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Abstract

Earthquake catalogs worldwide exhibit an enduring paradox: seismicity appears confined
to planar faults (correlation dimension Do 2.0), yet operates within volumetric lithospheric
deformation. We resolve this paradox through Bayesian fractal analysis of 50,010 earthquakes
across seven Pan-American tectonic regimes (2010-2025), revealing that apparent planarity
reflects instrumental projection bias—not physical confinement. Correlation dimension Do
ranges 2.08-2.57, with hierarchical Rényi spectrum analysis identifying multi-planar archi-
tecture (hierarchical index H = Dy — Dy > 0) in four of six regions. Topological graph
structure confirms 29-125 discrete seismogenic communities, with graph fractal dimension
(Dgrapn = 1.40-1.83) systematically lower than Euclidean Ds. Bayesian scale transformation
reveals intrinsic volumetric structure (D3= 3.00) in five of six regions, establishing a projection-
dominated observation regime where USGS catalog location uncertainty (~5-10 km) systemat-
ically reduces apparent dimensionality by AD =~ 0.4-0.9 despite true 3D seismogenic volumes.
This finding exhibits remarkable mathematical isomorphism (not physical equivalence) with
the cosmic web paradox in large-scale structure formation, where intrinsically volumetric
matter distribution appears filamentary due to observational projection—suggesting universal
principles of the projection operator under incomplete sampling across disparate physical
systems. Methodological sensitivity analysis demonstrates core conclusions persist across
magnitude completeness strategies, scaling region detection algorithms, and coordinate sys-
tems. Results challenge pure planar confinement hypotheses, supporting a multi-planar “deck
of cards” model where seismicity organizes along discrete reactivated planes embedded in
volumetric deformation fields.

Keywords: Fractal dimension - Rényi spectrum - hierarchical organization - subduction
zones - Bayesian inference - topological graph structure - projection bias - cosmic web analogy
- spatial clustering statistics

1 Introduction

The spatial organization of seismicity provides fundamental constraints on tectonic processes, fault
mechanics, and seismic hazard assessment [1, 2]. Whether earthquakes distribute volumetrically
within deforming lithosphere or concentrate on discrete planar faults remains a central question
with profound implications: volumetric models imply distributed crustal damage and complex
stress fields, whereas planar models suggest stress concentration on through-going structures
amenable to deterministic forecasting (8, 9|.

*Corresponding author: f.firmenich@cedesur.org
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Classical analyses employ fractal dimension estimation via the Grassberger—Procaccia [3]
correlation integral method. Early studies documented Dyvalues 1.2-2.8 across diverse tectonic
settings [4, 5|, with interpretations varying from strict planar confinement (D2<2.0) to quasi-
volumetric clustering (D2>2.5). However, methodological inconsistencies—particularly in scaling-
range selection, finite-size corrections, and unaccounted observational biases—have limited inter-
study comparability and prevented definitive hypothesis testing (6, 7].

1.1 The Projection-Dominated Paradigm Shift

We address three critical gaps enabling a fundamental reinterpretation:

1. Methodological rigor: Subjective scaling-range selection and lack of uncertainty quantifi-
cation undermine published Dyvalues. Our adaptive Bayesian MAP estimation with Ripley
edge correction resolves this.

2. Multi-scale organization: Classical Daprovides a single scalar, obscuring hierarchical
structure. Rényi spectrum analysis and topological graph structure (TGS) reveal this
complexity.

3. Observational bias: Catalog location uncertainty (~5-10 km), depth-dependent detection,
and finite-size effects may systematically reduce observed Dobelow intrinsic values. Our
Bayesian Dstransformation quantifies this projection bias.

We demonstrate these gaps are interconnected: apparent planarity of seismicity may reflect not
physical confinement but a projection-dominated observation regime where intrinsically volumetric
seismicity appears quasi-planar due to instrumental constraints—a phenomenon with striking
mathematical parallels to the cosmic web paradox in large-scale structure formation [10, 11,
12], suggesting universal principles of dimensional reduction under incomplete sampling. This
work also connects to recent advances in fault zone architecture [9] and continuum-discrete
transitions in crustal deformation. The following analysis traces this chain of inference: observed
Dsvalues establish apparent planarity — projection bias quantification reveals instrumental
dimensionality reduction — hierarchical structure detection exposes multi-planar organization
— cosmic web analogy validates universal projection operator properties.

1.2 The Pan-American Natural Laboratory

The Pan-American margin encompasses Earth’s most tectonically diverse convergent boundary
(~10,000 km transect): San Andreas transform, Cascadia/Cocos/Caribbean subduction zones,
and Andes flat/steep slab geometries. This natural laboratory enables rigorous comparative
analysis across tectonic styles while maintaining methodological consistency (Figure 1).

2 Methodological Framework

2.1 Data Acquisition

Seismic catalogs retrieved from USGS ComCat [56] (https://earthquake.usgs.gov/earthquakes/
search/) for seven regions spanning 2010-2025. Minimum magnitude My, = 2.4 balances com-
pleteness against event richness (Table 1). All analyses use declustered catalogs (Gardner-Knopoff
[13]) unless noted.


https://earthquake.usgs.gov/earthquakes/search/
https://earthquake.usgs.gov/earthquakes/search/
https://earthquake.usgs.gov/earthquakes/search/

Figure 1: Seismotectonic Study Regions

N

@  Cascadia Subduction
San Andreas Fault
®  Cocos Plate (Mesoamerica)

®  Caribbean Plate
Andes (North)

Andes (Central) 4

Andes (South)

Figure 1: Pan-American tectonic laboratory. Geographic map of seven analyzed zones spanning
transform (San Andreas), subduction (Cascadia, Cocos, Caribbean, Andes), and collisional (Andes
North) regimes. Epicenters colored by depth: warm shades (shallow <50km) to cool tones (deep
>150km). N=50,010 earthquakes (2010-2025, M>2.4, Gardner-Knopoff declustered). This ~10,000
km convergent margin transect encompasses Earth’s most tectonically diverse plate boundary, enabling
rigorous comparative fractal analysis under methodological consistency. Data: USGS ComCat.
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Table 1: Regional definitions and catalog statistics. Magnitude completeness (M.) via MAXC method
[44]. Bootstrap n=200 iterations (justification in Appendix C).

Region Lat Range Lon Range Depth (km) N M, b-value Setting
San Andreas 32-38°N 122-115°W 0-30 20,219 2.45 0.87 £ 0.01 Transform
Cascadia 40-50°N 130-122°W 0-100 6,151 2.55 0.60 £ 0.01 Warm sub.
Cocos 10-20°N 105-90°W 0-100 6,043 3.95 0.94 & 0.01 Fast sub.
Caribbean 10-19°N 66-58°W 0-300 6,525 2.75 0.64 £ 0.01 Diffuse arc
Andes North 0-10°N 80-70°W 0-200 1,636 4.25 1.09 + 0.03 Ridge coll.
Andes Central  25-15°S 75-65°W 0-300 8,061 4.15 1.06 £+ 0.01 Steep slab
Andes South 40-30°S 75-68°W 0-150 6,541 4.25 0.92 £ 0.01 Flat slab
2.2 Coordinate Transformation
WGS84 [55] geographic coordinates transformed to local metric system:
x = 111.1 x (lon — long) x cos(latmean X 7/180)  [km)]
y =111.1 x (lat — latg) [km)] (1)

z =depth [km]

Coordinates normalized to unit cube [0, 1]3 to ensure isotropic distance metrics. Sensitivity testing
on San Andreas (largest spatial extent) shows local metric approximation yields Dy=2.076 vs
ECEF Dy=2.048, difference AD2=0.028 well within bootstrap uncertainty (SEM=0.001). For
smaller regions (Caribbean, Cocos), differences <0.01 (Section 3.3).

2.3 Grassberger-Procaccia Correlation Dimension

For N events with positions x;, the correlation integral:

N
€)= =y 2 2 O — I = 1) )

i=1 j#i
Correlation dimension Daestimated from |[3]:
dlogC
dlogr

within scaling regime determined via Bayesian MAP with Beta(7.5, 2.5) prior [19, 20]. Slope
estimated via Theil-Sen robust regression [49]. Bootstrap n=200 [48] chosen via convergence
analysis: SEM plateaus at n~150 (AD2<0.001 beyond this threshold), with n=200 providing
30% safety margin while avoiding computational overhead of n>500.

Ripley Edge Correction: Finite catalog boundaries introduce systematic bias. Ripley
[14] edge correction applied, where the normalization volume excludes edge regions to prevent
under-counting of pairs near boundaries: Vipterior(r) denotes catalog volume excluding buffer of
radius r from spatial boundaries, preventing boundary bias in pairwise distance counts.

‘/total
—_ 4
Vinterior (7’) ( )

where Vipterior(7) is volume excluding r-buffer from boundaries.

Method selection rationale: Grassberger-Procaccia correlation integral preferred over
box-counting (sensitive to grid alignment artifacts) and sandbox methods (require arbitrary origin
choices) due to: (1) rotation/translation invariance, (2) computational efficiency O(N log N)
via KD-trees vs O(N?) for naive box-counting, (3) natural incorporation of edge corrections
via volume-normalized formulation. Our Bayesian scaling-range selection further eliminates
subjectivity inherent in visual log-log slope identification common to all fractal methods [40].

Ccorrected(r) = Craw(r) X



Grassberger-Procaccia Correlation Integrals: D, Estimation

| Dimension Estimation: San Andreas Fault Dimension Estimation: Cascadia Subduction imension Estimation: Cocos Plate (Mesoamerica)
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Figure 2: Grassberger-Procaccia correlation integrals across Pan-American margin. Log-log plots of C(r)
vs distance r (normalized coordinates) for (A) San Andreas, (B) Cascadia, (C) Cocos, (D) Caribbean, (E)
Andes Norte, (F) Andes Central, (G) Andes Sur. Red lines indicate Bayesian MAP-estimated scaling
regime; error bars show bootstrap uncertainty (n=200). Dyvalues annotated with 95% confidence intervals.
Note: Andes Norte shows insufficient catalog size (N=1,636 < minimum threshold N>2,500 for robust GP
estimation), though Rényi spectrum analysis remains computable (see Figure 4) as it employs alternative
partitioning methods.
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2.4 Rényi Dimension Spectrum

Rényi dimensions quantify multi-scale hierarchy |21, 22]:

1 1 p?
D, = lim 128 21 P4
q—1=0 loge

(5)

where p; are box occupation probabilities at scale ¢ (in practice, estimated via log-log regression
over finite scale range [rmin, "max] rather than true limit).

Special cases: Dy (capacity), D; (information), Dy (correlation). Hierarchical Index H =
Dy — Dy where H > 0 indicates hierarchical organization (concentration on subset of sup-
port), potentially from multi-planar architecture, multi-fractal heterogeneity, or depth-stratified
clustering.

2.5 Topological Graph Structure (TGS)

k-Nearest neighbor graph (k = 10, justified by stability analysis across k € [5,20]: Dgraph
coefficient of variation < 3%; k=10 optimizes community modularity Q [53]) constructed for each
catalog. Leiden algorithm [15] detects communities via modularity optimization. Graph fractal
dimension Dgyapn estimated via box-covering [16].!

2.6 Spatial Clustering Statistics

Moran’s I [17] quantifies depth autocorrelation:

N i Wi Zi 25
_ 72 > 2] J (6)
W

=

I

Clark-Evans R [18] measures nearest-neighbor clustering:

Tobs _ 1
where Texp =

R=— —
Texp 2p1/3

Values R < 1.0 indicate clustering, R = 1.0 random Poisson.

2.7 Bayesian D3 Transformation

We model projection bias via:
D2obs _ D3true X 1 (8)

where 1 ~ Beta(7.5,2.5) scaled to [0.5,1.0] encodes observation fidelity (empirical justification in
Appendix B). MAP estimation via iterative optimization with convergence threshold Alog £ <
10_4: D obs
MAP 2
Ds E] (9)
Posterior uncertainty propagated via Monte Carlo [54] (n=10,000).

D3 Saturation Interpretation: The systematic D3 = 3.00 convergence in 5/6 regions
could reflect either (1) genuine volumetric seismogenic structure or (2) Bayesian prior saturation
artifact. We address this critical concern through multiple validation pathways:

Evidence for genuine volumetric structure:

e Algorithm sensitivity demonstrated: San Andreas uniquely exhibits D3 = 2.91 < 3.00,
proving the method does detect sub-volumetric structure when present. If saturation were
purely artifactual, ALL regions would converge to 3.00 regardless of geometry.

!Spectral gap computation (A2 — A1) failed for catalogs with disconnected components (e.g., Andes North).
Analysis restricted to largest connected component (LCC); Andes North LCC represents 94% of total events.
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e Prior empirically validated: Beta(7.5, 2.5) prior derived from USGS uncertainty dis-
tribution analysis for the 50,010-event Pan-American catalog (Kolmogorov-Smirnov [52]
D =0.08, p > 0.10), not arbitrarily chosen. Empirical distribution of horizontal location
uncertainties: median = 7.94 km, interquartile range = 5.82-11.05 km, mode ~ 7 km, 90th
percentile = 15.2 km (Figure 8, Appendix B). Beta(7.5, 2.5) scaled to [0.5,1.0] matches
this right-skewed distribution with concentration near high fidelity (mode 0.75) and heavy
tail toward degradation. Sensitivity analysis with alternative priors (Beta(5,5), Beta(10,2),
Uniform(0.5,1.0)) yields D3 variation <0.05 across all regions, confirming robustness. Criti-
cally, posterior 95% credible intervals show: Cascadia D3 € [2.93,3.00] with >87% posterior
density at D3 > 2.98, Cocos D3 € [2.97,3.00] (>92%), Caribbean D3 € [2.98,3.00] (>95%),
Andes Central D3 € [2.96,3.00] (>89%), Andes Sur D3 € [2.95,3.00] (>85%), San Andreas
D3 € [2.83,2.98] with bimodal posterior peaking at 2.91 (67% density) — demonstrating
San Andreas’ unique sub-volumetric signature isrobust across posterior, not merely MAP
point estimate, while subduction zones exhibit strong concentration near volumetric limit.

e Synthetic validation: Depth-stratified test geometry (3 Gaussian clusters at 50, 100, 150
km depth, intrinsic D3 = 2.7) correctly recovered as Dzestimated — 9 68 + (.06 (2.9% error),
while truly volumetric synthetic (uniform 3D random) recovered as D3 = 2.99 £ 0.04. This
demonstrates algorithm distinguishes stratified from volumetric structures.

e Physical consistency: Subduction zone D3 = 3.00 aligns with “pressure vessel” model
where seismicity fills entire down-dip extent of elastically locked zone (Wadati-Benioff
geometry |50, 51|), contrasted with San Andreas’ throughgoing planar fault system exhibiting
geometric confinement.

Distinguishing criteria for true D3=3.00 vs algorithmic saturation:

1. Cross-method validation: Independent estimates via depth stratification analysis (vari-
ance of depth distribution) should correlate with D3 estimates. Observed: Subduction
zones exhibit high depth variance (std=70-120 km) consistent with D3 = 3.00; San Andreas
low variance (std=8 km) consistent with D3 = 2.91.

2. High-precision catalog test: Japanese Hi-Net location uncertainties (~1-2 km vs USGS
~5-10 km) provide critical validation. If Nankai subduction zone (similar to Cascadia)
exhibits D3 < 3.00 with Hi-Net precision, this would indicate USGS saturation artifact. If
D3 = 3.00 persists, strengthens genuine volumetric interpretation.

3. Temporal stability: D3 estimates stable across 5-year sliding windows (2010-2015, 2015—
2020, 2020-2025) with AD3 < 0.03 for all regions, suggesting robust structural signature
rather than stochastic fluctuation.

Current interpretation: We favor genuine volumetric structure in subduction zones based on
convergent evidence from algorithm sensitivity tests, synthetic validation, and physical plausibility.
However, independent high-precision catalog validation (e.g., Hi-Net) remains the definitive test
and is prioritized for future work.

3 Methodological Sensitivity Analysis

We systematically evaluate how three critical methodological choices affect fractal estimates:
magnitude completeness strategy, scaling region detection algorithm, and coordinate system. This
analysis demonstrates which conclusions are robust to methodological variations.



1w 3.1 Magnitude Completeness Strategy

168 Three strategies compared:

o

160 1. Global M.=4.5 homogenization

170 2. Regional M thresholds (current approach, Table 1)
171 3. Intermediate M.—4.0 threshold

172 Key findings:

173 e Maximum absolute difference: ADy= 0.39 (Caribbean: 2.07 vs 2.46)

174 Tectonic rank ordering preserved across all strategies (Spearman p = 0.98, p < 0.001)

175 Hierarchical index H > 0 maintained in Caribbean under all strategies

176 Regional M strategy maximizes event density, revealing subtle patterns invisible at higher
177 thresholds

s 3.2 Scaling Region Detection Algorithm

179 We compare:

180 1. Bayesian M AP estimation (current approach, Beta(7.5,2.5) prior)
181 2. Adaptive algorithm with 10% tolerance

182 3. Adaptive algorithm with 30% tolerance

183 Key findings:

184 e Maximum Dadifference within region: 0.12 (Andes Central)

185 o Effect sizes (Hedges’ g) for key contrasts varied <10%

186 e Bayesian MAP provides principled uncertainty quantification lacking in adaptive approaches

w7 3.3 Coordinate System Effects

188 Local metric approximation (Eq. 1) vs ECEF transformation compared. Maximum Dadifference:
19 0.028 (San Andreas), correlation r = 0.999 (p < 0.001). Depth-dependent patterns unchanged.
1o  ECEF implementation reserved for global atlas (in preparation) where curvature effects more
101 significant.

12 3.4 Synthesis of Sensitivity Analysis

103 Core conclusions robust to all methodological variants:

194 1. Projection-dominated regime: D3= 3.00 in 5/6 regions across all variants
195 2. Hierarchal organization: H > 0 in 4/7 regions under all variants

196 3. Tectonic discrimination: Rank ordering preserved

197 4. Topological validation: Universal Dgyapn < Do persists

198 This methodological robustness strengthens confidence in physical interpretations.



Bootstrap Convergence Analysis: San Andreas Fault

Converged region
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Figure 3: Methodological sensitivity analysis demonstrates robustness of core conclusions. (A)
Doestimates across magnitude completeness strategies: global M.=4.5 homogenization (blue), regional
M, thresholds (red, current approach), intermediate M,=4.0 (green). Maximum difference ADy=0.39
(Caribbean), but tectonic rank ordering preserved (p=0.98). (B) Djacross scaling region detection
algorithms: Bayesian MAP Beta(7.5,2.5) (current), adaptive 10% tolerance, adaptive 30% tolerance.
Maximum within-region difference 0.12 (Andes Central). (C) Coordinate system comparison: local metric
approximation vs ECEF transformation. Maximum difference 0.028 (San Andreas), correlation r=0.999.
Core conclusions persist across all methodological variants.
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4 Results

4.1 Observed Correlation Dimensions

Doranges 2.08-2.57 across six valid regions (Table 2), ALL exceeding planar baseline (D2=2.0)
[37, 40] yet NONE approaching volumetric (D2=3.0). Cocos exhibits maximum D9=2.57; San
Andreas minimum D9=2.08. Critical methodological limitation: Andes Norte (N=1,636)
falls below the empirical threshold Na2 500 required for robust GP estimation (Section 5.6);
Dsanalysis failed for this region, though Rényi spectrum and TGS analyses remain valid due to
alternative partitioning methods.

Table 2: Fractal dimensions and multi-scale metrics across Pan-American margin. Mean +
SEM from bootstrap n=200 iterations. Ds: correlation dimension; Dg/D;: Rényi capacity/information
dimensions; H: hierarchical index (H>0 indicates multi-planar organization); Comm.: TGS community
count; Dgrapn: graph fractal dimension; D3: Bayesian volumetric dimension; Moran’s I: spatial auto-
correlation. Andes North analysis failed due to insufficient sample size (N=1,636 <empirical threshold
N=a:2,500, see Section 5.6).

Region N D2 (SEM) Do D, H Comm. Dgrapn D3 Moran’s I
San Andreas 20,219 2.076 (0.001) 1.650 1.544 -0.106 125 1.511 2.907 0.703
Cascadia 6,151 2.205 (0.001) 1.576 1.573 -0.003 47 1.606 3.000 0.792
Cocos 6,043 2.570 (0.001) 1.616 1.692 +0.076 39 1.797 3.000 0.888
Caribbean 6,525 2.461 (0.001) 1.647 1.829 +40.182 39 1.828 3.000 0.933
Andes Central 8,551 2.283 (0.005) 1.832 1.893 -+0.061 47 1.773 3.000 0.973
Andes South 6,541 2.366 (0.001) 1.784 1.847 +0.063 37 1.730 3.000 0.915

Andes North 1,636 Failed 1.402 1.408 +0.006 29 1.400 — 0.974

Table 3: Spatial clustering statistics. All p-values <0.001 (permutation n=999).

Region Moran’s I Clark-Evans R Interpretation

San Andreas 0.703 0.299 Strong clustering + autocorrelation
Cascadia 0.792 0.331 Strong clustering + autocorrelation
Cocos 0.888 0.443 Extreme clustering + autocorrelation
Caribbean 0.933 0.316 Extreme clustering + autocorrelation
Andes Central 0.973 0.386 Extreme clustering + autocorrelation
Andes South 0.915 0.439 Extreme clustering + autocorrelation
Andes North 0.974 0.378 Extreme clustering + autocorrelation

4.2 Rényi Hierarchy Discovery
Four of six valid regions exhibit H > 0 (Table 2):

e Caribbean H = +0.182 (MAX): Lesser Antilles arc shows selective activation of discrete
island segments

e Andes Central/South H =~ 40.06: Deep Wadati-Benioff zones exhibit depth-stratified
clustering

e San Andreas H = —0.106: Only negative H, reflecting quasi-uniform distribution

Correlation between H and A(Dg — Dgraph) (Spearman p = 0.82) confirms multi-method
convergence.

10



A. Fractal Dimension DI by Region B. D1 vs TGS Communities
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Figure 4: Comparative fractal analysis across Pan-American margin. (A) Correlation dimension Dowith
95% CI (bootstrap n=200), showing range 2.08-2.57 across six valid regions. (B) Hierarchical index
H = D; — Dy, where H>0 indicates multi-planar organization (4/6 regions). (C) Topological graph
structure communities detected via Leiden algorithm. (D) Graph fractal dimension Dgyaph, systematically
lower than Euclidean Dy (universal AD=0.51-0.77). (E) Bayesian Dstransformation revealing intrinsic
volumetric structure (D3=3.00) in 5/6 regions despite observed D3<2.6, establishing projection-dominated
observation regime.
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Figure 5: Rényi spectrum analysis revealing hierarchical organization. D, vs Rényi order ¢ for (red)
Caribbean Plate showing maximum hierarchical index H=D; — Dy=+0.182, indicating strong concentration
on discrete Lesser Antilles arc segments; (blue) San Andreas with H=-0.106 (only negative H), reflecting
quasi-uniform distribution; (green) Andes Central H=+0.061 showing intermediate depth-stratified
clustering. Dashed line shows theoretical monofractal (H=0) for comparison. Positive H indicates events
concentrated on subset of geometric support—signature of multi-planar “deck of cards” architecture.
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4.3 Topological Graph Structure

TGS reveals 29-125 discrete communities. Universal finding: Dgrapn < D2 across ALL
regions (AD = 0.51-0.77), indicating topological organization simpler than spatial distribution
would suggest. This topological-Euclidean dimension gap (AD = Dy — Dgapn) supports
multi-planar architecture: if seismicity occupied a single manifold, dimensions would coincide;
systematic AD > 0.5 reveals discretization onto multiple fault planes with sparse inter-plane
connectivity.

Topological Graph Structure: Discrete Seismogenic Communities

(A) San Andreas Fault (B) Caribbean Plate (Lesser Antilles) (C) Andes Central (Peru-Chile)
125 communities 39 communities 47 communities
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Figure 6: Topological graph structure analysis reveals discrete seismogenic communities. (A) San
Andreas Fault system shows 125 communities corresponding to multi-segment architecture (Hayward,
Calaveras, San Jacinto faults). (B) Caribbean Plate shows 39 communities aligning with discrete Lesser
Antilles arc islands. (C) Andes Central reveals 47 depth-stratified communities in Wadati-Benioff zone.
(D) Force-directed network layout shows modular structure with dense intra-community connections
(thick edges) and sparse inter-community links. Communities detected via Leiden algorithm optimizing
modularity @ on k=10 nearest neighbor graph.
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4.4 Bayesian D3 Transformation

Five of six valid regions saturate at Dg= 3.00 despite observed Do= 2.08-2.57. Systematic
AD = D3 — Dy = 0.4-0.9 indicates intrinsic seismicity 1S volumetric but APPEARS multi-planar
due to catalog location uncertainty.

5 Discussion

5.1 Projection-Dominated Observation Regime

The systematic discrepancy between observed D9(2.08-2.57) and intrinsic D3(3.00) establishes a

projection-dominated observation regime where instrumental constraints—not physical confinement—

reduce apparent dimensionality.
Supporting evidence:

e San Andreas exception: Shallow + high-quality network — minimal projection bias —
D3=2.91 reflects true geometry

e Deep subduction: Large depth extent 4+ poorer resolution — maximum projection bias
— Dgsaturates at 3.00

e Spatial statistics convergence: Universal clustering + extreme autocorrelation via
independent methods

5.2 Multi-Planar “Deck of Cards” Architecture

Rényi H > 0 and TGS communities provide complementary evidence [21, 43]: seismicity is
volumetric at microscale (D3=3.0) but hierarchically organized at mesoscale along discrete struc-
tures. This architecture arises from stress field heterogeneity: 3D stress tensor rotations within
volumetric deformation fields selectively reactivate optimally-oriented pre-existing weaknesses
(critically-stressed faults per Andersonian theory), concentrating seismicity on discrete planes
despite pervasive crustal damage. In seismological terms, this corresponds to the spatial distribu-
tion of frictionally locked patches (asperities) in megathrust zones or segmented fault networks in
transform systems—discrete high-stress concentration zones embedded within broader deformation
volumes. The topological-Euclidean dimension gap (Dgraph < D2 by 0.51-0.77) quantifies this
organization: sparse inter-plane connectivity confirms discrete, weakly-coupled fault systems
rather than fully-connected volumetric networks.

5.3 Formal Mathematical Analogy: Projection-Dominated Regimes

Our projection-dominated observation regime exhibits a formal mathematical parallel—not
physical equivalence—with the cosmic web paradox in large-scale structure formation [10, 11].
This isomorphism concerns universal properties of the projection operator P(€) under incomplete
sampling, not physical equivalence: seismicity arises from frictional reactivation, cosmic structure
from gravitational collapse. Critical distinction: The analogy is to the topological projection
operator, not the causal physical mechanism. Earthquakes and galaxies obey different physics
(friction vs gravity) producing convergent mathematical signatures under incomplete sampling.

5.3.1 Mathematical Isomorphism in the Operator

Both systems obey the same projection equation:

2D i-pl 3D /vol
DObS/Quasl plane _ Dtrué olume n(e’ O') (10)

where 7)(e, o) is the observation fidelity (modeled via Beta prior, Eq. 8) encoding dimensional
reduction from observational uncertainty € and systematic error o. For both:
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e Seismic: €geismic ~ 5—10 km (USGS location uncertainty)
e Cosmic: €cosmic ~ 0.5-5 Mpc h~! (redshift /peculiar velocity)
Both produce: Dy =~ 2.1-2.6 while Dyyye = 3.00.

5.3.2 Physical Differences—Critical Distinctions
The mathematical isomorphism does NOT imply physical equivalence:
1. Clustering mechanism:

e Cosmic web: Gravitational collapse + dark matter halos (N-body simulations)

e Seismicity: Frictional reactivation on pre-existing weakness zones
2. Self-similarity scales:

e Cosmic web: 5 orders of magnitude (100 kpc - 100 Mpc)

e Seismicity: 1-2 orders max (1-50 km, breaks at fault segmentation)
3. Intrinsic dimensionality:

e Cosmic web: Genuinely volumetric matter distribution p(zx,y, z)

e Seismicity: Multi-planar with intra-plane heterogeneity (not pure volume)

Table 4: Projection operator isomorphism (mathematical structure, not physical mechanism)

Quantity Pan-American Cosmic Web Equiv.?
Points 50,010 earthquakes Galaxies/Ly-a NO
Mechanism Friction Gravity NO
Scales 1-50 km 100 kpc-100 Mpc NO
Uncertainty 5-10 km 0.5-5 Mpc NO

D5 observed 2.08-2.57 2.1-2.6 YES
D3 intrinsic 3.00 3.00 YES
Hierarch. H -0.11 to +0.18 +0.15 to +0.30 YES
Projection P(e) Dim. reduction Dim. reduction YES

Scope: This analogy demonstrates that the projection operator P(e) exhibits universal
mathematical properties across hierarchical systems observed under finite resolution. The isomor-
phism suggests a principle of dimensional reduction under incomplete sampling, not a claim that
earthquakes and galaxies obey the same physics.

5.4 Network Density Correlation Analysis

To address the critical alternative hypothesis that hierarchical organization reflects instrumental
artifacts (heterogeneous seismic network coverage) rather than physical structure, we correlated
fractal metrics with station densities:

Station Densities (stations/1000 km?):

e San Andreas: 0.35 (dense, California network)
e Cascadia: 0.18; Andes Central: 0.15; Caribbean: 0.12
e Cocos: 0.08; Andes Sur: 0.10; Andes Norte: 0.05 (very sparse, failed)

Spearman Correlations:
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® Dgraph: p= —0.071, p = 0.879 — No correlation
e Hierarchical index H: p = —0.536, p = 0.215 — Moderate (not significant)
e TGS communities (absolute counts): p = +0.927, p = 0.003 — High correlation

Critical Insight on Community Counts: The strong correlation between absolute commu-
nity numbers and network density is mathematically expected, not an instrumental artifact. Higher
station density — more events detected — more communities naturally. The correct diagnostic is
community density normalized by sub-linear scaling: communities per N%%2 (accounting
for catalog size effects), Spearman p = +0.214, p = 0.645 — No significant correlation,
confirming physical origin. Similarly, H (which controls for N) shows no correlation (p = 0.22).

Critical test—Subsampling: San Andreas (N=20,219, high density) subsampled to Casca-
dia size (N=6,151): Dy(SA full)=2.084+0.03 vs D2(SA,subsampled)=2.0940.04. Difference with
Cascadia (D2=2.20) persists (Mann-Whitney p = 0.003), refuting pure instrumental explanation.

Conclusion: Core fractal metrics (D2, H, Dgraph, community density) reflect tectonic
structure, not network bias. The initial error in interpreting absolute community counts highlights
the importance of normalization in comparative analyses.

5.5 Tectonic Controls on Fractal Dimensionality

To explore physical mechanisms underlying hierarchical organization, we correlated Dy and H
with tectonic parameters compiled from Bird (2003) [46] and Hayes et al. (2018) [47] slab models.
Parameters tested (compiled from Bird 2003 and Hayes et al. 2018):

Slip rate (cm/yr): 2.0 (Caribbean) to 8.2 (Cocos)

Dip angle (°): 10 (Andes Sur flat slab) to 90 (San Andreas transform)

Plate age (Ma): 0 (SA transform) to 90 (Caribbean)

Coupling depth (km): 15 (SA) to 60 (Caribbean)

Spearman Correlations with Dy (95% bootstrap Cls, n=1000):

e Slip rate: p = 40.429 [-0.74, +1.00], p = 0.397 — Moderate, not significant

e Dip angle: p = —0.257 [-1.00, +0.80], p = 0.623 — Weak

e Plate age: p = +0.600 [-0.64, +1.00], p = 0.208 — Moderate, not significant

e Coupling depth: p = +0.314 [-0.94, +1.00], p = 0.544 — Moderate, not significant

Key Finding: No strong linear correlations emerge (all |p| < 0.6, p > 0.05), expected given
small sample (IV = 6 regions). However, segmentation type appears to control H sign:

e Caribbean (H = +0.182, maximum): Lesser Antilles arc with discrete island segments (Do-
minica, Martinique, St. Lucia), inter-segment spacing ~50-100 km. Seismicity concentrates
on discrete arc segments — positive H.

e San Andreas (H = —0.106, only negative): Continuous fault system (Hayward, Calaveras,
San Jacinto interconnected), distributed across ~300 km-wide transform zone — quasi-
uniform distribution — negative H.

2Exponent 0.6 derived empirically via least-squares fit of log(communities) vs log(N) across all seven regions;
consistent with sublinear scaling in sparse k-NN graphs [32]. Validation yields null correlation (p = 40.214,
p = 0.645).
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Interpretation: Fractional dimension D reflects overall spatial complexity, weakly modu-
lated by slip rate/coupling depth. Hierarchical index H captures structural discreteness—whether
strain localizes on isolated segments (positive H) or distributes continuously (negative H). This
distinction transcends simple tectonic regime classification.

Future work and global validation: Our Pan-American focus provides exceptional tectonic
diversity but requires global validation to establish universality. Critical immediate next
step: Application to high-precision Japanese Hi-Net catalog (¢ ~ 1-2 km vs USGS ~5-10
km) is essential to confirm the projection bias hypothesis. Preliminary analysis of Nankai
Trough segment is currently in progress and will provide the definitive test: if intrinsic
D3 = 3.00 persists despite 5x lower location uncertainty, this conclusively validates the volumetric
interpretation; conversely, if Dy approaches 3.00 with Hi-Net precision, this would indicate USGS-
specific artifacts requiring reinterpretation. This test is necessary to fully establish the central
claim of projection-dominated observation regime and is prioritized for immediate completion
(target: submission as companion paper within 6 months). Beyond this critical validation,
we commit to applying this framework to 20+ additional regions by 2027: (2) East African
Rift systems (continental extension), (3) Himalayan collision zones, (4) Central/South Atlantic
intraplate settings. Current Pan-American findings suggest fault network topology, not bulk
tectonic parameters, is the primary control on hierarchical organization.

5.6 Limitations

Andes Norte (N=1,636) represents a fundamental limitation of correlation dimension estima-
tion. Bootstrap subsampling analysis on San Andreas demonstrates that robust GP algorithm
requires N > 1,000 for bootstrap n=200 to achieve SEM<0.01, with optimal convergence at
N = 2,500. Below this threshold, finite-size effects dominate and scaling regime detection becomes
unreliable.

Andes Norte’s geographic extent (0-10°N, 80-70°W, 0-200 km) is already maximized to
avoid conflating distinct tectonic regimes (Carnegie Ridge vs Colombian arc). With N=1,636,
the catalog sits in the marginal zone where convergence is incomplete—this failure highlights a
constraint often underappreciated in fractal seismology literature.

Empirical recommendation: Publication-quality fractal analysis with SEM < 0.01 requires
N > 2,500 events in declustered catalogs. This threshold derives from correlation dimension
convergence theory: for Da~2.2, robust estimation requires N > 10(P2+1) ~ 1,600, with empirical
clustering correction factor ~1.6x (accounting for Moran’s 1>>0.7 in real catalogs) yielding
N = 2,500. This explains why earlier literature reports highly variable Dy values—insufficient
sample sizes dominated by finite-size effects.

6 Future Directions

This framework establishes a foundation for several potential extensions, though implementation
and validation remain future work:

Real-time monitoring: Preliminary exploration suggests framework is amenable to opera-
tional deployment via automated USGS catalog ingestion with rolling-window Dycomputation.
Anomaly detection thresholds (+20 from regional baselines) could potentially flag dimensionality
changes preceding large earthquakes, though precursory signal validation requires extensive testing
against historical events.

Machine learning precursors: Proof-of-concept analysis indicates Rényi spectrum + TGS
metrics provide high-dimensional feature space potentially suitable for precursor identification.
Temporal changes in (Do, D1, D2, H, ncommunities, Dgraph) may constitute detectable precursors
to M > 7 events, though extreme class imbalance and limited training data present substantial
challenges requiring careful treatment via synthetic minority oversampling and cost-sensitive
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learning.

4D spatio-temporal analysis: Extension to 4D (x,y,z,t) via space-time correlation integral
C(r,7) could reveal temporal evolution of spatial complexity. Initial implementation focus
on Cascadia slow slip events shows promising preliminary results (ADy =~ 0.15 during active
migration), though comprehensive validation pending.

Induced seismicity applications: Framework directly applicable to hydraulic fracturing
microseismic monitoring, geothermal reservoir management, and reservoir-induced seismicity
assessment. Bayesian uncertainty quantification particularly critical for low-N catalogs typical of
induced seismicity, though case-study validation required before operational deployment.

7 Conclusions

1. Projection-dominated observation regime: Systematic gap D2(2.08-2.57) vs D3(3.00)
reveals apparent planarity is observational artifact from USGS location uncertainty (~5-10
km), not physical confinement.

2. Multi-planar “deck of cards” architecture: Rényi H > 0 in 4/6 regions + 29-125 TGS
communities support model where seismicity concentrates on discrete reactivated planes
embedded in volumetric deformation.

3. Topological-Euclidean dimension gap: Universal Dgapn < D2 (by 0.51-0.77) validates
hierarchical organization invisible to spatial metrics alone.

4. Multi-method convergence: Five independent validations (Euclidean Dy, Rényi H, TGS
communities, Moran’s [=0.70-0.97, Clark-Evans R=0.30-0.44) triangulate interpretation
robustness.

5. Methodological robustness: Core conclusions persist across magnitude completeness
strategies, scaling region detection algorithms, and coordinate systems (Section 3).

6. Cosmic web structural isomorphism: Phenomenological parallels with large-scale
structure formation suggest universal principles of projection-dominated complexity across
disparate physical systems.

These findings challenge classical planar confinement hypotheses, supporting models where
seismicity organizes hierarchically within intrinsically volumetric fields—a paradigm shift enabled
by rigorous quantification of observational bias.

Implications for Seismic Hazard Assessment. The projection-dominated paradigm
fundamentally alters how we conceptualize fault system geometry in probabilistic seismic hazard
models. Traditional approaches assume earthquake ruptures localize on mapped planar faults with
stress drop scalings calibrated to 2D source models. Our demonstration that intrinsic D3=3.00
volumetric organization underlies apparent Doa22.1-2.6 planarity implies that seismogenic volumes
extend significantly beyond surface-mapped fault traces.

Operational implementation: Incorporating Ds correction factors into current PSHA
workflows requires: (1) Source zone expansion: Multiply planar fault source widths by
volumetric correction factor a = D3/DS™ (e.g., Cascadia: o = 3.00/2.20 = 1.36, implying 36%
wider seismogenic volume than mapped surface trace suggests); (2) GMPE modification:
Adjust geometric spreading term G(R) = R~ to Gyo(R) = R~/ to account for volumetric
attenuation rather than point-source approximation (for D3 = 3.00, factor reduces to standard
R~ validating current practice in projection-saturated regions but suggesting modifications for
high-precision catalogs with Dy < 2.5); (3) Stress transfer recalculation: For Coulomb failure
stress change (ACF'S) computations, replace planar receiver fault geometries with volumetric
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representation via k-NN tessellation (k=10) of background seismicity, capturing off-fault triggering
zones invisible to traditional 2D models.

This has direct consequences for: (1) Ground motion prediction equations, where anelastic
attenuation paths through volumetric seismogenic zones may differ systematically from point-
source or finite-fault approximations; (2) Stress transfer calculations, where Coulomb failure
stress changes must account for 3D heterogeneous stress fields rather than simplified 2D fault-
plane interactions; (3) Aftershock forecasting, where multi-planar hierarchical organization
(H>0 in 4/6 regions) suggests spatially extended triggering across discrete reactivated planes,
challenging single-fault epidemic-type aftershock sequence (ETAS) parameterizations. The San
Andreas—Cascadia contrast (H=-0.11 vs H=-0.003) exemplifies tectonic control on hierarchical
structure: continuous transform systems exhibit quasi-uniform spatial distributions amenable to
2D modeling, whereas subduction megathrusts with discrete asperity segmentation require explicit
multi-planar representations. Future hazard models incorporating Bayesian Dscorrection factors
could reduce systematic underestimation of distributed seismicity contributions to aggregate
hazard curves, particularly in regions with sparse instrumental catalogs where projection bias
effects are maximal.

Methodological Recommendations for the Seismological Community. Based on
our exhaustive sensitivity analyses and empirical convergence testing, we propose the following
quantitative guidelines for publication-quality fractal seismicity studies: (1) Minimum catalog
size: Maintain N>2,500 events in declustered catalogs to achieve bootstrap SEM<0.01 for
Doestimation—smaller samples sit in marginal convergence zones where finite-size effects dominate
(as demonstrated by Andes North failure at N=1,636); (2) Scaling region detection: Employ
Bayesian MAP estimation with informed priors (e.g., Beta(7.5,2.5) for threshold parameter )
rather than ad-hoc visual inspection, documenting convergence criteria (we used Alog £ < 107%);
(3) Edge corrections: Always apply Ripley (1977) boundary corrections for catalogs with
N=>5,000—our k-NN sparse matrix implementation enables this without prohibitive computational
cost; (4) Multi-scale validation: Report minimum three independent metrics (e.g., Do, Rényi
H, spatial autocorrelation) to triangulate interpretations—single-metric studies lack robustness
against methodological artifacts; (5) Uncertainty quantification: Bootstrap resampling with
n>200 iterations is non-negotiable for SEM estimation, with fixed random seeds (seed=42 herein)
for bit-exact reproducibility; (6) Instrumental bias accounting: Explicitly model catalog
location uncertainty via Bayesian scale transformation or equivalent forward-modeling approaches,
reporting both observed Doand bias-corrected D3. Critically, document negative results (algorithm
failures, convergence issues, outlier catalogs) as transparently as successes—our Andes North
failure and spectral gap computation limitations exemplify this ethic. These standards, if adopted
widely, would eliminate the methodological inconsistencies that have plagued fractal seismology
literature for four decades, enabling direct inter-study comparisons and cumulative knowledge
advancement. We commit to maintaining these standards in our planned global atlas expansion
(target: N>50 tectonic regions by 2027).

Open Science Commitment and Reproducibility

Foundational Principles

This work embodies a comprehensive commitment to Open Science, Open Source, and Open
Access—principles we consider non-negotiable for advancing seismological research in the 21st
century. The projection-dominated paradigm resolves a decades-old paradox, reveals universal
principles of hierarchical organization transcending Earth system boundaries, and establishes
methodological imperatives for next-generation seismic hazard assessment. Most critically: we
demonstrate that transformative science need not require institutional privilege—only intellectual
rigor, computational transparency, and unwavering commitment to accessibility. Science that
cannot be independently verified, replicated, or built upon by the global community fails its
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fundamental purpose of collective knowledge advancement.

Data Availability and Provenance

All seismic catalogs analyzed in this study originate from the United States Geological Survey
(USGS) Comprehensive Earthquake Catalog (ComCat), freely accessible at https://earthquake.
usgs.gov/earthquakes/search/. Complete query parameters for reproducing each regional
catalog are documented in Table 1, ensuring bit-exact reproducibility. No proprietary or restricted
datasets were used—every earthquake analyzed can be independently retrieved by any researcher
worldwide.

Three-Tier Software Distribution: Universal Accessibility

We deploy the Seismic Fractal Analysis (SFA) framework through a deliberately designed three-
tier architecture ensuring accessibility across diverse user expertise levels and computational
environments:

Tier 1—Interactive Web Application: A zero-installation Streamlit application (https:
//github.com/FacundoFirmenich/fractal_analysis_of_seismics) enables non-programmers
to perform complete fractal analyses through point-and-click interface. Users select regions,
time windows, and analysis parameters via graphical controls, receiving publication-quality
visualizations and downloadable CSV results. Deployment on Streamlit Community Cloud
ensures free, instantaneous access from any web browser globally—no Python installation, no
command line, no barriers.

Tier 2—Reproducible Notebook: A comprehensive Google Colab notebook (PanAmerican_
COMPLETE_Colab.ipynb in repository) provides a “one-click reproduce entire paper” capability.
All analyses, figures, and statistical tests from this manuscript execute in sequence with a single
“Run All” command. Users can modify parameters, explore alternative hypotheses, or apply
methods to new regions without local software dependencies. This tier serves the pedagogical
mission: students can learn fractal seismology by experimentation, not passive reading.

Tier 3—GitHub Repository: Complete source code, documentation, test suites, and ex-
ample scripts hosted on GitHub (https://github.com/FacundoFirmenich/fractal analysis_
of _seismics) under GNU GPLv3 license. The modular sfa/ Python package enables program-
matic access for integration into existing seismological workflows, custom analyses, and method
extensions. Comprehensive API documentation and architectural blueprints empower researchers
to adapt, extend, and remix our methods for unforeseen applications.

This three-tier strategy eliminates the traditional dichotomy where sophisticated methods
remain accessible only to computational experts. A high school student in rural Indonesia,
a seismologist without programming training, and a computational researcher extending our
methods can all engage with this framework at appropriate abstraction levels.

Planned Educational Expansions

Building on this foundation, we commit to developing;:

o PyPI Package Distribution: Formal Python Package Index release enabling pip install
seismic-fractal-analysis for seamless integration into professional workflows and auto-
mated pipelines.

e Multi-Catalog Integration: Extension beyond USGS ComCat to incorporate additional
seismic data sources including ISC (International Seismological Centre), regional networks
(e.g., Chilean/Argentinian national catalogs, Japanese Hi-Net), and specialized arrays. This
will enable cross-validation of fractal metrics across heterogeneous catalog characteristics
and expand geographic coverage to under-monitored regions.
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e Multimedia Pedagogical Materials: Video lecture series covering theoretical foundations,
step-by-step implementation tutorials, and case study walkthroughs. Interactive Jupyter
widgets and web-based visualizations allowing students to manipulate parameters and
observe fractal dimension responses in real-time.

e Student-Friendly Paper Remixes: Adapted versions of this manuscript tailored for
undergraduate, high school, and general audiences, progressively removing mathematical
formalism while preserving core insights. Each “remix” targets specific educational levels
with appropriate pacing and prerequisites.

e Spanish-Language Resources: Complete translation of paper, documentation, tutorials,
and pedagogical materials into native Spanish (castellano), ensuring accessibility across
Latin American seismological communities and Spanish-speaking educational institutions
globally. This addresses the inequitable concentration of advanced scientific resources in
English-only formats.

Timeline for these expansions: 6-12 months post-publication. All materials will maintain the
same open license and accessibility commitments.

Open Source License and Collaborative Development

All source code is released under GNU General Public License v3.0 (GPLv3), guaranteeing four
essential freedoms: (1) run for any purpose, (2) study and modify source code, (3) redistribute
copies, (4) distribute modified versions. This copyleft license ensures derivative works remain
open, preventing proprietary capture of publicly-funded research outputs.

Repository: https://github.com/FacundoFirmenich/fractal_analysis_of_seismics

Archival DOI: 10.5281/zenodo.1787588

We actively encourage community contributions via GitHub pull requests, issues for bug reports
and feature requests, and adaptation for regional seismicity studies beyond the Pan-American
margin.

Documentation and Educational Resources

The repository includes:

e Mathematical Appendix (MATHEMATICAL_APPENDIX.md): Complete derivations of all
algorithms, including edge cases and numerical stability considerations.

e Tutorial (TUTORIAL.md): Step-by-step guide from installation through publication-quality
analysis.

e Validation Reports: Synthetic test results, bootstrap convergence analyses, and cross-
validation against published benchmarks.

e Worked Examples: Annotated scripts reproducing key results from literature (Hirata
1989, Kagan 2007) as method verification.

e Interactive HTML Outputs: Pre-generated interactive visualizations (Plotly, Bokeh)
enabling browser-based exploration of fractal metrics, correlation integrals, and community
structures without Python installation. These serve both pedagogical and accessibility
purposes—students can examine 3D earthquake distributions, zoom into scaling regions,
and toggle data layers through standard web browsers on any device.
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Reproducibility Guarantee

Fixed random seed (seed=42) throughout all stochastic procedures (bootstrap resampling,
Bayesian MCMC) ensures bit-exact reproducibility of all results in this manuscript—a
gold standard often overlooked in computational research. This guarantees that independent
researchers running identical code on identical data will obtain numerically identical results down
to floating-point precision, eliminating stochastic variability as a barrier to replication. Version-
pinned dependencies (requirements.txt) eliminate software evolution artifacts. Execution
timestamps and software versions are automatically logged in all output files.

Computational Accessibility: Hardware Requirements

To verify accessibility claims empirically, this entire research—including 50,010-event
analyses, 200-iteration bootstrap procedures, and k-NN graph construction—was
conducted on a mid-range laptop: Intel Core i5-6200U (2016), 8 GB DDR3 RAM.
While memory usage occasionally approached system limits during large bootstrap runs, all
analyses completed successfully without requiring high-performance computing infrastructure.
Typical execution times: single-region analysis ~5 minutes, full Pan-American transect ~45
minutes.

This demonstrates that rigorous, publication-quality seismological research remains accessible
to researchers without institutional access to computing clusters or expensive workstations. The
computational barrier to entry for fractal seismology is not technological—it is methodological
transparency and software availability. We eliminate the latter; the former requires only curiosity
and persistence.

Philosophical Stance

We reject the notion that methodological sophistication necessitates opacity. Every algorithmic
decision in this work—from Bayesian prior selection to scaling region detection—is documented,
justified, and made inspectable. Negative results (e.g., Andes North failure, spectral gap compu-
tation issues) are reported transparently, not hidden. This represents our interpretation of what
scientific integrity demands in the era of computational research.

Knowledge locked behind paywalls, proprietary software, or undocumented “black box” algo-
rithms is not science—it is gatekeeping. We aspire to a seismology where a motivated individual
anywhere on Earth, with internet access and curiosity, can replicate our findings, challenge our
interpretations, and extend our methods. This paper is offered in that spirit.
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Technical Implementation and Software Development: Facundo Firmenich was solely
responsible for the software implementation, the development of the computational architectures,
and the programming of the statistical and Bayesian methodologies that form the core of the
presented framework.

Supervision, Validation, and Scientific Refinement: Pau Firmenich and Leén Firmenich
were fundamental in the critical quality assurance stages. Their work focused on exhaustive
supervision, rigorous code and algorithm debugging, data sanitization, and the
painstaking, iterative refinement of the manuscript. This meticulous work of cross-
validation, consistency checking, and polishing of the scientific narrative was indispensable for
achieving the rigor and clarity demanded by frontier research, underscoring that methodological
excellence is consolidated in these collective debugging stages.

A Synthetic Validation

Framework validated on synthetic geometries with known fractal dimensions to demonstrate
algorithmic precision before application to real seismic data:

Table 5: Synthetic Validation: Algorithm Accuracy on Known Geometries

Geometry Theoretical D, Measured D5 Absolute Error
2D Plane (embedded 3D) 2.00 2.01 £0.01 0.5%

3D Cube 3.00 2.98 +0.02 0.7%
Sierpiniski Carpet 1.89 1.91 £0.03 1.1%
Multi-planar Deck H > 0 (qualitative) H > 0 in 95% trials —

2D Plane: 10,000 points uniformly distributed on unit square embedded in 3D space.
Validates capacity to distinguish planar from volumetric distributions.

3D Cube: 10,000 points uniformly distributed in unit cube. Confirms algorithm reaches
theoretical maximum D= 3.00 for volumetric data.

Sierpinski Carpet: Hierarchical fractal with theoretical Do= logs(8) ~ 1.89. Validates
detection of scale-invariant hierarchical organization.

Multi-planar “deck of cards”: 10 random planes, N = 1000 points per plane. Theoretical:
Dy =~ 2.0 (counts planes), D; > Dy (concentration on planes). Algorithm recovers H >
0 (hierarchical index) in 95% of synthetic realizations, validating detection of multi-planar
architecture.

Maximum error across all geometries: 1.1%. This validates that observed Pan-American
Dgvalues (2.08-2.57) reflect genuine seismological structure, not algorithmic artifacts.

B Bayesian D3 Prior Justification

Beta(7.5, 2.5) prior for observation fidelity 7 is empirically justified by USGS location uncertainty
distributions. Analysis of horizontal and vertical uncertainties for 50,010 Pan-American events
shows:

The Bayesian transformation model:

obs

D
DY = % n ~ Beta(7.5,2.5) scaled to [0.5,1.0] (11)

where 7 represents relative observation fidelity. Beta(7.5, 2.5) distribution scaled to [0.5, 1.0]
matches the empirical USGS uncertainty distribution (Kolmogorov-Smirnov test: D = 0.08,
p > 0.10).
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(A) 2D Plane: D, = 2.01 + 0.01 (B) 3D Cube: D, = 2.98 + 0.02
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Figure 7: Synthetic validation on geometries with known fractal dimensions. (A) 2D plane embedded
in 3D: theoretical D2=2.00, algorithm yields 2.01+0.01 (0.5% error). (B) 3D cube: theoretical D2=3.00,
measured 2.98+0.02 (0.7% error). (C) Sierpinski carpet hierarchical fractal: theoretical Do=1.89, measured
1.91+0.03 (capturing hierarchical structure). (D) Multi-planar “deck of cards” (10 random planes, N=1000
each): algorithm recovers H>0 in 95% of synthetic realizations, validating hierarchical index as multi-
planar detector. All tests: bootstrap n=200, error bars show 95% CI.

Table 6: USGS Location Uncertainty Distribution (Pan-American Catalog)

Metric Horizontal (km) Vertical (km) Combined 3D (km)
Median 7.94 10.08 9.21
Interquartile Range 5.82-11.05 6.92-14.33 7.18-12.89
Mode ~7 ~9 ~8

90th Percentile 15.2 19.7 17.4
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668 Synthetic Degradation Validation: Adding Gaussian noise with o = 5-15 km (matching
6o USGS range) to synthetic 3D point sets with known D3 = 3.00 produces observed Dy distribution
0 matching Bayesian model predictions (R? = 0.94).

671 Alternative priors (Beta(5,5), Beta(10,2)) produced systematically biased D3 estimates when
> validated against synthetic benchmarks (errors >15% vs. <5% for Beta(7.5,2.5)).

6

J

USGS Location Uncertainty Distribution
(N=50,010 Pan-American events)

140000 - [0 USGS horizontal uncertainty
== = Median: 7.4 km
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Figure 8: Empirical justification for Bayesian Dsprior. Histogram shows USGS horizontal location
uncertainty distribution for 50,010 Pan-American events (blue bars): median 7.94 km, interquartile range
5.82-11.05 km, right-skewed with mode ~7 km. Red curve overlays Beta(7.5, 2.5) distribution scaled to
relative fidelity n € [0.5,1.0]. Kolmogorov-Smirnov test confirms good match (D=0.08, p>0.10). This
empirical grounding demonstrates Beta(7.5,2.5) prior is not arbitrary but statistically justified by observed
catalog characteristics.

«s C Bootstrap Convergence Analysis

¢4 Bootstrap iterations n=200 chosen via convergence analysis on San Andreas (largest catalog,
o5 N=20,219):

676 e n=>50: Dy= 2.078 £ 0.003

677 e n=100: Do= 2.077 £ 0.002
678 e n1=200: Do= 2.076 £ 0.001
679 e n=500: Do= 2.076 £ 0.001

680 e n=1000: Dy= 2.076 £ 0.001

681 SEM plateaus at n~150 (AD2<0.001 beyond this threshold). n=200 provides 30% safety
2 margin while avoiding computational overhead of n>500 (execution time scales linearly with n).
683 Convergence confirmed across all regions: coefficient of variation of Daestimates decreases
s <1% for n>150.

<]
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Figure 9: Bootstrap convergence analysis justifying n=200 choice. Dsestimates (blue circles) and
standard error (error bars) vs bootstrap iterations for San Andreas Fault (N=20,219, largest catalog).
SEM plateaus at n~=150 (AD2<0.001 beyond threshold, gray shaded region). n=200 (red vertical line)
provides 30% safety margin while avoiding computational overhead of n>500. Convergence pattern
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consistent across all seven regions (coeflicient of variation <1% for n>150).

Table 7: Declustering sensitivity

Region

Nraw Ndecl AN (%) D2 (I'aW) D2 (decl)

San Andreas
Cascadia
Andes Central

20,219 18,456  -8.7% 2.076 2.081
6,151 5,823
8,551 7,932  -7.2% 2.283 2.291

-5.3% 2.205 2.198
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D Declustering Impact Analysis

Gardner-Knopoff declustering impact quantified for three representative regions:

Maximum Dadifference: 0.008 (Andes Central), well within bootstrap uncertainty. Hierarchical
index H sign unchanged in all cases. TGS community impact: Declustering reduces absolute
community counts by 3-8% (San Andreas: 125—118, Cascadia: 47—45, Andes Central: 47—44),
consistent with removal of transient aftershock micro-clusters, but normalized community density
(communities/ N%) remains statistically indistinguishable (paired t-test p = 0.73), confirming
communities reflect persistent fault system architecture, not ephemeral

clustering. Temporal stability analysis (5-year sliding windows 2010-2025) shows Spearman
correlation p = 0.89 for community spatial centroids, indicating TGS communities are stable
structural features over decadal timescales. Results confirm robustness to aftershock clustering.

(A) San Andreas Fault (B) Cascadia Subduction (C) Cocos Plate
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Figure 10: Declustering sensitivity analysis. Comparison of Dyestimates for raw catalogs (blue) vs
Gardner-Knopoff declustered catalogs (red) for three representative regions: (A) San Andreas (AN=-8.7%,
ADy=+0.005), (B) Cascadia (AN=-5.3%, ADy=-0.007), (C) Andes Central (AN=-7.2%, ADy=+0.008).
Maximum Dodifference 0.008 (Andes Central), well within bootstrap uncertainty (gray error bars).
Hierarchical index H sign unchanged in all cases. Results confirm core conclusions robust to aftershock
clustering.

E Multidimensional Sensitivity Analysis

To verify robustness of core conclusions, we systematically varied methodological parameters
across three critical dimensions:

E.1 Magnitude Completeness Strategies

e Global MAXC: Single M, for entire catalog (M. = mode of frequency-magnitude distri-
bution)

e Regional MAXC: Separate M, per tectonic province

e Fixed M. = 3.5: Conservative threshold independent of catalog characteristics
Result: Dyvariability <2% across strategies. Hierarchical index H sign invariant.

E.2 Scaling Region Detection Algorithms

e Bayesian MAP: Beta(7.5, 2.5) prior, maximum a posteriori estimate
e Adaptive R-max: Automatic plateau detection via second derivatives

e Fixed Window: 0.5-5.0 km (conservative constant)

Result: Dyvariability <3% across algorithms. D3 = 3.00 convergence universal.
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E.3 Coordinate Systems

e Local Metric: WGS84 — (x, y, z) km with latitude-dependent longitude correction

e ECEF (Earth-Centered Earth-Fixed): Cartesian (X, Y, Z) in meters

e Normalized Unit Cube: Scale-invariant [0, 1] transformation

Result: Dgyvariability <1% across systems (isotropic analysis unaffected by coordinate choice).

Table 8: Cross-Dimensional Sensitivity: Core Metrics Invariance

Metric Baseline Min Variation Max Variation CV (%)
Dy (Mean) 2.234 2.218 2.251 0.7%
H > 0 Recovery 66.7% 66.7% 83.3% 12.3%
D3 Convergence 3.00 2.97 3.03 1.0%
Dgrapn < D2 100% 100% 100% 0%

Conclusion: Core findings—projection-dominated regime (Dy<< 3.0), multi-planar archi-
tecture (H > 0), topological-Euclidean gap (Dgrapn < D2)—persist across all methodological
variations (coefficient of variation <2% for quantitative metrics, 100% qualitative agreement).

Software Availability

The complete computational framework (Python package), analysis scripts, test suite, and
documentation are openly available under the GNU General Public License v3.0 (GPLv3):

e GitHub Repository:
https://github.com/FacundoFirmenich/fractal_analysis_of_seismics

e Zenodo Archive:
d0i:10.5281 /zenodo. 1787588

e Interactive Notebook: Included in repository

e Web Dashboard: Included in repository

All analysis code is fully reproducible with fixed random seeds and documented dependencies.
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