large central teams—is not
measured in our data. The simplified capacity model (1) treats
a central team as one coupled pool; real central teams are
subdivided, which lowers effective overhead, and our range
for η is meant to span that case down to zero. Finally, the
model omits organizational change costs, learning, and the
semantic-interoperability costs of decentralization emphasized
by economic analyses [5].

XI. CONCLUSION AND FUTURE WORK

We set out to make an old question—is data mesh suit-
able for large organizations, and what determines success?—
falsifiable. Mining 566 infrastructure manifests from a large
public organization, we found that declared cross-domain
dependencies are sparse (3.7% of pairs) and concentrated
on a few hub teams, and that they grew quadratically at a
stable low density rather than sub-quadratically as we had
hypothesized; catalogued data products alone densified sub-
quadratically. We proved that a central team’s capacity is
bounded under communication overhead whatever its size, that
mesh stability is governed by its most connected domains, and
that relabeling without decentralization can never outperform
centralization, and we verified a simulator against these results.
In the simulation, the all-pairs assumption penalized the central
model rather than the mesh, and the mesh’s delivery advantage
depended above all on whether a large central team loses
efficiency as it grows: without such overhead the two models
were within a few percent of each other.

For practitioners, this shifts the adoption question from
“mesh or not” to measurable conditions: how much a central
team’s per-capita throughput falls as it grows, how much
context it must acquire per domain, how concentrated the or-
ganization’s data dependencies are, and whether hub domains
are staffed for their load. For researchers, it offers a dataset,
a verified open model and a pre-registered design that others
can re-run on their own organizations.

Future work should (i) measure communication overhead
and context costs in real data teams, which would turn our
maps into predictions; (ii) replicate the dependency analysis in
organizations whose analytical products live in warehouses or
lakehouses rather than event streams; (iii) model the semantic-
integration costs that economic analyses emphasize [5]; and
(iv) extend the model to AI agents as data-product con-
sumers, whose access is increasingly mediated by automated
governance [27], [28] and whose security properties under
adversarial inputs remain largely unexamined [56].
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