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Motivation and Gap

@ Spatial and network econometrics model interdependence across units

e Applications: trade and migration, housing and labor markets, social
and financial networks

Existing methods are overwhelmingly one-dimensional
o Outcomes indexed by a single unit (e.g. regions, individuals)
@ Many economic systems are inherently multi-dimensional

e Trade and migration: origin x destination
e Production networks: firms x sectors
e Social media: users x content categories

Reducing multi-dimensional systems to one dimension

e Discards cross-dimension linkages
e Produces incomplete and potentially misleading inference

Existing multidimensional approaches are limited

o Restrictive filtering assumptions (e.g. OD data)
e Homogeneous dependence and strong coefficient restrictions
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Contributions and Overview

© Multidimensional dependence framework

o General construction of spatial/network weights via coupling and
decomposition

o Applies to parallel and nested structures

o Nests standard OD filtering as a special case

@ MSAR model and estimation

e Multidimensional Spatial Autoregressive Regression (MSAR)
e Separates within- and cross-dimensional propagation channels
e GMM estimation with and without fixed effects

© Dominant units and asymptotics

o Allows “superstar” nodes across multiple dimensions

o Consistency and asymptotic normality under heterogeneous dependence
© Interpretation and application

e Decomposition into direct effects and channel-specific spillovers
o Application to bilateral trade (38 economies, 2011-2020)
o lIdentifies geographic, policy, and mixed FTA xdistance spillovers
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Multidimensional Spatial Dependence: The Core Challenge

@ Spatial econometrics typically relies on one-dimensional weights
o Geographic distance, economic proximity, or network adjacency
@ In multidimensional data, units are indexed by composite identities

e Examples: (country,industry), (origin, destination)
o Direct proximity between (i,5) and (i, j') is usually unobserved

@ Key idea: build multidimensional dependence from

@ Within-dimension dependence (along 7 and j separately)
@ Cross-dimension interactions

@ This leads to a two-step strategy:

Coupling — Decomposition
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The Multidimensional Spatial Model

e Extend the spatial autoregressive (SAR) model to multidimensional

data model:
y=pW'y+XB+e (1)
Stacked structure
-yn_ _-’E'u_ _811_
y= ||, X=|Zy!|, e=|eam
|YNM | _iIZSVM_ |ENM |

@ Dimension: i =1,...,N,j=1,.... M
@ Total observations: N M
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Spatial Weight Matrix Structure

Key component: W* ¢ RVMxNM.

0 oo W1l,1M
Wi2,11 0

W1M,11 0

wW* =

WN1,11 WN1,1M
WN2,11 WN2,1M

LWN M,11 WNM,1M

Key challenge

W11,N1
W12,N1

W1M,N1

0

WN2,N1

WNM,N1

Captures dependence between pairs y;; and yg
Element: wj; g, links (i,7) <> (g, h)
Diagonal elements are zero (no self-dependence)

Allows dependence across:
o Origins (i <> g); Destinations (j < h); Origin—destination pairs

W11,NM
W12, NM

W1M,NM

WN1,NM
WN2,NM

@ How to construct W* to reflect economic structure?
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Coupling Dependence Across Dimensions
Parallel multidimensional structure

@ Dimension-specific dependence:

e s(i,7'): dependence in dimension 1 with s(4,7) =1
e s(4,4'): dependence in dimension 2 with s(j,7) =1

@ Composite-unit dependence defined by a coupling function:
8(ig,7'5') = f(s(i,1), s(3,5))

@ Mild requirements on f:

e Increasing in both arguments
o Normalisation: f(0,0) =0, f(1,1) = 1.
@ Interpretation:

e Dependence between (7, ) and (¢', j') strengthens when

@ either dimension is proximate
@ or both are proximate (interaction)

Build multidimensional dependence without observing it directly.
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Decomposition into Interpretable Channels

With zero diagonal elements to avoid self-interaction, W* can be constructed by

N N M M

W =333 H(@5) # (@)} f(sG,4),5(3,5") (Bar @ Byjyr) . (3)

i=11i'=1j=1;=1

where By and Bjj are N x N and M x M selection matrices, each containing
a unity in (4,4") or (j,7’) and zeros elsewhere.

The coupled weight matrix W* admits a natural decomposition:
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@ Within-dimension spillovers (dimension 2)
N M
Wi=>" > f(s(i,i),s(j.j") (B @ Bjjr), i =i, j#j'
i=1 5,j'=1,5'#]

e Holds i fixed; varies j; Captures within-j dependence

@ Within-dimension spillovers (dimension 1)

N M
Wa= 3 3 f(s(i),50.4) (Biw © Byy) . i £, j=§

i,i'=1,i"#i j=1

e Holds j fixed; varies 7; Captures within-i dependence

© Cross-dimensional interactions

N M
Ws = Z Z f(S(i,i,),S(j,j,)) (Bu’ ®Bjj/), ’L% i'7 j 7£ j/

i =1, 4,5 =15/ A

e Joint propagation; Cannot be attributed to a single network

Result: multidimensional dependence separated into distinct, policy-relevant
channels
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Remark: Multiplicative Coupling as a Special Case

o Let W) and W) collect the dependence measures s(i,4’) and
s(7,7") (with zero diagonals) along the two dimensions.

o Under multiplicative coupling, the component matrices reduce to:
Wi=InaW?D Wy=WhgI,,, W;=wgw?
@ This structure relies on the spatial-filtering identity
(Inas — po WO RIn) (I — pal n@W)

= Inn — poWO STy — pgI y@WE + ppp WD W),

@ These restrictions assume homogeneous within-dimension dependence
and multiplicative filtering, rarely satisfied in practice.

@ Our framework nests this case while allowing heterogeneous
dependence and richer cross-dimensional interactions, substantially
improving empirical flexibility.
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Nested Multidimensional Dependence
Setting: Hierarchical (Nested) Data

@ N groups indexed by i =1,..., N

@ Group ¢ contains M; individuals indexed by j =1,..., M;
Coupling Group- and Individual-Level Dependence

@ Group-level proximity: s(i,4'); Individual-level proximity: s(j, ;')

@ Composite dependence:
5(ig,7'5") = f(s(i,1), s(3,5))
@ Captures two hierarchical layers of interaction
Why This Matters

@ Allows cross-group dependence beyond individual interactions
@ Avoids misspecification when higher-level units differ systematically

@ Example: UK housing markets (Oxford—Winchester vs. Westminster)
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Decomposition of the Spatial Weights Matrix
@ Within-group dependence

N M;
W= > f(s(ii),s(j.5) Bu®BY)), i=d, j£]
i=1j,§'=1,5'#j
@ Between-group dependence

M M/

W, = Z ZZ (84, 5N x Bijirryi#i's j#J

i=1,4'=1,i'#1 j=1j5'=1

@ We couple group-level and individual-level proximity to construct
dependence between composite units.

@ This yields a clean decomposition into within-group and between-group
spillovers—something standard individual-level spatial models rule out.

Key insight: hierarchical dependence decomposed into interpretable layers
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The Multidimensional Spatial Autoregressive Model

P
y:prWperXBJrs
p=1
For two-dimensional parallel data, P = 3; for two-dimensional nested data, P = 2.
Why Multiple W7
@ Multidimensional dependence cannot be summarised by a single spatial lag

@ Each W, isolates one propagation channel

e within-dimension
e cross-dimension
o hierarchical interactions

@ Avoids misspecification from conflating distinct spillovers
Interpretation
@ p, measures the strength of propagation along channel p

@ Comparing p,, identifies dominant transmission mechanisms
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Interpreting the Three Spillover Channels

General expectations
@ p; > 0: dependence across types (e.g. industries, crimes)
@ po > 0: dependence across space/networks (e.g. regions)

@ p3: interaction between the two dimensions

Key question: what does p3 capture?
@ p3 > 0: complementarity / amplification
e channels reinforce each other
@ p3 < 0: substitution / competition
o channels offset each other

Interpretation
@ p3 determines whether the system is:

o reinforcing (network amplification)
e or competitive (crowding-out)
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When p3 > 0: Reinforcing Spillovers
Crime networks
@ Drug trafficking spreads across regions
@ Triggers related crimes (violence, money laundering)

Financial crises
@ Shocks spread across markets and sectors simultaneously
@ Global contagion amplifies local disturbances

Innovation clusters
@ Knowledge flows across regions and related technologies
@ Spillovers reinforce each other (e.g. Al, biotech)

Environmental spillovers
@ Pollution spreads geographically
o Different pollutants interact and intensify effects

Summary
@ Interactions are complementary — amplification
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When p3 < 0: Competitive Spillovers
International trade
@ Countries export similar goods to nearby markets
@ Compete for market share

Crime displacement
@ Policing reduces one crime — shift to another
@ Crime relocates across regions or types

Financial reallocation
e Capital flows shift across regions/sectors
@ Gains in one market reduce activity in others

Labour markets
@ Workers move across regions
@ Regions compete for jobs and talent

Summary
@ Interactions are substitutes — offsetting effects

Yongcheol Shin, University of York , WentinjAdvancing Multi-Dimensional Spatial /Networ, 3 July 16 /102



Key Takeaway

p3 determines whether multidimensional spillovers

reinforce each other or compete

@ p3 > 0: network amplification (contagion, clustering)

@ p3 < 0: competition (displacement, crowding-out)
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GMM Estimation: Reduced Form and Instruments

Reduced-Form Representation
y=S,"XBy+S;'e

@ Each spatial lag W,y expands into:

e functions of exogenous regressors
e spatially propagated errors

@ Leads to valid linear instruments:
Q= (WZX,WZWZ,X, o)
Interpretation

@ Instruments exploit higher-order network propagation

@ Extends classical spatial GMM to multiple dependence channels
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GMM Estimation: Quadratic Moments

@ For matrices P, with zero diagonals: ]E(E’Pre) =0
@ Valid under heteroskedasticity
@ Capture spatial correlation in disturbances

Moment Vector

9(0) =[Q, P1e(0),..., Pre(0)'c(0)
Estimation
@ Two-step GMM with optimal weighting matrix
@ Power g = 1 works well in finite samples

@ We use GMM because likelihood methods break down in high-dimensional
spatial systems.

@ The key idea is to exploit higher-order network propagation to construct
both linear and quadratic moments.

Key advantage: valid under multidimensional networks and error
heteroskedasticity
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Asymptotic Framework

@ Focus on two-dimensional parallel data (4, j)

@ Sample size N = NM —

@ All results extend to nested and higher-dimensional cases
Key Regularity Conditions

@ Errors:
o Independent across (i, j); Heteroskedastic allowed
o Finite (4 + ¢)-th moments

@ Spatial stability:
P

Z lppol [Wplleo <1
p=1
ensures So = I — > ppoW is invertible
@ Instruments and regressors:
o Exogenous; Well-behaved second moments
e Standard rank conditions

Interpretation: spatial dependence is fully modelled, errors remain weakly

dependent
Yongcheol Shin, University of York , WentinjAdvancing Multi-Dimensional Spatial /Networ, 3 July 20/102




Identification and Dominant Units
Identification

@ Moment conditions combine:

o Linear (IV-type) moments
e Quadratic moments exploiting error orthogonality

@ lIdentification holds if either Instruments are sufficiently strong (standard IV
rank) Or spatial dependence is informative via quadratic moments

Dominant Units (Superstars)
@ Allowed: column sums of W, may diverge
@ Dominance can arise:
e within dimensions; across dimensions through coupling
@ Primitive control imposed on:

e marginal networks W(l), w®
o coupling function f(-,-)

Key novelty: dominance is multidimensional and interacting
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Consistency and Asymptotic Normality

@ Under regularity conditions:
020, VNO-60)L N0, Q)

@ Holds despite:

o heteroskedasticity
e dominant units
e multidimensional dependence

Variance Estimation
@  has standard GMM sandwich form
@ Error covariance estimated by 3 = (&%)

@ Two-step GMM delivers asymptotic efficiency

Result: classical v/ N M-rate inference in complex networks
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MSAR with Fixed Effects
Model with Two-Way Fixed Effects

P
y=> ppWyy+XB+Dia+Dyy+e
p=1
where a = (a1,...,ay) and v = (y1,...,vm)" are FEs, Dy = (Iy ® 1)) and
Dy = (1y ® Ip) with 157 (1) being an M x 1 (N x 1) vector of ones.
Purpose of Fixed Effects
@ Control for unobserved heterogeneity along each dimension
@ Mitigate omitted-variable bias in multidimensional data

Within Transformation Apply projection: Mp = Jy ® Js; Eliminates all
additive two-way FEs
Transformed Model

P
Mpy = ppMpW,y + MpX 3+ Mpe

p=1

Challenge: FE removal induces correlation in transformed errors
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GMM Estimation under Fixed Effects
What Breaks Relative to No-FE Case

@ After within transformation:

e Mpe is no longer independent
e Standard quadratic moments are invalid

Key ldea
@ Reconstruct valid moments by:

e combining FE-transformed and reduced-form equations
e re-centering quadratic forms to remove FE-induced bias

Two Classes of Quadratic Instruments
® P,Mpe and P, (D +¢)
Construction

@ Start from P; = W Re-centre to enforce:
(MpP,Mp)=0, (P,Mp)=0

Result: linear + quadratic GMM structure restored
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|dentification and Asymptotics with Fixed Effects

Identification

@ Either linear instruments are sufficiently informative, or spatial dependence
identified via quadratic moments

@ Holds even when regressors are weak or irrelevant
Consistency and Asymptotic Normality
@ Under mild regularity conditions:
020, VNO-6)NO0Q)
@ Allows for heteroskedasticity, dominant units and multidimensional network
amplification.
Connection to Panel GMM

@ When one dimension is time:
o MSAR-FE nests system-GMM for dynamic (spatial) panels

@ But applies to far richer multidimensional structures

Takeaway: FE control without sacrificing identification or inference

Yongcheol Shin, University of York , WentinjAdvancing Multi-Dimensional Spatial /Networ, 3 July 25/102



Network Analysis: Why Interpretation Is Non-Trivial

@ Due to spatial/network feedback, coefficients 3 are not marginal effects

@ A shock propagates repeatedly through

e multiple spatial operators W,
e multiple dimensions simultaneously

Limitations of Existing Approaches
@ One-dimensional impact measures
o collapse all spillovers into a single index
@ Existing multidimensional attempt:
o OD-specific and dimension-invariant
e no channel-specific decomposition
Our Contribution
@ Unified interpretation framework for MSAR

@ Explicitly decomposes spillovers by
o dependence channel W,
o regressor type (dimension-variant vs invariant)

Goal: transparent, channel-resolved spillover interpretation
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Dimension-Variant Regressors: Marginal Effects

@ We decompose impacts into channel-specific spillovers and show how
to conduct valid inference using the Delta method or simulations.

o Using the identity

P
S =Inu+> ppW,pS,
p=1

we obtain a decomposition of marginal effects into direct and spillover
components.
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Direct and Spillover Effect Decomposition

P P
S8k = [Inu+ > ppDiag(W,S 1) | B+ > ppOdiag(W,8™") B,
p=1 p=1

W p-induced Spillovers

Direct Effects Total Spillover Effects

where Odiag(W ,S™ ') = W,8~! — Diag(W,S™1).

o Direct effects: own-unit impacts including all feedback loops.

o Spillover effects: impacts transmitted to other units through the
network.

@ Spillovers attributed to W, embed higher-order interactions from all
networks via S71.
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We define the following fully aggregated average effects for regressor k:
o Average Direct Effect (ADE):

trace(S™1)
TNM B,

capturing average own-unit effects including feedback.
o Average W -induced Spillover Effect (AW,SE):

ADE =

p , _
AW,,SE = Nﬁ/‘[ENMOdzag(WpS Yenar B
o Average Total Spillover Effect (ATSE):

P
1 , _
ATSE = WE;VM > ppOdiag(W,S™) | {xns Br.
p=1

o Average Total Effect (ATE):
ATE = ADE + ATSE.

These measures provide interpretable summaries of marginal effects in
MSAR models, where raw coefficients are not meaningful due to complex
feedback and spillover mechanisms.
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Dimension-Invariant Regressors and Inference

o Effects aggregated by block (e.g. group-level shocks)

@ Spillovers captured via off-block propagation
Inference

@ Delta method for asymptotic inference

@ Simulation-based inference (parameter draws)

Result: interpretable marginal effects with valid uncertainty quantification

Yongcheol Shin, University of York , WentinjAdvancing Multi-Dimensional Spatial /Networ, 3 July 30/102



Monte Carlo Design
@ Assess finite-sample performance of the proposed GMM estimator
@ Consider models with and without fixed effects

@ Allow for multiple dependence channels; heteroskedasticity; dominant units;
heterogeneous network weights

Data-Generating Process
3
Yij = pr Wy +x,8 + a; + 75 +€ij
p=1

Key Design Features
@ Spatial parameters:
e (p1,p2,p3) =1(0.3,0.3,0.3) and (p1, p2, p3) = (0.3,0.3,—0.3)
@ Regressors: K = 0 (pure spatial), K = 2 with 5 =(1,2)
@ Errors: heteroskedastic, independent
@ Networks: homogeneous vs heterogeneous weights; dominant units allowed
(N, M) € {(10,10), (20, 20), (40,40)}, 1,000 replications
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Monte Carlo Results

@ Bias:

o Small across all parameters
e Shrinks rapidly with sample size

@ RMSE:

e Declines monotonically in N and M
o Consistent with vV NM convergence rate

@ Size: Close to nominal 5% level; Only mild distortions in very small samples
@ Power: Increases quickly with sample size;
@ Approaches one in moderate samples
Fixed Effects
@ Performance with FEs closely mirrors no-FE case
@ Two quadratic-moment constructions yield similar results

@ Slight efficiency gains when FE-based instruments are used

Conclusion: robust finite-sample performance under complex multidimensional
dependence
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Why Trade Requires a Multidimensional Network Model

Gravity and Its Limitations
@ Trade depends on bilateral costs & country sizes
@ But GE trade implies cross-flow dependence:
o exporter MRT; importer MRT
Role of Fixed Effects
@ Exporter and importer FEs absorb MRT levels
@ But suppress information on propagation channels

Key Question
How do shocks and policies propagate across the global trade network?

Answer requires explicit network structure
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MSAR Gravity: Networks, Self-Flows, Spillovers

Three Explicit Network Channels
@ Exporter-side network: outward MRT
@ Importer-side network: inward MRT
@ Mixed channel: geography x policy interaction
Self-Flows Problem
@ Domestic trade unobserved
@ Imputation or log(z + 1) causes bias
Our Solution
@ New transformation that removes self-flows
@ Preserves spatial dependence structure
What We Learn
@ Which MRT channels dominate
@ How network interactions amplify or dampen trade shocks
@ When policy diffusion weakens due to reallocation

MSAR turns gravity into a network-diagnostic tool
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MSAR Gravity Model

Yy=pWiy+pWoy+psWiy+ XB+D+e

@ Extends OD gravity with multiple network channels

@ Fixed effects absorb MRT /evels

@ Spatial interactions recover MRT propagation
Variables

@ y;;: log exports from origin ¢ to destination j

@ X: bilateral gravity controls

e FTA, common language, distance, contiguity, colonial ties
o GDP per capita disparity (Linder channel)

@ ID: exporter and importer fixed effects

Key Point

FE purge static heterogeneity; MSAR recovers GE spillovers
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Networks, MRT Channels, and Data

Exporter-Side Network

o WFTA Policy-network proximity among exporters

@ Similar agreements = correlated outward trade
Importer-Side Network

o WPIST. Geographic proximity among destinations

@ Captures demand substitution and logistics spillovers

Three MRT Channels

W, =1Iy® WDIST7 W, = WA & Iy, Wy— WFTA & WoIsT
Data
@ CEPII bilateral exports, 38 countries

@ 2011-2020, >70% of global trade

MSAR provides a network-explicit GE interpretation of gravity
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Removing Self-Flows in MSAR Gravity

@ Domestic flows (y;;) are unobserved in trade data; conceptually distinct
from bilateral flows.

@ Retaining self-flows: injects large own-market masses into the network;
contaminates spatial lags W ,y; distorts spatial coefficients p,; blurs
channel-specific spillover interpretation.

Our Solution: Selection-Based Removal
@ Define selection matrix & that drops y;;
@ Transform the system:
Yy =pWiy" + ppWiy" + psWiy" + X8+ D" +¢”
® Adjusted weights: W, = SW S’
Regularisation for Interpretation
@ Zero-pad via 8’'S7!S; Restores N2 x N2 structure
@ Ensures consistent indexing and spillover decomposition

Takeaway: unbiased estimation and clean channel-specific spillovers
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Dual-Network MSAR Results: Spatial Coefficients
Three Propagation Channels
@ p; (Geography):

e complementarities within regional production clusters
e supply-chain and proximity spillovers

@ po (Policy / FTA):

o diffusion along institutional and policy corridors
e exporter-side multilateral resistance

@ p3 (Policy x Geography):

e interaction between institutional integration and spatial clustering
e amplification vs. reallocation

Magnitude and Stability
° Zp lop| € [0.61, 0.91]

@ Indicates a stable but strongly network-dependent trade system
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Gravity Results: Dual Networks

Year p1 P2 p3 gdppcdif  fta comlang  col45 contig dist R? |p|
Wi=I1aWosT W, = Wit g I, Wa=Whg WosT
2011 0.336"** 0.267*** -0.214"*  -0.013 0.130 0.264™* 0.727*** 0.415"** -0.592"** 0.872 0.817
2012 0.306™** 0.311"** -0.297*** -0.029 0.228"** 0.304™** 0.895™** 0.324"** -0.634""* 0.870 0.914
2013 0.296"** 0.291*** -0.239"** -0.050" 0.253"** 0.285™** 1.025"** 0.339"** -0.627"** 0.874 0.826
2014 0.321*** 0.297*** -0.194"*  -0.026  0.187** 0.269"** 0.786™** 0.329"** -0.608"** 0.880 0.812
2015 0.281"** 0.267*** -0.164" -0.078"** 0.279*** 0.251*** 1.003*** 0.413"** -0.572"** 0.881 0.712
2016 0.306™** 0.312*** -0.209"* -0.072"* 0.263*** 0.226"** 0.935** 0.492"** -0.533"** 0.886 0.827
2017 0.303*** 0.285"** -0.137 -0.077*** 0.198" 0.231*** 0.864** 0.548"** -0.530""* 0.877 0.725
2018 0.248™* 0.257*** -0.107 -0.095"** 0.208** 0.267*** 0.952*** 0.341*** -0.613"** 0.878 0.611
2019 0.266™** 0.307*** -0.195"* -0.092"** 0.227*** 0.253"** 0.959*** 0.359"** -0.601"** 0.878 0.768
2020 0.311"** 0.354"** -0.244** -0.085"** 0.167** 0.272"** 1.027*** 0.332"** -0.588""* 0.876 0.909
Notes: ***p < 0.01, **p < 0.05, *p < 0.1.
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Time-Varying Network Spillovers
Geographic Spillovers (p1)

@ Always positive and highly significant

@ Declines during 2011-2017: globalisation and GVC expansion; reduced
reliance on nearby markets

@ Rises again after 2018: trade frictions, COVID-19 disruptions;
re-regionalisation of supply chains

Policy-Network Spillovers (p2)
@ Stable before 2018; Strengthens after 2018:

@ policy uncertainty increases the value of established FTAs
Mixed Channel (p3)

@ Negative throughout the sample
@ Implies reallocation rather than uniform amplification

@ Becomes more negative and significant after 2018

Globalisation — fragmentation and regionalisation
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Spillover Intensity and Policy Implications

Spillover Intensity (ATSE / ATE)
@ Network effects account for 30-40% of total trade responses
@ Two-phase pattern:

e 2011-2017: rising diffusion capacity
e post-2018: partial compression, still sizable

Channel Decomposition
@ Early period:

o Geography and policy channels positive and stable
o Mixed channel weakens

@ Later period:

o Mixed channel strengthens (reallocation)
o All three channels converge in importance
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Gravity Controls
@ Standard signs and significance throughout
@ gdppc_dif becomes more negative over time:
o selective trade under fragmentation
Policy Takeaway
@ The key driver of global diffusion is the mixed channel
® Large |ps| signals limited system-wide traction

@ Diversifying trade corridors (geographic or institutional) can restore diffusion
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Spillover Intensity and Channel Shares

Year ATSE 01 202 Z03 (Wi |[Wa| W
2011 0.345 0.873 0.751 -0.624 0.389 0.334 0.278
2012 0.275 0.999 1.091 -1.091 0.314 0.343 0.343
2013 0.310 0.865 0.912 -0.777 0.339 0.357 0.304
2014 0.386 0.757 0.751 -0.503 0.376 0.374 0.250
2015 0.354 0.728 0.735 -0.465 0.378 0.381 0.241
2016 0.373 0.748 0.815 -0.563 0.352 0.383 0.265
2017 0.419 0.664 0.662 -0.326 0.402 0.401 0.197
2018 0.374 0.614 0.670 -0.284 0.392 0.427 0.181
2019 0.348 0.705 0.857 -0.561 0.332 0.404 0.264
2020 0.382 0.743 0.898 -0.642 0.326 0.393 0.281

Spillover intensity = AT'SE/ATE. Signed shares may exceed 1 due to offsetting effects.
Absolute shares sum to 1 (relative importance).
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Aggregation Effects of Gravity Controls
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A Multi-Dimensional Spatial Autoregressive Model of
Crime Spillovers in England and Wales

@ Crime is embedded in social and spatial ecologies with strong
interdependence.

Spatial models (SAR, SDM) reveal geographic spillovers, but impose
a single spatial layer.

Offence types are treated as independent outcomes.

Criminological theory suggests otherwise:

e shared neighbourhood conditions,
e economic strain,
e gangs, markets, and routine activities

jointly shape multiple offences.

@ Standard models miss cross-offence spillovers and system-wide policy
effects.
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Motivation: Crime as a Multi-Dimensional System
Crime is inherently multi-dimensional

@ Evolves jointly across space, time, and offence types
@ Driven by overlapping mechanisms:

Spatial diffusion (geographic spillovers)

e Cross-offence substitution and complementarities

e Common socio-economic drivers

o Network-based interactions

Stylised facts
@ Strong spatial clustering and autocorrelation
e Spatio-temporal persistence (e.g., near-repeat effects)
@ Substantial co-movement across crime types
o Time-varying dependence driven by policy and structural change

Implication:

Crime outcomes are jointly determined across locations and offence
categories
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Limitations of Existing Approaches
Standard approaches are restrictive
o Spatial econometric models

o Single network (geography only)
e Cannot distinguish multiple propagation channels

e Multivariate / panel models
e Capture correlations across outcomes
e Typically impose separability
o Empirical crime studies
o Spatial studies — geographic spillovers only

o Multivariate studies — co-movement, no mechanism
e Quasi-experimental studies — local effects, not system-wide
Key limitation
e Cannot capture joint propagation across space x offence types
@ Cannot identify higher-order interaction effects

= Need a multi-dimensional network framework
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MSAR: Multi-Dimensional Spatial Autoregressive Model
@ Represents crime as a system indexed by (location, offence)
@ Introduces multiple interacting networks:
e W : cross-offence dependence
o W spatial diffusion
e W3: cross-dimensional interaction
Key conceptual advances
@ Move from single network — interacting networks
o Allow non-separable interactions across dimensions
o Generate endogenous regime dynamics (amplification vs
attenuation)
This paper contributes
e First empirical application of MSAR to crime data
@ New decomposition of spillovers:
e AW;: cross-offence (local)
o AWS,: spatial diffusion
o AWSj3: cross-dimensional interaction

@ Characterisation of multi-layer propagation and regime shifts

= Crime dynamics driven by interacting diffusion channels
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Policy Relevance

Policy interventions propagate through multiple channels
@ Place-based policing — spatial displacement
o Targeted enforcement — cross-offence substitution

@ Institutional changes — system-wide effects
Implication

o Local effects # system-wide effects

@ Ignoring spillovers may mischaracterise policy impact
MSAR contribution

o Captures joint spatial + cross-offence propagation
@ Enables system-wide policy evaluation

o |dentifies multi-layer spillover mechanisms
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MSAR Model: Multi-Dimensional Dependence

Two-dimensional spatial system (PFA x offence)

Yy = pW1y+peWoy+psWiy+(X,5a®1)B, 10+ (1@ X crime ) Berime +€

Three propagation channels
o W i=1Ix5® W = cross-offence dependence (within area)
o Wy =W ® I = spatial diffusion (same offence)
o W3 = W @ W = cross-dimensional interaction

= Crime evolves through interacting diffusion channels
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Network Structure
Geographic network (W)
o Contiguity: adjacent PFAs (local interactions)
o Inverse distance: 1/d?; (broader diffusion)
Interpretation
o Contiguity — localized spillovers
@ Distance — wider connectivity, stronger amplification
Offence similarity (W)
@ Constructed using PCA + clustering
@ Groups offences with similar dynamics
Three clusters (intuitive)
@ Acquisitive crimes (theft, robbery, arson)

@ Disorder / group-based (public order, weapons)
@ Structural crimes (violence, sexual, society)

= Networks reflect behavioral 4+ spatial structure
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Data and Stylised Patterns

Data
o England & Wales: 43 PFAs, 8 offences
@ Period: 2015-2023 (3,096 observations)

Stylised features
o Spatial concentration
o Top 5 PFAs ~ 38% of crime
o Cross-offence dependence
o Correlations: 0.74-0.98 (strong co-movement)
@ Multi-dimensional structure
o High-crime areas — high across multiple offences

= Supports need for multi-layer model (MSAR)
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Endogenous Regime Dynamics

Key interaction objects

P3t P1t
Ay = p3t — p1tp2t, Ot = ‘10 —

,
P1LP2L P2t

Economic interpretation
@ A (interaction intensity):
o Measures excess interaction beyond independent channels
e A; > 0: interaction reinforces propagation
e A; < 0: interaction offsets propagation

@ 1 (channel imbalance):

e Measures relative strength of spatial vs cross-offence channels
e Large I;: one channel dominates = weak interaction

@ 0, (amplification index):
o Scale-free measure of system-wide propagation

o Normalises interaction relative to marginal effects
Spillover regimes
6+ > 1 — Amplification (interaction multiplies effects)
6+ = 1 — Linear propagation (independent channels)
0 < 6 < 1 — Attenuation (interaction dampens effects)

6¢ < 0 — Containment (offsetting spillovers)

Regimes arise from how strongly and how symmetrically the two channels interact
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Core mechanism
@ Amplification requires two conditions:
o Positive interaction: A; >0
e Sufficient channel alignment: I; small
@ Intuition:
o If one channel dominates = interaction paths are scarce
e Balanced channels = rich mixed propagation paths

Role of network structure
e Sparse networks (contiguity)
e Limited connectivity
e Amplification requires near-perfect balance
e Dense networks (distance)
e Many indirect links
e Amplification arises even with moderate imbalance
Propagation mechanism
o Marginal paths: W¥, W’g
o Interaction paths: W)W
@ Amplification occurs when interaction paths dominate

Amplification is a property of the network geometry, not just parameters
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Spatial and Behavioural Weight Matrices

e Geographic proximity matrix W e RM*M.
o Distance-based: w;; = 1/d};
o Contiguity-based: shared PFA boundaries
o Crime-type similarity matrix W e RVxN,
e PCA on national offence time series (2003-2023),
o K-means clustering on PC loadings,
o offences linked if in same behavioural cluster.

@ MSAR weight matrices constructed via multiplicative coupling:

Wi=IoW, Woe=WI, Wy=WaW
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Data and Covariates

@ Study area: England and Wales, all PFAs.

o Period: 2015-2023.
e Eight major offence categories:

e theft, robbery, arson, violence,

e sexual offences, weapons,

e public order, crimes against society.
Key covariates (PFA-level):
population aged 16-24,

e regional GDP,

o unemployment (16-64),

e average custodial sentence length,
o frontline police staffing (FTE).

Data sources: Home Office, ONS (NOMIS, GDP), MoJ, Police
Workforce.
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Empirical Strategy: Multi-Dimensional Spillovers

Focus

@ Evolution of interaction structure in crime dynamics (2015-2023)
Key objects

@ A; — interaction intensity

@ 0; — amplification regime

@ I; — channel imbalance
Approach

@ Estimate MSAR under alternative networks:

o Contiguity (local)
o Distance (dense)

@ Compare regime transitions and spillover behavior

= Linking theory to observed propagation patterns
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Contiguity Networks: Overview

Key empirical pattern

@ Increasing but constrained spillovers

Magnitude
@ Spillovers 65% (region-level covariates)

@ Spillovers 50% (offence-level)

Interpretation
@ System becomes more interconnected

@ But interaction remains limited

= Strong diffusion, weak interaction
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Contiguity Networks: Dependence Structure

Evolution of parameters
@ p; (cross-offence):
o Increases (0.25 — 0.53), then stabilises
@ py (spatial):
o Steady increase (reaches 0.39)
@ p3 (interaction):

o Negative (2015-2017)
o Positive only after 2018

= Interaction emerges late
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Contiguity Networks: Regime Dynamics

Interaction gap
e A; < 0 for most of the period
@ = sub-additive spillovers

Transition

e A; 1 over time

@ Becomes positive in 2023
Regime

o Amplification (6; > 1) only in final period
Channel structure

e Dominated by spatial diffusion (W3)
@ Limited interaction (W3)

Yongcheol Shin, University of York , WentinjAdvancing Multi-Dimensional Spatial /Networ,

3 July 60 /102



Distance Networks: Overview

Key pattern
@ Stronger, earlier interaction

@ More diffuse propagation

Implication

@ Denser network — richer spillovers

= Higher connectivity amplifies diffusion
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Distance Networks: Dependence Structure

Key evolution

@ p1, p2: stable and positive
® p3:
e Positive from 2016
o Increases steadily ( 0.23 by 2023)
Interaction gap
e A; > 0 from 2019 onward

Regime

@ Persistent amplification (6; > 1)
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Distance Networks: Channel Composition

All channels active
@ Ws: strong spatial diffusion
o Wj: stable cross-offence dependence

@ Wj3: central interaction mechanism

Aggregate dependence
@ Approaches unity after 2018
@ Indicates dense multi-layer system

= Fully multi-dimensional propagation
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Comparison: Contiguity vs Distance

Timing

e Contiguity: late amplification (2023)

e Distance: early amplification (from 2019)
Magnitude

o Contiguity: 0; ~ 1

@ Distance: 6; > 1.5

Role of imbalance
o Contiguity: requires low I;
@ Distance: robust to imbalance

= Network structure governs regimes
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Linking Empirics to Theory

Theoretical prediction
o Amplification requires:
e A; > 0 (interaction)

o Sufficient feasibility (low I;)
Empirical validation
@ 6; > 1 occurs ift Ay >0

@ Same A; — stronger 6; in dense networks

Interpretation

@ Interaction intensity is necessary

@ Network structure determines feasibility
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Main Findings

Three key results
e (1) Rising interaction
e Transition from attenuation — amplification
@ (2) Structural shift
e From single-channel — multi-layer propagation
@ (3) Network dependence
o Dense networks generate earlier and stronger amplification

Key takeaway

Crime dynamics evolve from
local diffusion — multi-layer network system
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Implications for Covariates and Policy

@ Covariate effects propagate widely:

youth population and unemployment increase crime,

GDP reduces crime locally and in neighbouring PFAs,

frontline police reduce same-offence crime across borders,

longer sentences reduce related offences via cross-offence channels.

@ Indirect effects now dominate total impacts.
@ Policy implications:
e coordinate regionally by offence (W3),

o bundle multi-offence interventions locally (17),
o actively manage cross-border cross-offence spillovers (W3).
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Spatial Concentration of Crime

Crime is highly concentrated geographically.
Top 5 PFAs account for approximately 38% of total recorded crime.
Indicates substantial heterogeneity in crime activity across regions.

Major metropolitan PFAs dominate the national crime landscape.

Implication

Crime is not evenly distributed; a small number of PFAs account for a
disproportionately large share of offences.
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Reconciling Concentration with Network Effects

@ Spatial concentration and network spillovers are complementary
findings.
@ High-crime PFAs act as dominant nodes within the national crime
network.
@ Crime shocks originating in these hubs can propagate through:
e region-to-region connections (W3),

o offence-to-offence connections (1W7),
e cross-region cross-offence channels (W3).

@ This helps explain why indirect effects contribute a large share of
total impacts.
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Policy Implications

@ Targeting a small number of dominant PFAs may generate
disproportionate nationwide benefits.
@ Resource allocation should consider:

o local crime volume,
e network centrality,
e potential spillover impacts.

@ Interventions in key metropolitan hubs can reduce crime both directly
and indirectly.
o Effective crime control therefore requires:
e hotspot policing,
e regional coordination,
e nationwide intelligence sharing.

Key Message

A small number of PFAs concentrate crime, but their influence extends far
beyond their boundaries through network spillovers.
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Spatial Concentration and Network Spillovers

@ Top 5 PFAs account for approximately 38% of total recorded crime.

@ Crime is therefore concentrated in a few dominant metropolitan areas.
@ These PFAs operate as network hubs:

o local crime shocks affect neighbouring PFAs (Ws),

o spillovers extend across offence categories (W, and W3),

e indirect effects become economically significant.
@ Policy implication:

e interventions targeting high-crime hub PFAs can generate

disproportionately large nationwide crime reductions.

Takeaway

Spatial concentration identifies where crime is generated, while network
effects explain how it spreads.
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Policy Implications for Nationwide Police Investigation

@ Crime exhibits strong network dependence across regions and offence
categories.

@ Traditional PFA-level investigations may underestimate broader crime
transmission mechanisms.
o Effective policing requires three complementary strategies:

e regional coordination across PFAs (1),
o multi-offence investigations within PFAs (TW7),
e monitoring cross-border cross-offence spillovers (W3).

@ Since indirect effects dominate total impacts, local interventions can
generate substantial nationwide consequences.
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Nationwide Intelligence and Resource Allocation

Establish real-time intelligence sharing across PFAs.

Prioritise investigations in highly connected crime hubs:

e disruption in strategic locations can reduce crime nationally,

e network centrality should guide resource allocation.
Deploy investigative resources based on expected spillover effects
rather than local crime counts alone.

Strengthen collaboration between local police forces and the National
Crime Agency for coordinated enforcement.
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Integrated Multi-Offence Investigation Strategy

@ Criminal activities are often linked across offence categories.
@ Investigation units should jointly analyse:

e burglary,

e robbery,

e vehicle crime,

e violent crime,

e drug-related offences.

@ Intelligence systems should identify common offenders and organised
crime networks operating across multiple offence types.

@ Integrated investigations can generate larger crime reductions than
offence-specific enforcement.
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Managing Crime Displacement and Spillovers

@ Enforcement against one offence may alter criminal behaviour:
o geographical displacement to neighbouring PFAs,
e substitution toward other crime categories.
@ National monitoring systems should track both spatial and
cross-offence spillovers.

@ Evaluation of police operations should include:
o direct local effects,
e indirect regional effects,
e cross-offence impacts.
@ Successful crime reduction policies should be assessed using

system-wide outcomes rather than local outcomes only.
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Key Message

Implication of the Multi-Dimensional Spatial Network Model

The largest crime-control benefits arise through indirect network effects.
Therefore, effective nationwide policing should move from a local hotspot
approach toward a coordinated, intelligence-led, network-based strategy

that simultaneously accounts for:

Region-to-Region (W3), Offence-to-Offence (W7), Cross-Region Cro
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MSAR Estimates: Crime Model

Year p1 p2 ps Pop(16-24) GDP Unemp Police Sentence Sum
2015 0.249* 0.247 -0.068  0.127* -0.097 0.179 -0.006 -0.132* 0.563
2016 0.351* 0.248* -0.014  0.160* -0.202 0.183 -0.006 -0.163* 0.613
2017 0.429* 0.304* -0.017  0.215* -0.284 0.238 -0.008 -0.206* 0.750
2018 0.527* 0.346* 0.031 0.220* -0.333 0.322 -0.008* -0.251* 0.904
2019 0.236* 0.337* 0.007 0.205*  -0.315* 0.139 -0.005* -0.146* 0.579
2020 0.358* 0.326* 0.084 0.228*  -0.360* 0.282 -0.007* -0.282* 0.769
2021 0.376* 0.361* 0.112*  0.244*  -0.376* 0.554* -0.009* -0.276* 0.849
2022 0.190* 0.392* 0.045 0.199*  -0.306* 0.479* -0.006 -0.171* 0.626
2023 0.354* 0.328* 0.129 0.296*  -0.364* 0.570* -0.010* -0.277* 0.811
W1 = 1@ W™, Wy = Weontis @ [, Wy = Weontis @ Wsim_ Sum = |py| + |p2| + |p3]
(overall spatial intensity). *p < 0.05.
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MSAR Estimates: Distance-based Network

Year p1 p2 p3 Pop(16-24) GDP Unemp Police Sentence Sum
2015 0.250* 0.210* -0.004 0.125* -0.114 0.169 -0.005 -0.165*% 0.464
2016 0.391* 0.231* 0.050 0.179* -0.220 0.178 -0.007* -0.234* 0.672
2017 0.468* 0.272* 0.070 0.211* -0.298 0.129 -0.007* -0.243* 0.810
2018 0.547* 0.295* 0.125* 0.238*  -0.351* 0.140 -0.007 -0.317* 0.968
2019 0.447* 0.272* 0.126 0.238*  -0.335* 0.172 -0.007 -0.279* 0.845
2020 0.500* 0.272* 0.208* 0.232*%  -0.363* 0.227 -0.007* -0.375* 0.980
2021 0.461* 0.307* 0.216* 0.250* -0.370* 0.488 -0.009* -0.361* 0.984
2022 0.419* 0.403* 0.146* 0.185* -0.308* 0.593 -0.007 -0.311* 0.968
2023 0.472* 0.286* 0.227* 0.303*  -0.385* 0.450 -0.010* -0.366* 0.985

Wi = I@WSim, Wy = W dist I, W3 = W dist ®Wsim_ Sum = |P1| + |P2| + |P3|-
*p < 0.05
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Contiguity vs Distance: Spatial Dependence

Common findings

@ pp (similarity) and po (geography) are positive and significant
@ Crime propagates across both space and offense types

Key difference: interaction effect
o Contiguity: p3 small or negative

o Partial offset between spatial and categorical channels
e Spillovers operate largely separately

o Distance: p3 positive and increasing

e Strong complementarity between dimensions
e Spillovers are jointly reinforcing

Interpretation
o Contiguity — local, fragmented interactions

@ Distance — integrated, network-wide spillovers
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Why Aggregation is Needed in MSAR

MSAR coefficients are not marginal effects.

Network interactions transmit shocks through multiple layers:
o within-PFA cross-offence (W7),
o cross-PFA same-offence (W2),
o cross-PFA cross-offence (W3).

Reduced form:

y=U—pmW1—p2Wy — P3W3)_1 XpB

Regressors and shocks are filtered by the network inverse,
generating feedback loops and spillovers.
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Impact Decomposition: ADE, AW,SE, ATSE

@ We decompose total effects into:

o ADE: Average Direct Effect (within-block, incl. feedback),

o AW,SE: layer-specific spillovers via W),

e ATSE: sum of spillovers across all layers.

@ Interpretation (clarifying the confusion):

e i-invariant regressors (PFA-level variables):
e ADE: within-PFA effects across offences,
o AW;SE: cross-offence spillovers within PFAs,
o AW,SE, AW;3SE: cross-PFA propagation.

e j-invariant regressors (offence-level variables):
e ADE: within-offence effects across PFAs,
o AW;SE: spillovers to other offences,
o AW,SE, AW3SE: geographic diffusion.

e With p, > 0 and non-negative W,,, ADE and ATSE align in sign, but
ATSE is increasingly amplified over time.
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Spillover Intensity Across Networks

Contiguity vs Distance
e Contiguity: moderate spillovers (0.2 — 0.7)
e Distance: strong spillovers (up to ~ 0.94 at PFA level)

Interpretation
o Contiguity — local, neighbour-based diffusion

@ Distance — broader, system-wide propagation

Temporal pattern
@ Spillovers increase after 2017 across all models

@ Indicates growing interconnectedness of crime dynamics
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Channel Decomposition and Interaction Effects

Channel contributions

@ PFA level: geographic effects (W2) dominate under contiguity
o Crime-type level: similarity effects (1¥;) dominate

@ Distance networks: W7 and W5 become more balanced

Interaction channel (W3)
e Contiguity: small or negative = weak/offsetting effects
e Distance: positive and increasing (up to ~20-25%)
Interpretation
o Contiguity — independent channels

@ Distance — complementary and reinforcing spillovers

Crime is local under adjacency, but network-driven under distance.
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Spillovers: PFA Level (Contiguity)

Year ATSE/ATE W1 Wo W3 |Wq| |Wa| |W3]
2015 0.228 0.249 1.036 -0.285 0.159 0.660 0.182
2016 0.340 0.351 0.686 -0.037 0.327 0.639 0.035
2017 0.466 0.429 0.604 -0.033 0.403 0.566 0.031
2018 0.735 0.527 0.434 0.039 0.527 0.434 0.039
2019 0.418 0.236 0.749 0.015 0.236 0.749 0.015
2020 0.588 0.358 0.510 0.132 0.358 0.510 0.132
2021 0.698 0.376 0.476 0.148 0.376 0.476 0.148
2022 0.498 0.190 0.727 0.083 0.190 0.727 0.083
2023 0.651 0.354 0.464 0.182 0.354 0.464 0.182
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Spillovers: Crime Type (Contiguity)

Year ATSE/ATE W1 Wo W3 |Wq| |Wa| |[W3]
2015 0.209 1.036 0.247 -0.282 0.662 0.158 0.180
2016 0.353 0.782 0.248 -0.030 0.738 0.234 0.028
2017 0.436 0.724 0.304 -0.028 0.686 0.288 0.026
2018 0.564 0.618 0.346 0.036 0.618 0.346 0.036
2019 0.299 0.644 0.337 0.019 0.644 0.337 0.019
2020 0.470 0.545 0.326 0.128 0.545 0.326 0.128
2021 0.523 0.492 0.361 0.147 0.492 0.361 0.147
2022 0.312 0.493 0.392 0.116 0.493 0.392 0.116
2023 0.501 0.492 0.328 0.180 0.492 0.328 0.180
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Spillovers: PFA Level (Distance)

Year ATSE/ATE W1 Wo W3 |Wq| |Wa| |[W3]
2015 0.269 0.250 0.763 -0.013 0.244 0.744 0.013
2016 0.444 0.391 0.501 0.108 0.391 0.501 0.108
2017 0.616 0.468 0.423 0.109 0.468 0.423 0.109
2018 0.894 0.547 0.318 0.135 0.547 0.318 0.135
2019 0.688 0.447 0.378 0.175 0.447 0.378 0.175
2020 0.928 0.500 0.284 0.217 0.500 0.284 0.217
2021 0.940 0.461 0.316 0.223 0.461 0.316 0.223
2022 0.912 0.419 0.427 0.154 0.419 0.427 0.154
2023 0.940 0.472 0.294 0.234 0.472 0.294 0.234
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Spillovers: Crime Type (Distance)

Year ATSE/ATE W1 Wo W3 |Wq| |Wa| |[W3]
2015 0.262 0.801 0.210 -0.011 0.783 0.206 0.011
2016 0.425 0.682 0.231 0.087 0.682 0.231 0.087
2017 0.511 0.633 0.272 0.095 0.633 0.272 0.095
2018 0.607 0.573 0.295 0.131 0.573 0.295 0.131
2019 0.534 0.568 0.272 0.160 0.568 0.272 0.160
2020 0.614 0.514 0.272 0.214 0.514 0.272 0.214
2021 0.616 0.472 0.307 0.221 0.472 0.307 0.221
2022 0.604 0.443 0.403 0.154 0.443 0.403 0.154
2023 0.617 0.482 0.286 0.232 0.482 0.286 0.232
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Trends in Spillovers, 2015-2023

Spillover intensity (ATSE / ATE) rises sharply:

o 2015: =~ 0.22,

e 2019: = 0.39,

e 2023: = 0.62.
@ Decomposition of spillovers:

e 2015: dominated by geographic diffusion W5;

e 2019: W7 strengthens, W3 no longer offsetting;

o 2023: fully multi-layered (W5 ~ 44%, W, = 38%, W5 ~ 18%).
Magnitude of total effects grows strongly across covariates (Youth,
GDP, Unemployment, Police, Sentence length).

By 2023, most policy impact is indirect and network-mediated.

Crime system transitions from local diffusion to multi-layer
spatial—offence propagation.
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Contribution and Methodology

Unified framework
@ Model spatial and network dependence in multi-dimensional data
@ Flexible coupling function for constructing weighting matrices
@ Allows heterogeneous dependence across dimensions
Estimation
e GMM estimators for MSAR models (with and without fixed effects)
@ Robust to heteroskedasticity and dominant units
@ Consistency and asymptotic normality under general conditions
Interpretation tools
@ Network-based decomposition of direct and spillover effects

@ Channel-specific interpretation in high-order systems
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Time-varying impacts of Youth population

Contiguity Distance
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Time-varying impacts of Frontline police
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Time-varying impacts of Youth population
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From Systemic Risk to Systemic Propagation
Traditional macroprudential perspective
@ Focus on capital buffers, leverage, and resilience
@ Systemic risk viewed as an aggregate property
@ Stress tests emphasize direct impacts
@ Primary question:
Who is risky?

Our framework

Systemic risk depends on propagation geometry, not only exposure size

o Risk emerges through network transmission mechanisms
@ Different network layers generate different contagion dynamics

o New question:

Which transmission channel generates systemic risk?

Yongcheol Shin, University of York , WentinjAdvancing Multi-Dimensional Spatial /Networ, 3 July 93 /102



Multi-Layer Sources of Systemic Risk

y=S5"Xp

Shocks propagate endogenously through multiple channels:

W1 : within-node diffusion,
Wy : spatial contagion,
W3 = WoW7 : cross-layer contagion.

EMI evidence

Case EMI Interpretation
Contiguity 24 Localised risk
Distance—Crime 2-3 Bounded propagation
Distance—PFA 10-17 System-wide cascade

The same system may be stable in one dimension and highly fragile in anoth
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The Effective Multiplier Index (EMI)

1

EMI == ATSE/ATE

Interpretation

EMI  Interpretation

1-2 Contained shock

2-4  Amplified but manageable
> 10 Systemic cascade risk

EMI captures:
@ propagation depth,
o feedback intensity,
@ systemic reach of shocks.

Unlike standard spillover measures,

EMI quantifies how far a shock travels, not simply how large it is.
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Implications for Macroprudential Policy
Monitoring
@ Track contagion channels separately
@ Monitor
Wi, Ws, Wi
rather than aggregate spillovers only

Intervention design
@ Target transmission channels, not only nodes
@ Reduce excessive long-distance connectivity
@ Limit cross-layer amplification (V3)

High-EMI systems

EMI > 10 = local containment may fail

System-wide cascades require coordinated responses
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From Stress Testing to Cascade Testing
Conventional stress tests

@ Measure direct effects

@ Assume limited spillovers

@ Focus on losses and resilience

Network-based stress testing

Ay =S"'e
@ Apply a shock
@ Propagate through the network
© Measure
ATE, ATSE, AWy, AWy, AWs, EMI

@ Classify cascade severity

Stress testing becomes shock propagation analysis, not merely impact analy:s
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Toward a Network-Based Policy and Stress-Testing

Framework
Early-warning indicators
e Effective Multiplier Index (EMI)
o Cross-layer spillovers (AW3)
e Amplification regime (6;)
e Structural change indicator (A;)
Example EMI: 26— 9.4
Small parameter changes can generate a large increase in systemic reach.

Traditional View Proposed Framework

Exposure size Propagation geometry
Node focus Network layers

Stress impacts Cascade dynamics
Linear risk Regime shifts

Policy should regulate how shocks travel, not only how large they are
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Real-World Examples of Systemic Cascades
Financial Crisis (2008)

@ Initial shock: U.S. subprime mortgage losses
o Propagation:

Mortgage market — Banks — Interbank network — Global financial syst
@ Local shocks became a global cascade through dense financial linkages

COVID-19 Supply Chain Disruptions (2020-2022)

@ Initial shock: factory shutdowns and logistics bottlenecks

@ Propagation across production networks

@ Small disruptions generated large downstream shortages
European Energy Crisis (2022)

@ Initial shock: reduction in energy supplies

@ Propagation:

Energy — Manufacturing — Prices — Macroeconomy

@ Cross-sector amplification generated economy-wide effects
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Interpreting Network Layers in Practice

Operator Meaning Real-world example

Wy Within-system diffusion Mortgage — bank losses
Ws Spatial /network contagion Region-to-region spillovers
Ws Cross-layer contagion Finance — housing

— consumption

Examples of high-W3 cascades:
2008 Global Financial Crisis

@ Eurozone sovereign-bank feedback loop
@ COVID supply-chain disruptions
°

Energy-price shocks and inflation transmission

EMI measures the depth of these cascade processes.
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A particularly strong concluding statement would be:

Lehman Brothers did not become systemic because it was large; it
became systemic because the network multiplier was large.

This directly connects your EMI = propagation depth concept to the most
famous systemic-risk episode and makes the audience immediately
understand why measuring propagation geometry is economically
important.
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Future Directions

@ Endogenous network formation in spatial weights

@ Integration with tensor factor models for richer dependence
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Takeaway

Multi-dimensional spatial interactions are structured, identifiable,
and economically meaningful—but only when modelled through
explicit network channels.

Any comments welcome!
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