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Key Points:6

• Along-strike surface heat flow continuity is geographically limited; four domains7

show good continuity, three show clear discontinuity8

• Kriging and Similarity exhibit complementary failure modes; method consensus9

does not guarantee accuracy10

• Nearly 3/4 of all transects had ≤ 25 observations; such sparse observations are the11

dominant constraint on geodynamic interpretation12
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Abstract13

A common class of subduction zone thermal models assumes slab-mantle coupling near14

70–80 km depth and thin backarc lithospheres, based on surface heat flow profiles from15

a small number of well-instrumented subduction zone segments. These models implic-16

itly assume along-strike continuity over hundreds of kilometers. We tested this assump-17

tion by applying ordinary Kriging to 60,316 surface heat flow measurements across 3418

subduction zone domains, comparing Krige and Similarity interpolations point-by-point,19

and applying cross-correlation function (CCF) analysis to 201 adjacent trench-perpendicular20

transect pairs. Four well-sampled domains (Japan, Cascadia, Sumatra, and Kermadec–Hikurangi)21

show sustained continuity consistent with observations and both interpolation methods.22

Three other well-sampled domains (Kurils–Kamchatka, Central America–Panama, and23

Ryukyus–Sagami) show abrupt along-strike changes at 100–150 km scales, rendering single-24

profile characterizations misleading. Two domains (Caribbean and Izu–Bonin) exhibit25

systematic disagreement between methods. Most transects (168/235; 71%) have ≤ 2526

observations, which is too sparse for independent assessment. In well-sampled settings,27

Similarity mischaracterizes along-strike correlations while Kriging tracks local observa-28

tions closely. In sparse settings, only Similarity provides plausible surface heat flow es-29

timates. Critically, method agreement does not guarantee accuracy. For Izu–Bonin, 19030

local observations contradict both interpolation methods. For the Caribbean, the two31

methods displace a structural boundary by 100–150 km relative to its inferred location.32

This analysis shows that the accuracy of thermal models cannot be determined from the33

existing surface heat flow record. Improvement will require strategically targeted sur-34

veys and hybrid Kriging–Similarity approaches guided by the failure-mode diagnostics35

defined here.36

Plain Language Summary37

When one tectonic plate dives beneath another at a subduction zone, the two plates38

lock together and drive flow of warm rock in Earth’s mantle. Scientists measure the heat39

escaping through Earth’s surface to locate this “sticking-point” because its depth con-40

trols fault behavior and earthquake hazards. For decades, a few intensely studied regions41

were used to identify a sticking-point depth of 70–80 km, assuming that a single cross-42

section could represent the thermal structure for hundreds of kilometers laterally. We43

tested this assumption by analyzing more than 60,000 heat flow measurements across44
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34 subduction zone segments worldwide using two independent mapping methods. Ther-45

mal structure was consistent in four well-studied regions, supporting the classic model,46

but thermal structure changed abruptly over distances of 100–150 km in three other well-47

sampled regions, challenging the classic model’s assumptions. Two additional regions gave48

contradictory results, while nearly three quarters of all regions we analyzed had too few49

measurements to evaluate thermal structure. Importantly, in one region, both methods50

indicate a uniform thermal structure while 190 measurements directly contradict that51

conclusion; agreement does not prove accuracy. Improving the subduction zone thermal52

models requires strategically placed field surveys combined with mapping strategies that53

integrate local measurements and global geological patterns in a principled way.54
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Definition of Symbols55

Parameter Symbol Unit Equations

Spatial Field

Spatial location u km 1, S1, S3, S4, S5

Observation (surface heat

flow) at u

Z(u) mW m−2 1, S1, S5

Mean surface heat flow µ mW m−2 S1

Covariance function C(h) mW2 m−4 S1, S5

Raw sample count Nobs - -

Variogram Model

Separation distance (lag)

between observations

h km 1, 2, S1, S2, S6

Maximum separation

distance

max(h) km 2, S6

Lag cutoff constant κ - 2, S6

No. of lag intervals n - 2, S6, S7

Lag bin width δ km S6

Observation pair count at

lag h

N(h) - 1, 2

Experimental variogram γ̂(h) mW2 m−4 1

Variogram model γ(h) mW2 m−4 1, S2

Variogram model type Sph, Exp, Gau - S2

Nugget variance τ2 mW2 m−4 S2

Sill variance σ2 mW2 m−4 S2

Effective range a km S2

Kriging Estimation

Krige estimate at u Ẑ(u) mW m−2 S3, S4, S5

No. of observations used for

Kriging

nK - S3, S4, S5

Kriging weight λi - S3, S4, S5

Kriging variance σ2
K(u) mW2 m−4 S5
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Parameter Symbol Unit Equations

Maximum neighborhood

observations

m - -

Maximum neighborhood

size

dmax km -

Optimization

Optimization objective J - S7

Variogram weighted least

squares error

WLSerror mW4 m−8 S7

Standard deviation of

experimental variogram

σγ mW2 m−4 S7

Kriging Root Mean Square

Error

RMSEKrg mW m−2 S7

Standard deviation of

cross-validation

σcv mW m−2 S7
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1 Introduction56

Surface heat flow reflects the integrated thermal state of the lithosphere and con-57

tributions from hydrothermal circulation, radioactive decay, fault motion, and mantle58

convection (Fourier, 1827; Furlong & Chapman, 2013; Hutnak et al., 2008; Kelvin, 1863;59

Stein & Stein, 1994). Observations of surface heat flow are therefore central for under-60

standing lithospheric evolution (Hasterok, 2013; Parsons & Sclater, 1977; Pollack & Chap-61

man, 1977; Rudnick et al., 1998; Stein & Stein, 1992), subduction dynamics and seis-62

mic hazards (Currie et al., 2004; Currie & Hyndman, 2006; Furukawa, 1993; Gao & Wang,63

2014; Kohn et al., 2018; Wada & Wang, 2009), groundwater hydrology (Hutnak et al.,64

2008; Stein & Stein, 1994), and exploration of economic resources including geothermal65

energy (Batir et al., 2016; Majorowicz & Grasby, 2010). Decades of community effort66

have produced tens of thousands of continental and oceanic measurements compiled into67

global databases (Hasterok & Chapman, 2008; Jennings et al., 2021; Lucazeau, 2019; Pol-68

lack et al., 1993) that underpin multidisciplinary investigations of lithospheric and crustal69

processes.70

A conventional model of subduction zone thermal structure has emerged from stud-71

ies that calibrate numerical thermomechanical models against individual trench-perpendicular72

surface heat flow profiles (Currie et al., 2004; Currie & Hyndman, 2006; Furukawa, 1993;73

Hyndman et al., 2005; Wada & Wang, 2009), concluding that slab-mantle coupling near74

70–80 km depth and a thin backarc lithosphere are common features of active margins75

(Abers et al., 2017; Holt & Condit, 2021; Syracuse et al., 2010; van Keken et al., 2011,76

2018). The model relies on the implicit but critical assumption that a small number of77

well-instrumented transects are spatially representative for hundreds of kilometers along78

strike. If proximal transects instead show markedly different surface heat flow profiles,79

as we test here, this assumption breaks down. This raises a fundamental question: do80

subduction dynamics genuinely vary over tens to hundreds of kilometers along strike, or81

do near-surface perturbations and observational gaps merely obscure a continuous ther-82

mal signature?83

Investigating this geodynamic problem requires evaluating transect-scale surface84

heat flow patterns across broad regions along strike. The most recent global compila-85

tion from the International Heat Flow Commission (IHFC 2024) contains 91,182 surface86

heat flow observations (Global Heat Flow Data Assessment Group et al., 2024), yet re-87
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gional coverage near subduction zones remains sparse and highly uneven at scales of 10–100088

km. High-resolution local surveys, often collocated with seismic monitoring networks,89

capture fine-scale variations at individual sites but do not resolve along-strike variabil-90

ity across subduction zone segments. The critical methodological challenge is therefore91

evaluating sparse, irregularly spaced observations separated by distances ranging from92

0.1–1000 km.93

To address both the geodynamic problem and the methodological challenge, we eval-94

uated two independent interpolation methods that represent end-member approaches built95

on fundamentally different principles: Kriging (Krige, 1951) and Similarity (Goutorbe96

et al., 2011). Their differences are highly consequential for understanding lithospheric97

thermal structure, detecting surface heat flow anomalies, assessing the practical limita-98

tions of each approach, and motivating the development of hybrid methods. The ration-99

ale for applying both methods follows from the Three Laws of Geography :100

1. Everything is related, but near things are more related than distant things (Math-101

eron, 1963)102

2. Geographic phenomena are inherently heterogeneous (Goodchild, 2004)103

3. Localities with similar geographic configurations share other attributes (Zhu et104

al., 2018)105

Kriging exploits the First Law by estimating surface heat flow in data-sparse re-106

gions using a linear combination of nearby observations, weighted by their spatial cor-107

relations. This reliance on spatial correlation matches the physics of surface heat flow,108

which reflects large-scale lithospheric thermal structure and heat-transfer processes. For109

instance, broad regions of low surface heat flow on continents outline cratons (Nyblade110

& Pollack, 1993); anomalously low oceanic surface heat flow indicates heat extraction111

by hydrothermally circulating seawater (Fisher & Becker, 2000; Hasterok et al., 2011;112

Hutnak et al., 2008; Stein & Stein, 1994); and trench-perpendicular surface heat flow pro-113

files have been interpreted as evidence for broadly uniform slab-mantle coupling depths114

(Furukawa, 1993; Wada & Wang, 2009) and upper-plate lithospheric thickness (Currie115

et al., 2004; Currie & Hyndman, 2006; Hyndman et al., 2005).116

Similarity, in contrast, does not consider spatial correlations. It predicts surface117

heat flow at any target location by comparing that location’s geographic configuration118
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(the combination of geologic and geophysical attributes) against the entire global database119

of measured surface heat flow (Goutorbe et al., 2011). This reflects the Third Law: lo-120

calities sharing similar bathymetry, lithology, proximity to orogens, seafloor age, and upper-121

mantle velocity tend to produce similar surface heat flow (Chapman & Pollack, 1975;122

Davies, 2013; Lee & Uyeda, 1965; Lucazeau, 2019; Sclater & Francheteau, 1970; Shapiro123

& Ritzwoller, 2004). Similarity estimates are therefore geologically reasoned estimates124

rather than spatial interpolations.125

These considerations motivate a direct test of the assumption underlying the con-126

ventional subduction zone thermal model: that single surface heat flow profiles are re-127

gionally representative of thermal structure, and that profiles from different subduction128

systems share common features. Here we asked three specific questions: a) How spatially129

continuous is surface heat flow near active subduction zones? b) How do Krige and Sim-130

ilarity estimates compare along individual transects and between adjacent transects? c)131

What do methodological agreements and disagreements imply about geodynamic vari-132

ability and observational gaps?133

Our implementation applied Kriging to IHFC 2024 data near 235 predefined trench-134

perpendicular transects (organized into 34 transect sets) from the SubMap tool (Lalle-135

mand et al., 2026; Lallemand & Heuret, 2017), spanning four major subduction zone re-136

gions across the globe. We compared these Krige estimates point-by-point to global Sim-137

ilarity estimates from Lucazeau (2019), and used cross-correlation function (CCF) anal-138

ysis on adjacent transects to quantify along-strike spatial continuity. The resulting anal-139

ysis reveals both region-specific and method-specific patterns with implications for how140

surface heat flow observations constrain subduction zone dynamics.141

2 Methods142

2.1 Spatial Datasets143

2.1.1 IHFC 2024 Surface Heat Flow Database144

We used the IHFC 2024 database from the Global Heat Flow Data Assessment Group145

et al. (2024) for Kriging and CCF analysis. The database contains 91,182 surface heat146

flow observations from continental and oceanic settings (Figure 1), together with geo-147

graphic coordinates, elevation, unique observation identifiers, and other metadata. Mea-148

surement quality metadata are encoded using the IHFC uncertainty (U) and measure-149
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ment (M) classification scheme described by the Global Heat Flow Data Assessment Group150

et al. (2024).151

We preprocessed the database prior to interpolation. First, we filtered observations152

using a simple range criterion, retaining only surface heat flow values within the inter-153

val [0, 250] mW m−2. This step excluded non-physical values and extreme observations154

commonly associated with localized geothermal systems or measurement artifacts (Lu-155

cazeau, 2019). We applied no additional filtering or weighting based on IHFC quality156

classifications.157

Second, we identified and resolved duplicate observations located at identical co-158

ordinates. Where duplicate records had different quality classifications, we retained the159

observation with the higher combined uncertainty and measurement quality score (U +160

M). When duplicate observations had equal quality scores, we selected one observation161

randomly.162

After duplicate removal and range filtering, the processed IHFC 2024 dataset con-163

tained 60,316 observations used for Kriging and CCF analysis.164

2.1.2 SubMap Transects and Interpolation Domains165

We used SubMap transects as a standardized geographic framework for sampling166

and comparing surface heat flow. SubMap transects are predefined trench-perpendicular167

cross-sections through active subduction zones (Lallemand et al., 2026; Lallemand & Heuret,168

2017). Transects were organized into 34 geographically contiguous sets spanning four re-169

gional groups: the N Pacific (NPA; 8 sets, 47 transects), S America (SAM; 10 sets, 66170

transects), SE Asia (SEA; 12 sets, 90 transects), and the SW Pacific (SWP; 4 sets, 32171

transects), for a total of 235 transects (Figure 1; Tables S1 and S2).172

For each transect set, we defined an interpolation domain as a convex polygon en-173

closing all transects in the set. We sampled IHFC 2024 observations and interpolated174

surface heat flow grids within each domain (Figure 2: top row) for CCF analysis. We175

projected surface heat flow data onto each transect (Figure 2: bottom row) by comput-176

ing the orthogonal projection distance from each data point to the transect line. A lat-177

eral buffer of 75 km on each side of each transect (150 km total buffer width) defined178

the projection window, limiting contributions from points far from the transect. We sam-179
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Figure 1: Subduction zone segments and global surface heat flow observations. A total of

235 trench-perpendicular transects (top row: bold black lines) and 91,182 raw, unfiltered

surface heat flow observations (bottom row) were used for spatial analysis. Convex poly-

gons drawn around 34 sets of transects (top row: shaded areas) defined spatial domains

used for sampling and Kriging. Filtered and deduplicated data (Nobs = 60,316 total) show

uneven, irregular distributions regionally and globally (Tables S1 and S2). Note the rela-

tively high observation density in N America and around the N Pacific compared to the

S Pacific. Plate boundaries (bold white lines) were defined by Coffin et al. (2018). Sur-

face heat flow data are from the Global Heat Flow Data Assessment Group et al. (2024).

Transects were defined by Lallemand et al. (2026).
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Figure 2: Example of surface heat flow interpolation and sampling within the Kurils

transect set domain (NPA SET2). IHFC 2024 observations (top left) were cropped

within a convex polygon (not shown) enclosing the transect set. Krige estimates (top

center) were made point-by-point across the same global 0.5◦ × 0.5◦ grid defined by Lu-

cazeau (2019) for Similarity estimates (top right). Both interpolation grids were cropped

within the same convex polygon as the IHFC 2024 observations. The 75 km buffers drawn

around individual transects (top row: thin black or white rectangles) defined the projec-

tion window for the trench-perpendicular profiles used for CCF analysis (bottom row).

Plate boundaries (white lines) were defined by Coffin et al. (2018). Surface heat flow data

are from the Global Heat Flow Data Assessment Group et al. (2024). Transects were de-

fined by Lallemand et al. (2026).

pled a total of 18,635 IHFC 2024 observations within the 34 transect set domains (Ta-180

ble S1), with 9,325 observations located within the projection windows of the 235 tran-181

sects (Table S2).182

2.1.3 Map Projection and Interpolation Grid183

We processed spatial datasets using the R package sf (Pebesma, 2018). We im-184

ported and stored the IHFC 2024 observations, the Lucazeau (2019) Similarity interpo-185

lation, and the SubMap transects in geographic coordinates referenced to WGS84 (EPSG:4326).186
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We applied local azimuthal equidistant projections (ESRI:54032) where required for ge-187

ometric buffering operations during construction of convex polygons, then transformed188

geometries back to geographic coordinates referenced to WGS84 (EPSG:4326).189

We defined target locations for Kriging using the geometry of the global surface190

heat flow grid distributed with the Similarity interpolation of Lucazeau (2019), enabling191

direct point-by-point comparison between Krige estimates and Similarity estimates (e.g.,192

see Figure 2: top row).193

2.2 Kriging194

We applied ordinary Kriging to IHFC 2024 observations within each convex poly-195

gon domain using the R package gstat (Gräler et al., 2016; Pebesma, 2004). Kriging is196

a three-step process that involves: 1) computing an experimental variogram γ̂(h) to char-197

acterize spatial correlations, 2) fitting a variogram model γ(h) to the experimental var-198

iogram γ̂(h), and 3) solving a linear system of equations to predict surface heat flow at199

target locations (Cressie, 2015; Krige, 1951; Matheron, 1963). We computed the exper-200

imental variogram as:201

γ̂(h) =
1

2N(h)

∑︂
i,j∈N(h)

[︂
Z(ui)− Z(uj)

]︂2
(1)

where Z(ui) and Z(uj) are observations at locations ui and uj separated by lag202

h = ∥ui−uj∥, and N(h) is the number of observation pairs separated by that lag dis-203

tance. For the irregularly spaced data in this study, we defined N(h) using a bin width204

δ = max(h) / κn such that:205

N(h) = #

{︃
(i, j) : h− δ

2
≤ hij < h+

δ

2

}︃
(2)

where max(h) is the maximum separation distance within the Kriging domain, n206

is the number of lag intervals, and κ is the lag cutoff constant that limits the maximum207

lag distance h used to construct the experimental variogram γ̂(h) (conventionally κ =208

3). We applied Kriging locally by restricting each estimate to the m nearest observations209

that fell within a predefined maximum neighborhood size dmax, allowing the effective in-210

terpolation radius to adapt to local data density.211
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Rather than choosing variogram parameters by eye, a common but subjective prac-212

tice, we simultaneously optimized all parameters using constrained nonlinear optimiza-213

tion (after Li et al., 2018). We tuned the parameters {n, κ, m, dmax} to minimize a weighted214

cost function combining variogram-fitting error and cross-validation interpolation error.215

Global optimization used the MLSL algorithm with Nelder-Mead local refinement. A sub-216

sequent fine-tuning step searched a restricted parameter neighborhood, and we imple-217

mented both stages in the R package nloptr. Full optimization details and results for218

all transect sets are presented in the Supplementary Information (Text S1; Figures S5–S38;219

Table S9).220

2.3 Cross-Correlation Function Analysis221

CCF analysis measured how consistently surface heat flow patterns varied along222

strike within each transect set. First, we projected surface heat flow data from IHFC 2024223

observations, Similarity interpolation, and Krige interpolation onto each transect. To ex-224

tract continuous trench-perpendicular trends, we smoothed these projected profiles us-225

ing generalized additive models (GAMs, Wood, 2017) via the mgcv package in R. We mod-226

eled smooth profile curves as a function of along-transect distance using thin plate re-227

gression splines, with the smoothing parameter optimized via Restricted Maximum Like-228

lihood (REML). We applied the default basis dimension constraint, allowing the algo-229

rithm to dynamically penalize overfitting based on sample size. We restricted trend fit-230

ting to transects containing a minimum of 10 projected data points. Finally, we resam-231

pled the smoothed mean profiles to 500 evenly spaced points along each transect, run-232

ning from the subducting plate to approximately 500 km into the upper plate (e.g., see233

Figure 2: bottom row).234

For each pair of adjacent transects, we quantified the similarity between surface235

heat flow profiles using the stats::ccf() function in R. The analysis allowed small hor-236

izontal shifts between profiles (up to ± 10% of the total transect length) to account for237

minor offsets in the positions of surface heat flow anomalies. We retained the maximum238

correlation value as a measure of profile similarity. Correlation coefficients near 1 indi-239

cate that adjacent transects have very similar surface heat flow patterns, whereas val-240

ues near 0 or negative indicate weakly related or contrasting patterns.241
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We performed CCF analysis for all three surface heat flow datasets: IHFC 2024 ob-242

servations (where data coverage was sufficient), Similarity interpolation, and Krige in-243

terpolation. We computed additional comparisons between methods (Obs–Sim, Obs–Krg,244

and Sim–Krg) for individual transects to evaluate agreement between interpolation ap-245

proaches. In total, we analyzed 201 adjacent transect pairs across the four regional groups246

(39 in NPA, 56 in SAM, 78 in SEA, and 28 in SWP).247

Following the pair-wise calculations, we classified transect sets into four spatial regimes248

based on data density and profile correlation thresholds. Sets with a mean density of fewer249

than 25 observations per transect were classified as ambiguous. For sets meeting the250

25-observation threshold, classifications were determined by summarizing cross-method251

agreement and along-strike continuity:252

• Inferred continuous: required high method agreement within individual tran-253

sects (mean Obs–Krg CCF ≥ 0.70) and high along-strike agreement across all data254

types (minimum Obs CCF and Krg CCF and Sim CCF ≥ 0.50)255

• Inferred discontinuous: assigned when methods agreed within individual tran-256

sects (mean Obs–Krg CCF ≥ 0.70) but adjacent profiles revealed abrupt spatial257

shifts in either the observations (minimum Obs CCF < 0) or Krige estimates (min-258

imum Krg CCF < 0.30)259

• Method disagreement : assigned when estimates conflicted, either through poor260

agreement between observations and Krige estimates across individual transects261

(mean Obs–Krg CCF < 0.30) or when observations captured a structural bound-262

ary (minimum Obs CCF < 0) that the Similarity method smoothed over (max-263

imum Sim CCF > 0.50)264

Any remaining sets that did not fit these definitive criteria were designated as am-265

biguous.266

2.4 Interpolation Accuracy267

We assessed interpolation accuracy by pairing estimated surface heat flow values268

from the 0.5◦ × 0.5◦ interpolation grid directly with the IHFC 2024 observations (after269

Lucazeau, 2019). To minimize spatial mismatch, we established point pairs using a bidi-270

rectional nearest-neighbor approach: the nearest observation to each grid node, and the271
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nearest grid node to each observation, were cross-referenced. We excluded pairs sepa-272

rated by a Euclidean distance exceeding a strict 10 km threshold to ensure localized va-273

lidity.274

The final evaluation dataset mapped each qualified interpolated node to its near-275

est valid observation. We summarized estimation errors across the SubMap transect sets276

using standard descriptive metrics, including the Root Mean Square Error (RMSE), mean277

error, and interquartile range (IQR).278

We applied the same evaluation procedure to both Similarity and Krige interpo-279

lations to ensure consistent comparison between methods. We did not adopt cross-validation280

approaches commonly used for Kriging because the Similarity method uses the full global281

dataset and is less sensitive to removal of individual observations (Goutorbe et al., 2011).282

Direct comparison with observations therefore provided the most consistent basis for eval-283

uating both interpolation methods.284

3 Results285

3.1 Along-Strike CCF Analysis Comparing Adjacent Transect Pairs286

CCF analysis across 201 adjacent transect pairs reveals substantial variation in along-287

strike surface heat flow continuity among subduction systems (Figure 3; Table S7). The288

classifications shown in Figure 3 summarize the dominant behavior of each transect set289

rather than requiring perfect agreement at every transect pair. A classification there-290

fore reflects the prevailing surface heat flow pattern across a region, while local depar-291

tures are examined separately in Section 3.2.292

Four domains exhibit sustained along-strike continuity over hundreds of km. Japan293

(NPA SET1), Cascadia (NPA SET8), Sumatra (SEA SET2), and Kermadec–Hikurangi294

(SWP SET4) all show moderate-to-high observation density with strong agreement among295

observations, Kriging, and Similarity estimates (Figure 3: green shaded areas; Table S7).296

In these regions, neighboring transects consistently reproduce similar surface heat flow297

patterns despite spanning large distances along strike. These domains therefore provide298

the clearest evidence that spatially continuous thermal structure can persist across sub-299

stantial portions of some subduction segments.300
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Conversely, three similarly well-sampled domains exhibit abrupt changes in appar-301

ent thermal structure between neighboring transects. Kurils–Kamchatka (NPA SET3),302

Central America–Panama (SAM SET2), and Ryukyus–Sagami (SEA SET9) all contain303

adjacent transects with weak or negative correlations that are supported by both obser-304

vations and Krige profiles (Figure 3: red shaded areas; Table S7). In Central America–Panama,305

strongly correlated transects occur immediately adjacent to discontinuous pairs, demon-306

strating that surface heat flow continuity can change over distances comparable to a sin-307

gle transect spacing. Manila (SEA SET7) displays a similar transition from continuity308

to discontinuity, although relatively sparse observations limit independent validation. To-309

gether, these domains indicate that along-strike thermal structure is not uniformly con-310

tinuous and may change abruptly over distances of roughly 100–150 km.311

Two domains exhibit mixed continuity patterns that cannot be attributed confi-312

dently to either continuity or discontinuity. The Caribbean (SAM SET4) and Izu–Bonin313

(SEA SET10) both contain alternating patterns of high and low adjacent-transect sim-314

ilarity, and observations and interpolation methods support different interpretations of315

the same region (Figure 3: yellow shaded areas; Table S7). These patterns suggest ei-316

ther unresolved thermal heterogeneity at scales smaller than the interpolation grid or317

methodological limitations in reconstructing local surface heat flow structure. Consequently,318

the location and significance of apparent thermal regime boundaries remain uncertain319

in both domains.320

Most transect sets are ambiguous because observation density is currently too low321

to reliably evaluate continuity. Transects along large portions of Alaska, the Caribbean–Andean322

margin, SE Asia, and the SW Pacific have few or no observations (Tables S1 and S2),323

preventing independent validation of interpolated profiles. In these regions, Krige esti-324

mates are highly sensitive to sparse local data, while Similarity provides the only spa-325

tially complete surface heat flow estimate. As a result, continuity, discontinuity, and method326

disagreement cannot be inferred confidently across 71–75% of the global subduction zone327

system examined here (Table S7).328

–16–



manuscript submitted to Geochemistry, Geophysics, Geosystems

Figure 3: Cross-correlation function (CCF) analysis comparing observation, Krige, and

Similarity profiles between adjacent SubMap transect pairs. Maximum CCF values (y-

axis) are plotted across 201 adjacent transect pairs arranged by region and set (x-axis),

with symbol size scaled by the number of total observations contributing to each pair.

Along-strike continuity varies substantially within and across subduction systems. Back-

ground shading highlights distinct thermal regimes and method failure modes discussed

in the text. Green areas for inferred continuity (NPA SET1: Japan; NPA SET8: Cas-

cadia; SEA SET2: Sumatra; SWP SET4: Kermadec–Hikurangi); yellow areas for cross-

method disagreement or sub-grid heterogeneity where methods contradict data or give

false confidence (SAM SET4: Caribbean, SEA SET10: Izu–Bonin); red areas for inferred

discontinuity along strike (NPA SET3: Kurils–Kamchatka; SAM SET2: Central Amer-

ica–Panama; SEA SET7: Manila; SEA SET9: Ryukyus–Sagami); and gray areas for

sparse, unconstrained domains where data density is insufficient to infer continuity.
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Figure 4: Cross-correlation function (CCF) analysis comparing Obs–Sim (Ob-

served–Similarity), Obs–Krg (Observed–Krige), and Sim–Krg (Similarity–Krige) profile

pairs for individual SubMap transects. Maximum CCF values (y-axis) are plotted across

individual transects ordered by region and set (x-axis), with symbol size scaled by the

number of observations contributing to each transect. High Sim–Krg CCF values identify

transects where both interpolation methods recover matching thermal structures, while

low or negative values expose systemic method disagreement. Background shading high-

lights distinct thermal regimes and method failure modes as described in Figure 3.

–18–



manuscript submitted to Geochemistry, Geophysics, Geosystems

3.2 Transect-Level CCF Analysis Comparing Observations, Kriging, and329

Similarity330

The classifications in Figure 3 describe the dominant continuity pattern within each331

transect set, but they do not imply perfect agreement among observations and interpo-332

lation methods at every transect. Examination of individual transect pairs (Figure 4)333

reveals three recurring sources of uncertainty: 1) disagreement between Similarity and334

locally constrained data, 2) Kriging failure despite dense observations, and 3) increas-335

ing interpolation uncertainty in sparsely sampled regions.336

The most common disagreement occurs when Similarity produces continuity es-337

timates inconsistent with both observations and Krige profiles. A particularly clear ex-338

ample is Ryukyus–Sagami (SEA SET9), where observation density is high (Nobs = 83–279)339

and Obs–Krg agreement is consistently strong (Obs–Krg CCF = 0.70–1.00; Figure 4; Ta-340

ble S8). Across five consecutive transect pairs, observations and Kriging agree on both341

the sign and magnitude of adjacent-transect correlations, while Similarity returns a dif-342

ferent interpretation for four of the five pairs (Figure 5; Table S7). In several cases, Sim-343

ilarity indicates strong continuity where observations and Kriging indicate discontinu-344

ity, whereas in another pair it fails to reproduce a nearly perfect correlation identified345

by both locally-constrained datasets. Because observations and Kriging converged across346

multiple neighboring transects, we attribute the disagreement to Similarity’s failure to347

resolve the apparent local thermal structure. Ryukyus–Sagami therefore illustrates a fail-348

ure mode in which geologically derived Similarity estimates diverge from observation-349

ally constrained surface heat flow patterns.350

The same failure mode appears in several independent subduction systems. In Cen-351

tral America–Panama (SAM SET2), Similarity underestimates continuity in one tran-352

sect pair and overestimates it in the immediately adjacent pair, despite strong support353

from observations and Kriging for opposite outcomes. Similar discrepancies occur in Japan354

(NPA SET1), where Kriging closely tracks observations while Similarity consistently re-355

turns weaker correlations, and in Kurils–Kamchatka (NPA SET3), where Similarity in-356

dicates strong continuity even though both observations and Kriging indicate disconti-357

nuity (Figures 3 and 4; Tables S7 and S8). The recurrence of these disagreements across358

multiple regions suggests that Similarity sometimes fails to reproduce along-strike ther-359

mal structure even where local observations are sufficient to constrain it.360
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A second failure mode occurs when dense observations do not produce reliable Krige361

profiles. In most well-sampled domains, Kriging closely reproduces observed thermal struc-362

ture and Obs–Krg CCF values are high. However, two domains depart from this pat-363

tern. In the Caribbean (SAM SET4), the most densely sampled transects in the region364

(SAM31, SAM32; Nobs = 129, 175) exhibit Obs–Krg CCF values near zero, indicating365

that the interpolated Krige profiles bear little resemblance to the underlying observa-366

tions (Figure 4; Table S8). A similar result occurs in Izu–Bonin (SEA SET10), where367

one densely sampled transect (SEA73; Nobs = 190) also produces near-zero Obs–Krg agree-368

ment. For the adjacent pair SEA73–SEA74, both interpolation methods indicate pos-369

itive continuity, yet observations indicate a weak discontinuity (Table S7). These exam-370

ples demonstrate that high observation density alone does not guarantee accurate Krige-371

based profiles or continuity estimates.372

Interpolation uncertainty increases markedly where observations are sparse. Point-373

by-point Sim–Krg prediction differences are centered near zero in most domains, indi-374

cating little systematic bias between methods, but the spread of those differences varies375

substantially among regions (Figure S1; Table S3). The largest discrepancies occur in376

Andean domains SAM SET9 and SAM SET10 and in New Hebrides (SWP SET2), where377

transects contain few observations and Krige variance is correspondingly large. Similar-378

ity uncertainty remains lower than Krige uncertainty across most domains (Figure S2;379

Table S4), whereas in well-sampled regions Kriging generally produces narrower resid-380

ual distributions and stronger agreement with observations (Figures S3 and S4; Tables381

S5 and S6). These patterns indicate that uncertainty in surface heat flow estimates in-382

creases systematically as observational constraints weaken.383

3.3 Optimized Variogram Parameters Across the 34 Domains384

Optimized Krige parameters vary widely among transect sets and show no evidence385

for a single characteristic spatial scale of surface heat flow continuity in subduction zones.386

All 34 domains converge to an optimal numerical solution (Figures S5–S38; Table S9).387

While this consistent convergence demonstrates the mathematical stability of the opti-388

mization algorithm across a full range of data densities, the resulting variograms in observation-389

poor domains (per-transect mean Nobs density ≤ 25) are highly unconstrained and sub-390

ject to severe parameter volatility, reflecting localized sample noise rather than physi-391

cally meaningful spatial structures. Nevertheless, the optimization reliably handles the392
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Figure 5: Cross-correlation function (CCF) analysis (top row) and surface heat flow pro-

files (bottom row) for neighboring Ryukyus–Sagami transects (SEA67–SEA72). Obs and

Krg CCF values (left, center) agree in sign and magnitude for all five consecutive transect

pairs, even when both are negative, while Similarity CCF (right) returns discordant values

in four of the five consecutive pairs (compare first subdiagonals in CCF analysis matri-

ces). Disagreement between observations and Krige estimates versus Similarity reveals

Similarity’s failure to resolve thermal structure continuity compared to local constraints.
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Figure 6: Summary of optimization iterations, observation counts, and optimized Krige

parameters for all transect sets (colored by region). Parameter values (x-axes) span broad

ranges and include exponential, spherical, and Gaussian variogram models (Table S9).

No systematic relationship exists between individual parameter values and the optimized

objective function (y-axis), indicating that characteristic spatial correlation scales vary

among subduction zone domains. Optimized Krige parameter units are: maximum neigh-

borhood observations (dimensionless), maximum neighborhood size (km), variogram lag

cutoff constant (dimensionless), and number of variogram lag intervals (dimensionless).

full spectrum of sampling conditions, from dense networks like Cascadia (up to 1,077 ob-393

servations per transect) to sparse regions with no immediate transect observations. Ex-394

ponential, spherical, and Gaussian variogram models are each selected across multiple395

domains; maximum neighborhood sizes dmax range from approximately 100 to 500 km;396

lag cutoff constants κ range from 3–12; and the number of lag intervals n ranges from397

20 to nearly 50 (Figure 6; Table S9). Domains with comparable observation counts fre-398

quently converge on different variogram models and spatial scales, and similarly low-cost399

solutions arise from a wide range of parameter configurations. No systematic relation-400

ship exists between individual parameter values and the total optimization cost.401
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4 Discussion402

4.1 Along-Strike Surface Heat Flow Continuity is Ambiguous or Geo-403

graphically Limited404

Numerical thermomechanical models of subduction zones have historically used in-405

dividual trench-perpendicular surface heat flow profiles to calibrate their initial thermal406

structures and boundary conditions. Wada & Wang (2009) synthesized models across407

17 subduction zones and concluded that a common slab-mantle coupling depth near 70–80408

km reconciles volcanic arc positions and forearc surface heat flow globally. Hyndman et409

al. (2005) and Currie & Hyndman (2006) identified broadly uniform backarc surface heat410

flow of approximately 75 ± 15 mW m−2 across ten circum-Pacific systems, attributing411

this uniformity to vigorous slab-driven corner flow and a thin, thermally eroded backarc412

lithosphere. These conclusions implicitly assume that the selected surface heat flow pro-413

files all reliably represent thermal structure and are spatially continuous for hundreds414

of km along strike. Our CCF analysis directly evaluates that assumption across 201 ad-415

jacent transect pairs.416

Our results support the conventional model of subduction zone thermal structure417

only for a minority of the segments where those models were originally calibrated. Japan418

(NPA SET1), Cascadia (NPA SET8), Sumatra (SEA SET2), and Kermadec–Hikurangi419

(SWP SET4) all show sustained along-strike continuity (Obs CCF = 0.56–1.00), indi-420

cating that only 24–40% of trench-perpendicular profiles underlying the Wada & Wang421

(2009), Hyndman et al. (2005), and Currie & Hyndman (2006) syntheses are regionally422

representative. The tacit assumption that a single profile captures the broader thermal423

state of a subduction segment is therefore geographically limited: elsewhere it either does424

not hold or cannot be confirmed. Three well-sampled domains (Kurils–Kamchatka: NPA SET3,425

Central America–Panama: SAM SET2, and Ryukyus–Sagami: SEA SET9) show abrupt426

along-strike changes at 100–150 km scales, which render single-profile characterizations427

misleading. Two additional domains (Caribbean: SAM SET4; Izu–Bonin: SEA SET10)428

show abrupt CCF transitions whose locations cannot be reliably determined due to method429

disagreement, and 71–75% of the global dataset lacks sufficient observations for indepen-430

dent assessment (Figures 3 and 4; Tables S7 and S8). The conventional model of uni-431

form coupling depths with thin backarc lithospheres is therefore better viewed as a lo-432

cally validated description of a small number of well-characterized segments, rather than433
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as a common feature of active subduction zones worldwide. A nearly equal number of434

well-characterized segments show the opposite pattern.435

Several deep-seated tectonic mechanisms could explain along-strike deviations from436

the conventional model of subduction zone thermal structure. Numerical geodynamic437

modeling studies have shown that variations in slab geometry can concentrate hot sub-438

arc mantle at specific segments via dynamic pressure gradients (Araya Vargas et al., 2021),439

and that cessation of backarc spreading can trigger lithospheric instabilities and along-440

strike temperature heterogeneity over million-year timescales (Lee & Wada, 2021). Ker-441

swell et al. (2021) showed that backarc lithospheric thickness and serpentinite stability442

jointly control the maximum slab-mantle coupling depth, offering another physical mech-443

anism for the along-strike variability resolved by our CCF analysis. Peacock & Wang (2021)444

proposed a related mineralogical control involving the pressure-dependent breakdown445

of talc near 2.0–2.5 GPa (70–80 km depth). Subduction interface friction may also mat-446

ter: Kohn et al. (2018) showed that forearc surface heat flow requires shear heating with447

friction coefficients of 0.03–0.1, so along-strike variation in friction [surface roughness;448

Gao & Wang (2014)] or convergence rate could similarly produce the surface heat flow449

variability documented here. Where slab geometry, metamorphic dehydration depth, or450

interface friction vary along strike, adjacent profiles can record different thermal regimes451

within a single subduction segment.452

Yet each of these deeper mechanisms could also, in principle, be mimicked by near-453

surface hydrothermal perturbations. Hydrothermal circulation in young oceanic crust454

can reduce local heat flow to 10–40% of lithospheric predictions (Hutnak et al., 2008),455

and channelized basement fluid flow can create focused surface heat flow anomalies over456

lateral scales of tens of km (Fisher & Becker, 2000; Fisher & Harris, 2010). Without col-457

located seismic velocity models, fluid pressure data, or sediment thickness constraints,458

surface heat flow cannot discriminate between a slab-mantle coupling depth transition459

and a locally perturbed hydrothermal signal. This ambiguity inherently limits applica-460

tions of surface heat flow as a geophysical observable in tectonically active settings.461
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4.2 Interpolation Failure Modes Depend on Observation Density and462

Proxy Resolution463

The three uncertainty patterns identified in our CCF analysis (Sim–Obs disagree-464

ment, Kriging failure in dense settings, and sparsity-driven uncertainty; see Section 3.2)465

reflect a systematic dependence of method reliability on observation density. Where per-466

transect observations are sparse, Krige profiles overfit individual measurements, leaving467

Similarity as the only reliable estimate. Where observations are dense, Kriging closely468

reproduces local data while Similarity can mischaracterize along-strike correlations in469

specific settings. Understanding when and where each method can fail is essential for470

interpreting the surface heat flow record across the range of data densities represented471

in the IHFC 2024 dataset (Table S2).472

In sparse domains, per-transect observation counts of roughly 25 or fewer produce473

Krige profiles sensitive to individual measurements rather than regional surface heat flow474

structure. The Aleutian domain (NPA SET5) illustrates this clearly: 4–12 observations475

per transect yield highly variable Krg CCF across seven consecutive transect pairs, while476

Similarity produces high correlations for six of the seven (Figure 3; Table S7). In such477

domains, Similarity provides the only available geological interpolation. Although Lu-478

cazeau (2019) validated Similarity estimates at the global scale, systematic validation479

at the 100–150 km transect-pair scale has not been previously demonstrated. Whether480

Similarity accurately captures along-strike thermal structure within a single subduction481

segment therefore remains ambiguous. Where local observations are absent, any failure482

of the Similarity method at the transect scale would go undetected.483

In well-sampled domains, the failure-mode pattern reverses and exposes a specific484

limitation of Similarity. In Ryukyus–Sagami (SEA SET9), observations and Kriging con-485

verge on consistent along-strike CCF values across five consecutive transect pairs, yet486

Similarity returns discordant values for four of the five, including misidentifying discon-487

tinuous segments as continuous and substantially underestimating a near-perfect corre-488

lation inferred by both observations and Krige estimates (Figure 5; Table S7). Central489

America–Panama (SAM SET2) demonstrates that Similarity failures can occur in both490

directions within immediately adjacent pairs. It underestimates strong continuity inferred491

by observations and Kriging in one pair, and in another pair returns strong continuity492

where observations indicate a structural discontinuity (Figures 3 and 4; Tables S7 and493
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S8). Similar discrepancies in Japan and Kurils–Kamchatka confirm that these failures494

are not confined to a single region.495

These systematic failures reflect how Similarity constructs its estimates. The method496

identifies global analogs in multivariate proxy space and applies weighted averaging to497

their measured values (Goutorbe et al., 2011). Adjacent transects within a single sub-498

duction segment may share nearly identical proxy configurations while having distinct499

along-strike thermal structure. Such differences can arise where proxy variables (plate500

age, topography, seismic tomography, and others) fail to capture important properties501

or processes, for example fine-scale slab roughness (interface friction), localized fluid path-502

ways, or short-wavelength variations in deeper mantle wedge flow. The 0.5◦ × 0.5◦ grid503

spacing of the Lucazeau (2019) implementation (approximately 55 km at equatorial lat-504

itudes) may further prevent the proxy field from resolving along-strike thermal gradi-505

ents at the transect scale. Prior validation by Shapiro & Ritzwoller (2004) demonstrated506

the viability of proxy-guided interpolation at regional scales but did not consider the resolution-507

dependent limitation identified here.508

The Kriging failures in the Caribbean (SAM SET4) and Izu–Bonin (SEA SET10)509

illustrate a complementary limitation. At those transects, thermal structure varies at510

spatial scales shorter than any variogram model’s correlation length can resolve. Long511

variogram ranges over-smooth the profiles, whereas short ranges are incompatible with512

sparse data coverage elsewhere in the domain. No single variogram configuration recon-513

ciles these competing constraints. The convergence of different Krige parameter config-514

urations across domains therefore reflects regional differences in the scale of surface heat515

flow organization rather than degeneracy in the optimization algorithm (see Text S1 for516

full algorithm details). Across the 34 subduction domains examined here, the absence517

of a preferred variogram model or characteristic length scale (Figure 6; Table S9) fur-518

ther suggests that surface heat flow is heterogeneous at all resolvable scales and effec-519

tively unconstrained below a critical observation-density threshold. A large majority of520

transects (> 70%) currently do not meet this threshold, which is why heat flow system-521

atics are so ambiguous across much of the globe (Figures 3 and 4; Tables S7 and S8).522
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4.3 Method Agreement Does Not Guarantee Accuracy523

The failure modes described in the previous section share an important diagnos-524

tic signal: method disagreement indicates a problem, but method agreement does not525

guarantee accuracy. Two additional patterns in our analysis make this clear and carry526

direct implications for how assessments of subduction zone thermal structure based on527

surface heat flow should be used.528

The most consequential of these is false consensus between independent interpo-529

lation methods. In Izu–Bonin (SEA SET10), Similarity and Kriging both return pos-530

itive along-strike continuity (CCF = 0.34–0.93) for a transect pair (SEA73–SEA74) where531

190 local observations indicate weak discontinuity (CCF = -0.23; Figure 3; Table S7).532

The Krige profile at the more densely sampled of the two transects (SEA73) fails to track533

observed surface heat flow structure despite the high observation count (Figure 4; Ta-534

ble S8), indicating that local thermal structure varies at scales shorter than the variogram535

can resolve. High Sim–Krg CCF agreement masks this failure rather than flagging it.536

Neither Similarity’s global proxy resolution nor Kriging’s regionally optimized variogram537

length scale captures finer-scale heterogeneity, and examining the observations directly538

is the only way to detect it. Analyses of this segment that rely solely on interpolated es-539

timates would find consistent method agreement supporting a continuity that the mea-540

surements directly contradict.541

The Caribbean (SAM SET4) documents the distinct complication of apparent bound-542

ary displacement. Observations locate an abrupt thermal regime boundary at one tran-543

sect pair (SAM28–SAM29; Obs CCF = -0.73), while Similarity places it at the imme-544

diately adjacent pair (SAM27–SAM28; Sim CCF = -0.61)—an apparent displacement545

of roughly 100–150 km (Figure 3). In thermal modeling contexts where surface heat flow546

profiles calibrate slab-mantle coupling depths, a positional error of this magnitude is geo-547

dynamically significant. It misrepresents the lateral extent of the coupled interface and548

the along-strike position of key frictional or metamorphic phase transitions (e.g., Gao549

& Wang, 2014; Kohn et al., 2018; Peacock & Wang, 2021). The Caribbean’s multiple550

subduction geometries, polarity reversals, and active backarc basins (Lallemand & Heuret,551

2017) generate short-wavelength thermal variability that proxy-based methods cannot552

resolve at the transect scale, and dense local measurements are required to accurately553

locate structural boundaries.554
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Together, these cases illustrate how method agreement narrows the range of pos-555

sible failure modes but does not guarantee accuracy. In well-constrained domains, agree-556

ment between locally-validated Krige estimates and observationally-consistent Similar-557

ity estimates carries meaningful confidence. Where neither method can be independently558

checked against dense local observations, however, agreement may reflect coincident or559

correlated failures rather than shared accuracy. The diagnostic framework developed here,560

which evaluates per-transect observation counts alongside CCF analysis, provides a rubric561

for distinguishing these situations systematically. Interpolation comparison without observation-562

density context is insufficient for interpretation.563

4.4 Sparse Observations Limit Geodynamic Interpretations564

The transect-level observation counts reported here quantify a practical threshold565

for evaluating interpolation reliability. Nearly three quarters of all transects (168/235;566

71%) lack sufficient observations for independent validation (Nobs ≤ 25), meaning that567

the surface heat flow record cannot currently support or refute geodynamic inferences568

about along-strike continuity for most of the global subduction system. This gap reflects569

a persistent sampling bias toward accessible continental margins, onshore monitoring net-570

works, and geothermal exploration targets, leaving subduction zone forearcs and backarcs571

systematically undersampled at scales required for geodynamic interpretation.572

Database growth has not yet resolved this issue. The IHFC 2024 compilation rep-573

resents a substantial addition to prior datasets, adding roughly 21,000 measurements since574

the Lucazeau (2019) dataset, yet the new observations are concentrated in already well-575

sampled regions. The along-strike gaps identified here for the Aleutians, most of S Amer-576

ica, and much of SE Asia and the SW Pacific persist, and the > 1000 km nearest-neighbor577

distances documented by Pollack et al. (1993) across the S Pacific remain relevant for578

many of the transects examined here.579

Where observations do exist, systematic bias in specific tectonic settings compounds580

the sparsity problem. Hydrothermal advection accounts for a substantial fraction of to-581

tal oceanic heat loss in young oceanic crust, and conductive measurements in these set-582

tings systematically underestimate the true lithospheric heat flux (Stein & Stein, 1994).583

More than half of the plates entering the trenches analyzed here (127/235 transects; 54%)584

carry oceanic crust younger than the 65 ± 10 Ma sealing age beyond which hydrother-585
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mal circulation no longer measurably affects conductive surface heat flow (Stein & Stein,586

1994). Basement fluid discharge along mid-plate seamount chains can locally reduce re-587

gional conductive measurements to a small fraction of lithospheric predictions (Hutnak588

et al., 2008). In forearcs and incoming-plate regions, the available observations are there-589

fore doubly limited: there are too few measurements to constrain spatial patterns, and590

the measurements that do exist are potentially biased by hydrothermal extraction such591

that they underestimate the thermal signal that interpolation methods attempt to re-592

construct.593

These limitations directly constrain geodynamic inference from the surface heat flow594

record. The conventional model of subduction zone thermal structure proposed by Wada595

& Wang (2009) and Currie & Hyndman (2006) was built on a small number of well-sampled596

sites (Japan, Kamchatka, Cascadia, and Kermadec). Our CCF analysis shows that three597

of these sites do exhibit high along-strike continuity, confirming previous single-profile598

characterizations as regionally representative. However, our analysis also identifies one599

exception: Kurils–Kamchatka (NPA SET3) shows along-strike discontinuity, indicating600

those profiles are less representative than previously assumed by Wada & Wang (2009).601

For the broader global system, whether the conventional model extends beyond the four602

inferred continuous segments in our CCF analysis (Figure 3: green shaded areas; Table603

S7) cannot be resolved from the existing surface heat flow record (Figure 3; Table S7).604

Discontinuities observed in several segments urge caution.605

4.5 Targeted Surveys and Hybrid Approaches606

The data limitations and failure-mode diagnostics discussed above together define607

specific, actionable survey priorities rather than a generic call for more data. Two tar-608

get categories emerge, each requiring a different survey strategy and offering a different609

scientific return.610

The most widespread case involves sparse domains where Similarity provides the611

only interpolation estimate and no independent validation is possible. These regions (Fig-612

ure 3: gray areas; Table S7) currently have no basis for evaluating whether Similarity613

CCF values reflect genuine thermal continuity or simply the spatial smoothness of the614

proxy field. Even modest targeted surveys in these regions would provide the first in-615

dependent test of Similarity estimates. The per-transect density thresholds identified here616
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define the minimum observation density needed to cross from ambiguous to interpretable617

(roughly Nobs > 25).618

A more demanding strategy is required where fine-scale thermal heterogeneity ex-619

ists at scales below global interpolation resolution. The Caribbean and Izu–Bonin seg-620

ments demonstrate that short-wavelength thermal variability can produce abrupt along-621

strike CCF transitions within consecutive transect pairs (Figures 3 and 4; Tables S7 and622

S8), and that neither interpolation method reliably locates structural boundaries under623

these conditions. Resolving finer-scale structure requires closely spaced measurements624

rather than scattered additions. The tectonic complexity of these systems likely also de-625

mands collocated seismic imaging and geochemical fluid sampling to separate deep ther-626

mal signals from shallow hydrothermal overprinting.627

Beyond survey design, the complementary failure modes of Similarity and Krig-628

ing motivate hybrid interpolation strategies. The most direct combination treats Sim-629

ilarity as a geologically informed prior for the regional surface heat flow field and applies630

Kriging to update that prior with local measurements, conceptually equivalent to Sim-631

ilarity as a trend model in universal Kriging or as a secondary covariate in a co-Kriging632

framework. The failure-mode diagnostics define where each approach should dominate:633

Similarity should govern where local observations are too sparse for Kriging to produce634

stable estimates, while Krige estimates should take precedence where per-transect counts635

and Obs–Krg CCF indicate strong local constraint. A framework incorporating the Lu-636

cazeau (2019) proxy variables as spatially varying covariates within a Kriging system would637

operationalize this without requiring separate comparison steps.638

Kriging and Similarity also perform optimally at different spatial scales and can639

be deployed accordingly. The Ryukyus–Sagami analysis showed that Kriging outperforms640

Similarity at the transect-pair scale (Figure 5; Table S7). A scale-decomposed approach641

could assign Similarity to characterize the large-scale background field while Kriging re-642

covers short-scale departures where local data constrain the variogram. Within the CCF643

framework, this decomposition would partition along-strike continuity patterns between644

the geological-analog signal in the Similarity field and the locally constrained spatial struc-645

ture in Krige residuals, making failure-mode attribution explicit rather than inferred.646
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5 Conclusions647

We applied ordinary Kriging to IHFC 2024 data across 235 transects in 34 transect-648

set domains and quantified along-strike continuity for 201 adjacent transect pairs using649

cross-correlation function (CCF) analysis. We compared Krige estimates with the global650

Similarity interpolation from Lucazeau (2019) to evaluate where both methods provide651

independent, locally constrained assessments of surface heat flow structure. The com-652

bined analysis yields four principal conclusions.653

Along-strike surface heat flow continuity is ambiguous or geographically limited.654

Four domains (Japan, Cascadia, Sumatra, and Kermadec–Hikurangi) show sustained con-655

tinuity consistent with observations and both interpolation methods, validating common656

models of subduction zone thermal structure for those segments (Currie & Hyndman,657

2006; Wada & Wang, 2009). Three well-sampled domains (Kurils–Kamchatka, Central658

America–Panama, and Ryukyus–Sagami) show abrupt structural changes at 100–150 km659

along-strike scales independent of any interpolation method, contradicting assumptions660

of common subduction zone thermal models. Two other well-sampled domains (the Caribbean661

and Izu–Bonin) exhibit systematic method disagreement with abrupt along-strike CCF662

transitions whose locations could not be confirmed. A large majority of the global dataset663

lacks sufficient observations for any independent assessment.664

Kriging and Similarity exhibit complementary failure modes. In sparse domains,665

Kriging is unreliable and Similarity provides the only substantive estimate. In well-sampled666

domains, Kriging tracks observations closely while Similarity mischaracterizes along-strike667

correlations in specific settings. Method consensus does not guarantee accuracy, but the668

diagnostic framework developed here provides a basis for distinguishing reliable from mis-669

leading interpretations.670

No universal variogram model or characteristic spatial scale describes subduction671

zone surface heat flow continuity globally. Kriging optimization converges for all 34 do-672

mains, yet maximum search radii span approximately 100 to 500 km with no system-673

atic relationship to optimization cost. Where Krige profiles fail to track local observa-674

tions, thermal heterogeneity exists at spatial scales shorter than any variogram model675

can resolve. Convergence to different configurations across domains reflects real regional676

differences in the scale of surface heat flow organization rather than algorithmic degen-677

eracy.678
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Sparse observations are the dominant limitation on geodynamic interpretation of679

subduction across most of the planet. Nearly three quarters of all transects (168/235;680

71%) have 25 or fewer observations, precluding Krige-based validation. Additional ob-681

servations in the IHFC 2024 database relative to prior compilations are concentrated in682

already well-sampled regions. In forearc regions, sparse observations may additionally683

be biased toward underestimating the true lithospheric heat flux due to hydrothermal684

extraction (Hutnak et al., 2008; Stein & Stein, 1994). Whether uniform slab-mantle cou-685

pling depths and thin backarc lithospheres are common features of subduction zones re-686

mains an open question. Answering it will require strategically targeted surface heat flow687

surveys guided by the failure-mode diagnostics and observation-density thresholds de-688

fined here.689
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