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7 Abstract

8 Recorded seismic observations from monitoring networks provide a direct empirical basis for
9  updating regional representations of earthquake demand, yet their use in scenario forecasting and
10  proactive resilience planning remains limited. This study proposes a monitoring-informed sense—
11 forecast-adapt workflow for forecasting spatial seismic demand in the Izmir Basin, western
12 Tirkiye. The framework transforms accumulated strong-motion records into a regional residual
13 correction layer, embeds this layer within active-fault-based earthquake scenarios, and translates
14  the resulting demand fields into adaptation-oriented spatial indicators.

15  Atransparent reference ground-motion representation is first fitted using event magnitude, source-
16  to-site distance, and site-condition information. Event-station residuals are then aggregated at the
17  station level and interpolated to construct monitoring-informed residual and residual-variability
18  fields. These updating layers are embedded within five representative active-fault scenarios around
19  the izmir Basin to generate baseline and monitoring-updated PGA fields. The resulting demand
20 fields are evaluated through persistence, scenario sensitivity, monitoring/inspection priority, rank
21 variability, and spatial concentration of high-demand domains.

22 The workflow is evaluated through residual-field validation, Gaussian-process benchmarking,
23 robustness analyses, cumulative model-version tracking, and Monte Carlo uncertainty propagation.
24 The results identify the Tuzla Fault scenario as the dominant demand case and the Yenifoca Fault
25  scenario as the main secondary case. High-demand zones organize into spatially coherent regions,
26 several locations remain repeatedly critical across multiple source scenarios, and the virtual
27  regional demand representation stabilizes as the monitoring archive expands from 1977-2010 to
28 1977-2025.

29  The main contribution is an updateable forecasting workflow that integrates monitoring-derived
30 residual updating, scenario-based spatial demand simulation, uncertainty-aware exceedance
31 mapping, and resilience-oriented decision indicators. By transforming accumulated strong-motion
32  observations into an evolving regional demand representation, the proposed framework moves
33  beyond pointwise ground-motion estimation and provides a digital-twin-oriented basis for
34  proactive seismic resilience planning in monitored basin environments.

35  Keywords: monitoring-informed forecasting; spatial seismic demand; residual updating; scenario-
36  based forecasting; digital-twin-oriented workflow; proactive resilience.
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37 1. Introduction

38  Earthquake effects are commonly interpreted through pointwise ground-motion estimates,
39  although seismic demand is inherently spatial and is influenced by geological heterogeneity, basin
40  structure, source-to-site configuration, and local site conditions. In sedimentary basins, these
41  factors produce spatially coherent shaking patterns that cannot be fully represented by isolated
42  station-level estimates. Consequently, regional resilience planning requires not only the prediction
43 of shaking intensity at individual locations but also the identification of how elevated demand is
44  organized across space, how it changes under alternative earthquake scenarios, and which areas
45  remain consistently critical. Strong-motion monitoring networks provide an empirical basis for
46 constructing and progressively refining such regional representations of spatial seismic demand.

47  Observation-conditioned estimation of spatial ground-motion fields has a long history.
48  Foundational studies established the probabilistic framework for conditional simulation of ground-
49  motion fields at uninstrumented locations using correlation-consistent prediction and Kriging-
50 based estimators (Vanmarcke and Fenton, 1991; Vanmarcke et al., 1993). Subsequent
51  developments incorporated filtering techniques for adaptive field updating (Sato and Imabayashi,
52 1999), while more recent studies employed Gaussian-process regression to estimate ground-motion
53 fields at locations without observations (Tamhidi et al., 2022). Operational systems such as
54  ShakeMap further demonstrated the practical value of combining recorded motions, empirical
55  prediction models, and spatially correlated residuals to produce event-specific shaking maps
56  (Worden et al., 2010). Collectively, these studies established the importance of monitoring
57  observations as constraints on spatial ground-motion fields.

58 A related body of work has focused on the spatial correlation of ground-motion residuals and its
59 implications for regional hazard and risk assessment. Previous studies showed that intra-event
60  residuals exhibit strong spatial dependence and that neglecting this dependence may bias regional
61 hazard and portfolio-loss estimates (Park et al., 2007; Goda and Atkinson, 2009; Loth and Baker,
62  2013). Region-specific correlation models (Huang and Wang, 2015) and basin-oriented
63  investigations (Mizutani et al., 2019) further demonstrated that sedimentary environments may
64  generate characteristic spatial demand patterns that differ from generic regional assumptions.
65 However, these studies have primarily addressed event-specific conditioning, correlation
66  modelling, or post-event field reconstruction rather than repeatedly updating a regional demand
67  representation for future scenario forecasting.

68  Bayesian updating studies provide another important foundation. Instrumental observations have
69  been incorporated into regional probabilistic seismic hazard assessment (Viallet et al., 2019), while
70  post-event regional analyses have shown that recorded motions reduce uncertainty in spatial hazard
71 representations (Du and Padgett, 2021). Similar updating concepts have also been applied to
72 regional liquefaction modelling and intensity-map refinement using newly available observations
73 (Engler et al., 2025; Kwak and Ahn, 2026). These developments demonstrate the value of
74  observation-informed updating but remain largely focused on post-event estimation rather than
75  scenario-based forecasting.

76 A complementary perspective originates from structural health monitoring and digital twins.
77  Recent predictive digital-twin frameworks emphasize continuous sensing, model updating,
78 uncertainty quantification, forecasting, and decision support as components of a unified

2



https://doi.org/10.5194/egusphere-2026-4292
Preprint. Discussion started: 10 August 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

79  information loop (Torzoni et al., 2024). Broader reviews similarly identify physical-to-virtual
80 information transfer, uncertainty propagation, and adaptive decision-making as defining
81  characteristics of digital-twin systems (Thelen et al., 2022; Thelen et al., 2023). Although these
82  concepts have primarily been developed for individual structures, the same information flow can
83  be extended to regional seismic monitoring by treating accumulated observations as a continuously
84  updated representation of spatial seismic demand.

85  Accordingly, this study develops a monitoring-informed sense—forecast-adapt framework for
86  basin-scale seismic-demand forecasting in the Izmir Basin, western Tiirkiye. Accumulated strong-
87  motion observations are first converted into residual information relative to a transparent reference
88  ground-motion representation. Station-level residual statistics are then transformed into spatial
89  correction layers and combined with five representative active-fault scenarios—the izmir Fault,
90  Seferihisar Fault, Tuzla Fault, Giilbahge Fault Zone, and Yenifoga Fault—to generate baseline and
91  monitoring-updated PGA fields. Beyond deterministic demand mapping, the framework derives
92  persistence, scenario sensitivity, monitoring priority, rank variability, and spatial concentration
93 indicators. The residual field is evaluated using leave-one-station-out validation and Gaussian-
94  process benchmarking, while the robustness of the proposed indicators is examined through
95 threshold sensitivity, weighting sensitivity, and Monte Carlo uncertainty propagation.

96 To investigate the updateability of the framework, a digital-twin-oriented model-version
97  experiment is further introduced. Cumulative monitoring archives covering 1977-2010, 1977-
98 2015, 1977-2020, and 1977-2025 are used to regenerate the reference model, spatial residual field,
99  scenario forecasts, and adaptation indicators. This enables the evolution of the regional virtual
100 demand representation to be quantified as new monitoring records become available.

101  The study addresses four principal questions:

102 1. How can accumulated strong-motion observations be transformed into a monitoring-
103 informed regional residual correction layer?

104 2. How do monitoring-updated spatial demand fields differ under alternative active-fault
105 scenarios?

106 3. How stable and informative are persistence, scenario sensitivity, monitoring priority, and
107 spatial concentration indicators for resilience planning?

108 4. How does the regional virtual demand representation evolve as the monitoring archive
109 expands over time?

110  The resulting workflow transforms regional strong-motion observations from retrospective

111 measurements into an updateable forecasting layer capable of supporting scenario comparison,
112 uncertainty-aware interpretation, and adaptation-oriented decision making. In doing so, the study
113 provides a field-based and digital-twin-oriented framework for proactive seismic resilience

114  planning in monitored basin environments.

115 2. Study Area, Monitoring Dataset and Scenario Sources

116  The study focuses on the Izmir Basin and its surrounding seismotectonic region in western Tiirkiye.
117  Izmir is located within an active extensional tectonic setting and is influenced by several mapped
118  active fault systems in and around the metropolitan area. At the broader Eastern Mediterranean
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119  scale, western Tiirkiye lies within the western part of a proposed deep quasi-ring mantle structure
120 centred beneath the Cyprus region, whose surface projection is interpreted as exhibiting a
121 predominantly counterclockwise rotational pattern (Eppelbaum et al., 2021). This regional
122 interpretation was subsequently developed using additional magnetic-field, paleobiogeographic,
123 and seismic-tomography evidence (Eppelbaum et al., 2025). The combination of active seismic
124  sources, basin-controlled site conditions, and spatially distributed strong-motion observations
125 makes the region a suitable test case for monitoring-informed forecasting of spatial seismic
126  demand. In this study, the Izmir Basin is treated as a regional spatial domain in which earthquake
127  demand may vary, concentrate, and shift under different source scenarios, rather than as a collection
128  of isolated recording stations.

129  The overall workflow of the study is illustrated in Figure 1. The framework follows a sense—
130  forecast-adapt logic. In the sensing stage, recorded strong-motion observations are used to derive
131 residual information relative to a reference ground-motion representation. In the forecasting stage,
132 this monitoring-informed regional demand representation is combined with active-fault-based
133 earthquake scenarios to generate baseline and updated spatial seismic demand fields. In the
134  adaptation stage, the resulting forecasts are interpreted through resilience-oriented indicators,
135 including persistent high-demand zones, scenario-sensitive demand shifts, spatial concentration of
136  high-demand domains, monitoring or inspection priority, and rank stability of critical areas.

Monitoring-informed sense-forecast-adapt workflow for spatial seismic demand forecasting

SENSE UPDATE FORECAST ADAPT
Strong-motion observations |===p Reference GM representation (mmep|  Dissolved scenario sources (w=mmp| Persistent high-demand zones
PGA components, Mw, Residual construction Distance proxy Scenario sensitivity
Repi, Depth, Vs30 Spatial residual correction layer Baseline and updated PGA fields Monitoring / inspection priority

1

Validated and uncertainty-aware spatial demand representation

Residual variability + spatial benchmark + exceedance mapping

Model-version tracking + scenario comparison

137

138 Figure 1. Sense—Forecast—Adapt workflow for monitoring-informed scenario forecasting of spatial
139  seismic demand.

140  The monitoring dataset consists of 37,130 event-station records obtained from 119 strong-motion
141  stations. The records correspond to 2,980 earthquake events spanning the period 1977-2025. The
142 magnitude range of the catalogue is approximately M 2.2-7.6. The full event catalogue extends
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143 beyond the Izmir metropolitan area and provides a broader regional basis for residual construction,
144  whereas the Izmir-focused subset is used to support basin-scale interpretation and scenario
145  forecasting. A practical Izmir subset defined by station identifiers beginning with 35 contains
146 15,639 event-station records from 39 stations and 1,379 events.
147  For each event-station record, the two horizontal PGA components are combined using their
148  geometric mean and used as the primary intensity measure in the analysis. Site-condition
149  information is represented by station-level Vsso. The event magnitude, epicentral distance, depth,
150 and Vs3o are used to construct a transparent reference ground-motion representation, while the
151  residuals between observed and predicted logarithmic PGA values provide the empirical basis for
152 monitoring-informed spatial updating.
153 A regional active fault inventory is used to define the seismotectonic context of the study area and
154  to support the selection of representative earthquake scenarios. The active fault database contains
155  mapped fault traces in geographic coordinates. The spatial distribution of monitoring stations,
156  recorded event epicentres, mapped active faults, and selected scenario sources is shown in Figure
157 2.
Study area, monitoring stations, event epicentres and active faults
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159  Figure 2. Study area, monitoring stations, recorded event epicentres, mapped active faults, and
160  selected scenario faults.
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161  For scenario-based forecasting, a subset of active faults located around the izmir Basin is selected
162  as representative source configurations. These scenarios are not intended to reproduce specific
163  historical earthquakes. Rather, they are used to examine how spatial seismic demand may change
164  under alternative physically interpretable source conditions. The selected scenarios include the
165  Izmir Fault, Seferihisar Fault, Tuzla Fault, Giilbahge Fault Zone, and Yenifoca Fault. Each scenario
166 is defined by a mapped fault trace, an assigned moment magnitude, and a representative source
167  depth. These scenario sources are summarized in Table 1.

168  Table 1. Selected earthquake scenarios used for spatial demand forecasting.

Scenario ] Source Mw | Depth (km) Purpose in the analysis
S1 Izmir Fault 6.5 10 Near-basin source scenario
S2 Seferihisar Fault 6.6 10 Southwestern source scenario
S3 Tuzla Fault 7 10 High-magnitude southern source scenario
S4 Giilbahge Fault Zone | 6.6 10 Western source scenario
S5 Yenifoga Fault 6.8 10 Northwestern source scenario

169  The monitoring observations and the scenario source definitions are used for complementary
170  purposes in the study. The recorded event—station observations provide the empirical basis for
171 residual construction and regional demand updating, while the selected active-fault scenarios
172 provide the source configurations for forward forecasting of spatial seismic demand. This structure
173 links observed ground-motion data, regional active source conditions, and resilience-oriented
174  interpretation within a single monitoring-informed forecasting framework.

175 3. Methodological Framework
176  3.1. Monitoring-Informed Residual Updating

177  The first stage of the framework converts recorded strong-motion observations into an observation-
178  informed residual representation of regional seismic demand. Peak ground acceleration is used as
179  the primary intensity measure, and the two horizontal components are combined using the
180  geometric mean:

182 where PGAns and PGAEgw are the two recorded horizontal components. This horizontal intensity
183  measure is used consistently in the residual construction, spatial updating, and scenario forecasting
184  stages. Station-level site effects are represented using Vszo, which is available for the monitoring
185  stations and provides a practical site-condition descriptor for regional ground-motion analysis.

186  The logarithmic form of the horizontal intensity measure is used in the residual analysis:

187y = In(PGAy,;)
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188  where i denotes the monitoring station and j denotes the earthquake event. A transparent
189  reference ground-motion representation is then used to estimate the expected logarithmic PGA
190 for each event-station pair:

d
191 ¥ = £(M), Rij, Vizo,)

192 where M; is the event magnitude, Rjj is the event-to-station distance measure, and Vsaso, is the
193  station-level site-condition descriptor. In the present implementation, the reference representation
194 s fitted in logarithmic PGA space using magnitude, effective distance terms, and normalized Vszo.
195  The effective distance is defined as:

2 2
196 Reff,ij = Repi,ij + hj

197  where Repijjj is the epicentral distance and h; is the event depth. The reference model is not intended
198  to replace a full ground-motion prediction equation; rather, it provides a consistent and transparent
199  baseline against which monitoring residuals can be constructed.

200  The event-station residual is computed as:

_ b pred
201 1=y = Yij

202  or equivalently,

203 1y = In(PGASES) — In(PGAY()

204  Positive residuals indicate stronger-than-expected shaking relative to the reference representation,
205  whereas negative residuals indicate weaker-than-expected shaking. The residuals are then
206  aggregated at the station level to obtain a monitoring-informed residual tendency:

_ 1 n;
207 Ti =1’I._LZ];1TU
208
209  where nj is the number of usable records at station i. The value #; represents the average deviation

210  of recorded motions at a station from the reference prediction and is used as an observation-derived
211  correction term for regional demand updating.

212 The variability of residuals at each station is also evaluated as:

1 n; _
M 5= [ Oy -

214  where sr,i provides a station-level indicator of residual variability across events. Together, 7; and
215 s, describe the monitoring-informed correction and its variability at the station scale.
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216  To extend the residual information from monitoring stations to the regional prediction grid, the
217  station-level residuals are converted into a spatial residual correction field:

218 T's(x) = I(Fl,fz,...,fN;x)

219  where x denotes a prediction location, N is the number of monitoring stations used for spatial
220 updating, and I(-) is the spatial interpolation operator. In the baseline implementation, inverse-
221  distance weighting is used to construct the residual correction field. The same spatial interpolation
222 logic is also used to generate the residual-variability field and the station-informed Vs3o field. The
223 resulting residual correction field rs(x) represents the monitoring-informed regional updating layer
224  used in the scenario forecasting stage.

225  To evaluate whether the spatial residual correction layer provides meaningful out-of-station
226  information, a leave-one-station-out cross-validation procedure is applied. In each validation step,
227 one monitoring station is removed, the residual correction surface is reconstructed using the
228  remaining stations, and the residual at the omitted station is predicted. The observed and predicted
229  station residuals are then compared using the RMSE, MAE and Bias metrics.

230 A Gaussian-process residual surface is also fitted as a benchmark to compare the IDW-based
231 residual correction layer with a covariance-based spatial prediction alternative.

232

233 3.2. Scenario-Based Spatial Demand Forecasting

234  The second stage uses active-fault-based earthquake scenarios to generate spatial seismic demand
235  forecasts. Each scenario is represented by:

236 Sy = {M,,, Faulttracey, h;}

237  where My is the assigned scenario magnitude, FaultTracex is the mapped fault trace, and hg is the
238  representative source depth.

239  Forscenario-based forecasting, source-to-site distance is computed from the mapped scenario fault
240 traces. Distance-to-source measures are fundamental inputs in empirical ground-motion prediction
241  and regional seismic-demand modelling, and alternative definitions may be adopted depending on
242  the source representation and the objective of the analysis (Kaklamanos et al., 2011; Campbell and
243 Bozorgnia, 2014). In this study, the primary horizontal source-distance measure is defined as the
244  shortest distance from a station or prediction location x to the corresponding scenario fault trace:

245 Rtrace,k(x) = min dhorizontal (x: Faulttracek)

246  To incorporate the representative scenario depth, a depth-adjusted source-distance metric is
247  calculated as

248 Rproxyi(X) = \/Rtrace,k ()% + hk2
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249  where hx=10 km for the selected scenarios. This metric is used consistently across all scenario
250  sources to generate comparable spatial seismic demand forecasts.

251  For each scenario k, the baseline logarithmic PGA field is computed as

252 le(Jase x)=f1 (Mw,kr Rproxy,k (x), Vs30(x))

253  where Vs3o(X) is the station-informed spatial site-condition field. The corresponding baseline PGA
254  value is obtained as:

255  PGAY™e(x) = exp(vP®€(x))

256 The monitoring-informed updated forecast is obtained by adding the spatial residual field to the
257  baseline scenario demand:

258 y;‘pd(x) = y,l(’ase (x) + ry(x) and PGA}ipd (x) = exp(y,?pd (x)).

259  This updated field combines the scenario source condition, reference ground-motion
260  representation, site-condition descriptor, and observation-derived residual correction. The
261  difference between the updated and baseline demand fields is expressed as a demand escalation
262 index:

263 DEL(x) = 3P (x) — y2%e(x)

264  Because the updating is additive in logarithmic space, DEIk(x) is equivalent to the spatial residual
265  correction applied to the baseline scenario field. Positive values indicate locations where
266  monitoring-informed updating increases forecasted demand relative to the baseline scenario field.

267  3.3. Adaptation-Oriented Forecast Indicators

268  The third stage translates the forecasted demand fields into indicators that support proactive
269  resilience planning. These indicators are not intended to represent direct damage or loss estimates.
270 Instead, they identify areas where forecasted seismic demand is elevated, persistent, scenario-
271  sensitive, spatially concentrated, or associated with higher updating uncertainty.

272 For a selected demand threshold PGA., the high-demand domain under scenario K is defined as:

1, PGAY?(x) = PGA,

273 H.(x) =
() {o, PGAY?(x) < PGA,

274  The high-demand threshold, PGA., is defined as the 80th percentile of all monitoring-updated PGA

275  values pooled across the five scenario fields and all prediction-grid locations. This percentile-based

276  definition identifies the upper-demand portion of the scenario ensemble and provides a common

277  threshold for persistence, connected-domain, and exceedance-probability analyses.
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278  The persistence of high-demand behavior across all scenarios is then quantified as:
1k
279 P(x) = Xk=1 Hie(x)

280  where K is the number of earthquake scenarios. Values of P(x) close to 1 indicate locations that
281  repeatedly fall within high-demand zones across multiple scenarios.

282  Scenario sensitivity is evaluated from the variability of updated logarithmic PGA forecasts across
283  the scenario set:

284  SS(x) = std(yfpd(x),y;‘pd(x),..., y,?pd ()

285  High values of SS(x) indicate locations where the forecasted demand is strongly controlled by the
286  selected earthquake source.

287 A monitoring / inspection priority indicator is defined by combining normalized forecasted demand
288  and normalized residual variability:

289  MPI(x) = wi.y "Pr(x) + w,. 64(x)

290  where y~*Pt(x) is the normalized mean updated logarithmic demand across scenarios, &;(x) is the
291 normalized residual-variability field, and wi and w. are weighting factors. In the baseline
292  implementation, w1=0.60 and w»=0.40, giving greater weight to expected demand while retaining
293  the uncertainty contribution from residual variability. High MPI values identify locations where
294  elevated demand and higher updating variability coincide, making them candidates for intensified
295  monitoring, rapid inspection planning, or further site-specific evaluation.

296  Finally, grid points are ranked according to their updated demand values under each scenario. The
297  variability of these ranks across scenarios is used to evaluate whether a location remains
298  consistently important or whether its relative criticality changes with the assumed source
299  configuration. Rank-stable locations remain high-priority across scenarios, whereas high rank-
300 variability locations are interpreted as source-sensitive.

301  3.4. Robustness, Uncertainty Propagation and Model-Version Tracking

302  Beyond the baseline scenario forecasts and adaptation-oriented indicators, three additional analyses
303 are conducted to evaluate the stability, uncertainty and updateability of the proposed workflow.
304 These analyses are designed to test whether the spatial indicators depend strongly on threshold
305  selection or priority-index weighting, whether high-demand domains form coherent spatial
306  structures, how residual variability affects exceedance interpretation, and how the monitoring-
307 informed representation evolves as the strong-motion archive expands.

308  First, threshold sensitivity is evaluated by repeating the high-demand classification using multiple
309 percentile-based and fixed PGA thresholds. The percentile thresholds include the 70th, 75th, 80th,
310 85th and 90th percentiles of all monitoring-updated scenario PGA values. Fixed thresholds of 150,
311 200 and 250 are also tested. For each threshold, the high-demand domains, persistence values and

10
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312  high-demand grid fractions are recalculated. This provides a robustness check on whether
313 persistent demand patterns are specific to a single threshold or remain visible under alternative
314  demand definitions.

315  Second, the sensitivity of the monitoring / inspection priority indicator to the weighting scheme is
316  evaluated. The baseline MPI uses a demand-dominant weighting of w1=0.60 and w.=0.40, where
317  wi is assigned to normalized updated demand and w; to normalized residual variability. To test the
318  stability of the priority structure, the following alternative weight combinations are considered:
319  (wi,w2)€{(0.80,0.20),(0.60,0.40),(0.50,0.50),(0.40,0.60),(0.20,0.80).

320

321 The resulting MPI rankings are compared with the baseline configuration using Spearman rank
322  correlation and top-10% priority overlap. This test evaluates whether monitoring / inspection
323 priority regions remain stable under alternative planning preferences.

324  Third, the spatial concentration of high-demand domains is evaluated using connected-component
325  analysis. For each scenario and threshold, the binary high-demand field is converted into connected
326  regions on the prediction grid. The number of connected components, high-demand grid fraction,
327 largest component size, largest component ratio and component fragmentation are computed.
328  These metrics distinguish spatially coherent high-demand domains from fragmented or isolated
329  exceedance patterns.

330 To incorporate residual variability into uncertainty-aware spatial interpretation, Monte Carlo
331 simulations are performed for each scenario. For each grid point and scenario, the updated
332 logarithmic demand is treated as the mean of a residual-variability-based distribution:

333 YP(x) = yP3e(x) + 15(x) + €(x)

334  where:

335 €(x)~N(0,05(x)?)

336 and os(x) is the residual-variability field. When available, the Gaussian-process benchmark
337  uncertainty is combined with the residual-variability field to obtain a conservative uncertainty

338 layer. For each scenario, multiple realizations of YM¢(x) are generated and transformed into PGA
339  space:

340  PGAYC(x) = exp(YM¢(x))
341  The exceedance probability for the selected threshold PGA. is then computed as:

302 Poe () = 5 — S 1(PGAYG, () 2 PGA,

m=1

343  where Nmc is the number of Monte Carlo realizations and () is the indicator function. This
344  produces scenario-specific exceedance-probability maps and summary measures such as mean
345  exceedance probability, maximum exceedance probability, and the fraction of grid points with
346  exceedance probability greater than selected probability levels.
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347  Finally, a cumulative model-version tracking experiment is performed to evaluate how the
348  monitoring-informed regional demand representation evolves as new records become available.
349  The event catalogue is divided into cumulative model versions according to the end years 2010,
350 2015, 2020 and 2025. Each version includes all usable records up to the corresponding end year:

351 D, ={dj:year; <Y}

352 where Dy is the cumulative dataset for model version v and Yy is the corresponding end year. For
353  each model version, the reference ground-motion representation is refitted, event—station residuals
354  are recalculated, station-level residual tendencies are reconstructed, and a new spatial residual
355  correction layer is generated. The scenario forecasts and adaptation-oriented indicators are then
356  regenerated for each version.

357  Sequential update metrics are computed between consecutive model versions. For two consecutive
358  versions v—1 and v, the residual-field change is quantified as:

1
359 ArMSE = J;Z;;:l[rs,vx(g) — Tsp-1x(g)]?

360
361  where G is the number of grid points. Similarly, the change in the monitoring-priority indicator is
362  quantified as:

363 AMPIRMSE = J%Zgzl[MPlvx(g)—MPIU_lx(g)]Z

364

365  The Spearman rank correlation between consecutive MPI fields and the overlap of the top 10%
366  priority grid points are also computed. These metrics indicate whether updated monitoring records
367  substantially modify the regional priority structure or whether the representation stabilizes as the
368 archive becomes denser. The main methodological quantities used in the workflow are summarized
369 in Table 2.

370
371  Table 2. Summary of methodological quantities used in the sense—forecast—adapt framework.
372
Quantity Definition Interpretation
PGAy
PGANsxPGAgy Geometric mean horizontal PGA
(rap) (yffj?S} - y{{fjged}) Event—station residual
@) station mean residual Station-level correction
(rs(x)) interpolated (7;) Spatial residual correction
(PGAiupd}(x)) (exp (ylgbase}(x) + rs(x))> Updated scenario demand
(P(x)) %Z’k{:l Hi () Persistence
(SS(x)) (std (yl{”pd}, - ,{(upd})) Scenario sensitivity
(MPI(x)) (wiupd}(X) +ws ) Monitoring / inspection priorit
I{y} 2{03sx) g p p y
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Uncertainty-aware exceedance

‘ (Poxc e (x) Monte Carlo exceedance probability indicator

373 The following section applies this workflow to the izmir Basin monitoring dataset and the five
374  dissolved scenario sources defined in Section 2. The results are presented in the same sequence as
375  the methodological framework: first, the reference ground-motion representation and residual
376  correction layer are evaluated; second, the spatial residual surface is validated and benchmarked,;
377  third, baseline and monitoring-updated scenario forecasts are compared; and finally, the
378  adaptation-oriented indicators, robustness checks, model-version tracking and Monte Carlo
379  exceedance-probability outputs are interpreted in terms of proactive resilience planning.

380 4. Results
381  4.1. Reference Model, Residual Correction and Spatial Validation

382  The reference ground-motion representation was fitted using 37,077 usable event-station records
383  obtained from 119 strong-motion stations and 2,974 earthquake events. The model explains a
384  substantial part of the logarithmic variability in horizontal PGA, with an R? value of 0.633. The
385 logarithmic RMSE and MAE are 0.801 and 0.622, respectively. The mean residual is close to zero,
386 indicating that the reference representation provides a balanced baseline at the dataset scale. The
387  residual standard deviation is 0.800, reflecting the expected variability of regional ground-motion
388  observations. The performance metrics are summarized in Table 3.

389  Table 3. Performance of the reference ground-motion representation

Metric Value

Number of usable records 37,077
Number of stations 119

Number of events 2,974

(R?), log scale 0.633

RMSE, log scale 0.801

MAE, log scale 0.622

Mean residual 0.025

Residual standard deviation 0.800

390 Before using the residuals as monitoring-informed updating quantities, the fitted reference model
391 was examined for physical plausibility. This check is important because the residual correction
392 layer is meaningful only if the reference model captures the main first-order controls on ground-
393  motion intensity in a consistent manner. The scaled coefficients show the expected directional
394  behavior: the magnitude term is positive, indicating larger predicted PGA for larger events,
395  whereas the distance-related terms are negative, reflecting attenuation with increasing source-to-
396  site distance. The Vs3o-related coefficient is also negative, meaning that, within the fitted log-linear
397  structure, stiffer site conditions are associated with lower predicted PGA. These coefficient signs
398 indicate that the reference model provides a physically reasonable baseline for residual
399  construction, although it is not intended to replace a full ground-motion prediction equation.
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400 The event-station residuals were then aggregated at the station level and interpolated over the
401  prediction domain to obtain the monitoring-informed spatial residual correction field. A total of
402 108 stations satisfied the minimum-record requirement and were used for spatial updating. The
403  station-level mean residuals range from -0.790 to 2.867, with an average of 0.163 and a median of
404  0.122. Over the prediction grid, the interpolated residual field ranges from -0.786 to 0.537, with a
405  mean value of -0.036 and a median value close to zero. This indicates that the regional correction
406  field contains both positive and negative deviations relative to the reference ground-motion
407  representation.
Monitoring-informed spatial residual field
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409  Figure 3. Monitoring-informed spatial residual field derived from station-level residuals.
410 In addition to the mean residual correction field, a residual-variability field was constructed by
411  interpolating the station-level residual standard deviations over the same prediction grid. While the
412 mean residual field provides the demand adjustment applied to the baseline scenario forecasts, the
413  residual-variability field represents the spatial distribution of remaining uncertainty in the
414  monitoring-derived correction. This variability field has a mean value of 0.663 and ranges from
415  0.553 to 0.955 over the grid. It is therefore used not as a direct PGA correction, but as an
416  uncertainty-related layer in the monitoring / inspection priority indicator and in the Monte Carlo
417  exceedance-probability analysis.
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418  Toevaluate the spatial reliability of the residual correction layer, a leave-one-station-out diagnostic
419  validation was performed. In this test, each station is omitted in turn, the residual surface is
420  reconstructed using the remaining stations, and the residual tendency at the omitted station is
421  predicted. The IDW residual surface was also compared with a Gaussian-process benchmark
422  surface. The validation results are summarized in Table 4.

423 Table 4. Leave-one-station-out diagnostic validation of the spatial residual correction layer.

Method RMSE MAE Bias sPe?;;"a"
IDW 0.405 0.319 0.04 0.227
Gaussian process 0.379 0.297 0.002 0.166

424  The Gaussian-process benchmark slightly reduces RMSE and MAE relative to IDW and produces
425  an almost zero bias. However, both methods show limited rank association with the observed
426  station residuals, indicating that station-level residual tendencies are difficult to predict precisely
427  from spatial position alone. This is expected because residuals represent the remaining unexplained
428  component after accounting for magnitude, distance and site-condition effects. Therefore, the
429  residual surface is not interpreted as a high-precision local residual predictor. Instead, it is used as
430 alow-bias regional correction layer for monitoring-informed scenario forecasting.

431  4.2. Scenario-Based Spatial Demand Forecasts

432  The five representative active-fault scenario sources were used to generate baseline and
433 monitoring-updated PGA forecasts over the prediction grid. The scenario sources were selected
434  from mapped active fault systems around the izmir Basin, consistent with national active-fault
435  inventories and regional tectonic studies of the Izmir Gulf and surrounding fault zones (Emre et
436 al., 2013; Coskun et al., 2017; Ozener et al., 2013; Sengdemen Gegkin et al., 2021). For each
437  scenario, the baseline field was computed using the assigned magnitude, the depth-adjusted source-
438  distance proxy, and the station-informed Vsszo field. The monitoring-updated field was then
439  obtained by adding the spatial residual correction layer to the baseline logarithmic PGA field.

440  The scenario forecast summary is given in Table 5. The results show clear differences among the
441  five source configurations. The Tuzla Fault scenario, S3, produces the highest mean monitoring-
442  updated PGA, with a mean value of 367.10 and a maximum value of 1433.05. The Yenifoga Fault
443  scenario, S5, produces the second highest mean updated PGA, with a mean value of 204.79 and a
444  maximum value of 979.32. The Izmir Fault, Seferihisar Fault, and Giilbahce Fault Zone scenarios
445  produce lower mean updated PGA values, but still generate localized high-demand areas.

446

447

448

449
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450

451  Table 5. Summary of baseline and monitoring-updated PGA forecasts for the five dissolved
452 scenario sources.

Mean Max Mean Max High-
Scenario Source Mw baseline baseline updated updated derr?and
PGA PGA PGA PGA i 159
(cm/s?) (cm/s?) (cm/s?) (cm/s?) J °
s1 izmir Fault 6.5 197.13 770.46 188.69 843.83 14.1
52 Se?;:;far 6.6 181.69 544.46 182.87 576.79 13.7
s3 Tuzla Fault 7 368.47 1563.1 367.1 1433.05 42.9
s4 Gulbahge 6.6 144.62 562.18 146.95 599.78 11.4
Fault Zone
S5 YeFr;'Z‘I)tca 6.8 218.55 1055.47 204.79 979.32 17.9

453  The comparison between baseline and monitoring-updated values in Table 5 demonstrates the
454  hybrid nature of the forecast product. The baseline forecasts reflect the assigned magnitude,
455  dissolved source geometry, depth-adjusted distance structure, and station-informed site
456  representation. The updated forecasts retain this source-controlled structure but modify the spatial
457  demand levels according to the monitoring-derived residual correction layer. The residual update
458  slightly reduces the mean PGA in S1, S3, and S5, while slightly increasing it in S2 and S4. This
459  behavior reflects the spatial interaction between the source-controlled baseline field and the
460  observation-derived correction layer. Overall, S3 remains the dominant scenario in both baseline
461  and updated forms, indicating that the Tuzla Fault source configuration produces the broadest and
462  strongest demand footprint among the selected scenarios.

463  The high-demand grid ratio further distinguishes the scenarios. Using the common p80 high-
464  demand threshold, the Tuzla Fault scenario classifies 42.9% of the grid as high demand, indicating
465  the broadest spatial influence among the selected scenarios. The Yenifoga Fault scenario follows
466  with 17.9%. The Izmir Fault, Seferihisar Fault, and Giilbahge Fault Zone scenarios produce high-
467  demand grid ratios of 14.1%, 13.7%, and 11.4%, respectively. These results show that the spatial
468  extent of high-demand areas is strongly scenario-dependent.

469  The spatial distribution of the monitoring-updated PGA field for the Tuzla Fault scenario is shown
470 in Figure 4. This scenario produces the highest mean and maximum updated PGA values among
471 the five source configurations and therefore provides a representative example of the strongest
472 scenario-controlled demand pattern. The map illustrates how the monitoring-updated demand field
473 is not only controlled by the source geometry, but also shaped by the spatial residual correction
474 layer derived from accumulated strong-motion observations.

475
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Monitoring-updated PGA forecast for the Tuzla Fault scenario
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477  Figure 4. Monitoring-updated PGA forecast for the Tuzla Fault scenario.

478  4.3. Adaptation-Oriented Indicators and Robustness Checks

479  High-demand zones were identified using the 80th percentile of all updated scenario PGA values
480  as the demand threshold. The threshold value and the resulting summary statistics for persistence,
481  scenario sensitivity, and monitoring priority are reported in Table 6. For each scenario, grid points
482  exceeding this value were classified as high-demand locations. The persistence indicator was then
483  computed as the fraction of scenarios in which each grid point exceeded the threshold.

484

485

486
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487  Table 6. Summary of persistence, scenario sensitivity, and priority indicators

Indicator Value
High-demand threshold, (PGA.) 334.26
Threshold mode 80th percentile
Number of grid points 1,638
Mean persistence 0.2
Maximum persistence 0.8
Mean scenario sensitivity 0.487
Maximum scenario sensitivity 0.96
Mean monitoring priority indicator, MPI 0.419
Maximum monitoring priority indicator, MPI 0.937

488  The mean persistence value over the grid is 0.200, while the maximum persistence value is 0.800.
489  Since five scenarios are considered, a maximum persistence of 0.800 indicates that some locations
490  exceed the high-demand threshold in four of the five source scenarios. The spatial pattern of this
491 indicator is shown in Figure 5a. Higher persistence values identify locations that repeatedly fall
492 within the upper-demand class across the scenario set, whereas lower values indicate areas that
493 become critical only under fewer source configurations.

494  Scenario sensitivity was evaluated using the standard deviation of updated logarithmic PGA
495  forecasts across the five scenarios. The mean scenario sensitivity is 0.487, and the maximum value
496 is 0.960. Its spatial distribution is shown in Figure 5b. In contrast to the persistence map, which
497  highlights repeatedly critical zones, the scenario-sensitivity map identifies areas where forecasted
498  demand changes strongly depending on the assumed earthquake source. These areas are important
499  for what-if forecasting because they cannot be represented adequately by a single deterministic
500 demand field.

501  The monitoring / inspection priority indicator combines normalized mean updated demand and
502 normalized residual variability. In the baseline implementation, the demand component is assigned
503 aweight of 0.60 and the residual-variability component a weight of 0.40. The resulting MPI field
504 is shown in Figure 5c. High-MPI zones indicate locations where elevated forecast demand
505  coincides with higher updating variability. The MPI values have a mean of 0.419 and reach a
506 maximum of 0.937, suggesting candidate areas for intensified monitoring, rapid inspection
507 planning, or more detailed site-specific assessment.
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(a) Persistent high-demand zones (PGA. = 334.26 cm/s?) (b) Scenario sensitivity of updated logarithmic PGA forecasts
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509  Figure 5. Adaptation-oriented spatial indicators derived from the monitoring-updated scenario
510 forecasts: (a) persistent high-demand zones based on the common p80 threshold, PGA:=334.26
511 cm/s?% (b) scenario sensitivity of updated logarithmic PGA forecasts; and (c¢) monitoring /
512  inspection priority indicator combining normalized updated demand and residual variability.
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Grid-normalized rank variability of critical demand locations

1.0

Aliaga
o0 000000 E 9000000000000
eeeccscceee sc0eec0ccccecccecee

00000000 PO 000000 OOOONONONONNININPS
OO0 000000 OCOOSNSDPS 00000 OOGIOGNOOOONONONOEOINTOIDS A
0000000000000 ©eccccccs00000000see
0000000000000 0d00000000000000000000000
.......“ﬁ.... P9 0000 000OCOCPOGNOGIOSONONONONONONOGNONDPS \-0'8
ev0o0oofRecoccechpocccsccccccccscccccosos
0000000000000 000000000000O0FKCKCNCNNN

00 c0cvc0s000co o AR AN® uo-ha"'sa
©e00sccccccccsccemoenc e
eess00000000p0000000
sceee
xrrx

Z=p

g

o0 0000 00000000000
P00 00000000 OGOSNNNOGNONONOGOSNONONDS
0000000000000 000000O0O
P90 0000000 000NONNONNOGNONOSNOGNINDS 0.6

L]

L]

L]

L]

L)

©0 000 0O0OCOOOOOONOGOIOGIOINOSNOIDS L]
...l......’...........ém
.

°

(]

L)

CICRCC I SN N )
000000000
C O IR BY NI N )

LN
L
LN
LA
LN
LN
LN
LN
Ae
® 0

A

©00 0000000000000 000000
00000000000 0000C0CFOCOINOGNIIDS

0000000000000 0000OCOCON

Aegean Sea -ooooooooooohmkw
eooe 5000000007 00

®

L

LN

LRGN BN Y ) 0.4
LN

°

00000000
000000000

®
@
o
&
®
L ]
L ]
L ]
Grid-normalized rank variability [0-1]

0.2

0000000000000 00
©@ece0000000000000
L Peoececcsccccscsce

L]
L]
L]
LU L B BB B N

=== Selected scenario faults 0.0
A Stations

513 Basemap: © OpenStreetMap contributors © CARTO

514  Figure 6. Rank variability of critical demand locations across the selected earthquake scenarios.

515 Rank variability (Figure 6) was also evaluated by ranking grid points according to their updated
516  PGA values under each scenario and measuring the variability of these ranks across the scenario
517 set. This indicator complements persistence and scenario sensitivity by distinguishing locations
518  whose relative demand ranking remains stable from those whose relative importance changes with
519  source configuration. Because rank variability provides a secondary interpretation of scenario
520 dependence, it is retained as a supporting output rather than as a primary adaptation indicator.

521  Robustness checks were then performed for the demand threshold, priority-index weighting, and
522  spatial concentration of high-demand zones. Threshold sensitivity shows that mean persistence
523  decreases as the threshold becomes more restrictive, but maximum persistence remains 0.800 up
524  to the p80 threshold and remains 0.600 at p90. This indicates that a core set of locations remains
525  repeatedly critical even under stricter high-demand definitions.
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526  Table 7. Robustness summary for threshold selection and MPI weighting

Test Main result
Maximum persistence remains 0.800 up to p80
and 0.600 at p90
Maximum persistence reaches 1.000 at fixed
thresholds of 150 and 200 cm/s?

Threshold sensitivity

Fixed PGA thresholds

MPI 0.80/0.20 Spearman = 0.985; top-10% overlap = 0.908
MPI10.50/0.50 Spearman = 0.977; top-10% overlap = 0.865
MPI10.40/0.60 Spearman = 0.891; top-10% overlap = 0.589
MP10.20/0.80 Spearman = 0.519; top-10% overlap = 0.356

527  The MPI weight-sensitivity results indicate that priority rankings remain highly stable when
528 demand and residual variability are assigned comparable or demand-dominant weights. However,
529  strongly uncertainty-dominant weighting substantially modifies the top-priority set. This suggests
530 that the MPI can be adapted to different planning preferences while retaining stable priority
531  structure for the baseline and balanced configurations.

532 As a compact spatial-organization check, connected-component analysis was also applied to the
533  binary high-demand fields. At the p80 threshold, all five scenario fields produce high-demand
534  domains dominated by a single connected component, with a largest component ratio of 1.000 in
535  each case. The corresponding high-demand grid fractions are 0.141 for S1, 0.137 for S2, 0.429 for
536 S3, 0.114 for S4, and 0.179 for S5. This indicates that high-demand zones form coherent
537  exceedance regions rather than isolated grid-cell anomalies. This check is used here only as a
538  supporting spatial concentration indicator within the resilience-oriented workflow.

539  Together, the persistence, scenario-sensitivity, MPI, rank-variability, and robustness outputs
540 translate the monitoring-updated demand fields into adaptation-oriented spatial information.
541  Persistent zones represent stable priorities across the scenario set, scenario-sensitive zones identify
542  locations whose criticality depends on the assumed source configuration, and MPI highlights areas
543  where elevated demand and residual variability coincide.

544 4.4, Digital-Twin-Oriented Updating and Uncertainty Propagation

545  To evaluate the updateability of the proposed workflow, the monitoring archive was divided into
546  cumulative model versions ending in 2010, 2015, 2020, and 2025. For each version, the reference
547  ground-motion representation, station-level residuals, spatial residual field, scenario forecasts, and
548  monitoring-priority indicators were recomputed. This analysis evaluates how the monitoring-
549 informed regional demand representation evolves as the observation archive expands. The model-
550  version results are summarized in Table 8.

551
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552  Table 8. Digital-twin-oriented model-version tracking.
Spatial MPI
Version Period Records | Stations Events (RA2) RMSE update mean MPI max
stations
vl 1977- 632 55 311 0.554 0.937 19 0.546 0.883
2010
1977-
v2 2015 4,413 102 933 0.674 0.829 88 0.503 0.811
1977-
v3 2020 29,906 117 2,537 0.63 0.804 106 0.418 0.948
1977-
vé 2035 37,077 119 2,974 0.633 0.801 108 0.419 0.937
553  The number of usable records increases from 632 in the first version to 37,077 in the final version.
554  The number of stations increases from 55 to 119, while the number of spatial-update stations
555 increases from 19 to 108. Model performance also improves from the first to the final version, with
556  RMSE decreasing from 0.937 to 0.801. The final two versions have very similar RMSE values,
557 indicating that the reference representation becomes increasingly stable as the archive matures.
558  The sequential update log in Table 9 shows how the regional representation changes as new
559  monitoring records are incorporated.
560 Table 9. Sequential update log for the digital-twin-oriented model versions.
Transition Records Residual delta MPI delta MPI rank Top 10% MPI
added RMSE RMSE Spearman overlap
vl > v2 3,781 0.209 0.111 0.828 0.675
v2 >3 25,493 0.171 0.122 0.825 0.558
v3 > v4 7,171 0.027 0.011 0.996 0.89
561  The largest changes occur in the earlier updates, when monitoring coverage and event sampling
562  expand substantially. In contrast, the transition from v3 to v4 produces only minor changes. The
563  residual-field delta RMSE decreases to 0.027, the MPI delta RMSE decreases to 0.011, the MPI
564  rank correlation reaches 0.996, and the top-10% priority overlap reaches 0.890. These results
565 indicate that the monitoring-informed priority structure becomes highly stable in the final model
566  version.
567  Uncertainty propagation was evaluated using Monte Carlo simulation of the residual-variability
568 layer. For each scenario, 500 realizations were generated and exceedance probabilities were
569 calculated relative to the p80 high-demand threshold, PGA:=334.26. The Monte Carlo results are
570  summarized in Table 10.
571

22



https://doi.org/10.5194/egusphere-2026-4292
Preprint. Discussion started: 10 August 2026
(© Author(s) 2026. CC BY 4.0 License.

572  Table 10. Monte Carlo uncertainty propagation summary.

EGUsphere\

Scenario Mean Max MC exc'(\e/l::annce excx:);nce Grid fraction Grid fraction
MC PGA PGA " . (Pexc>0.50) (Pexc>0.80)
probability probability
S1 251.6 1194.83 0.218 0.854 0.142 0.007
S2 241.96 810.81 0.216 0.83 0.137 0.001
S3 487.48 | 2035.63 0.452 0.962 0.429 0.162
S4 194.43 823.95 0.155 0.808 0.115 0.001
S5 273.76 1307.11 0.225 0.944 0.179 0.053

573  The Monte Carlo results confirm the deterministic scenario ranking. The Tuzla Fault scenario, S3,
574  remains the dominant source configuration under residual-variability propagation, with the highest
575  mean exceedance probability of 0.452 and the largest fraction of grid points with Pexc>0.50, equal
576  to0 0.429. It also has the largest fraction of grid points with Pexc>0.80, equal to 0.162. The spatial
577  distribution of Pexc,3(x) for this scenario is shown in Figure 7, where elevated exceedance
578  probabilities form a broad footprint over the central and southern parts of the prediction domain.
579  This probability pattern is consistent with the deterministic updated PGA forecast and the

580  persistence structure obtained from the scenario ensemble.
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Monte Carlo exceedance probability for the Tuzla Fault scenario
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Taken together, the digital-twin-oriented model-version tracking and Monte Carlo analyses extend
the sense—forecast—adapt sequence from deterministic scenario mapping toward updateable and
uncertainty-aware interpretation. The cumulative model versions indicate that the regional demand
representation can be progressively revised as additional monitoring records become available,
while the uncertainty propagation analysis illustrates how residual variability can be translated into
probabilistic exceedance information. These results suggest that accumulated strong-motion
observations can support an updateable, scenario-responsive, and adaptation-oriented spatial
demand representation for proactive seismic resilience planning.

The central implication of this study is the repositioning of strong-motion monitoring data from
retrospective observation toward proactive scenario updating. Instead of using recorded motions
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594  only as event-specific measurements or post-event constraints, the proposed workflow converts
595  station-level residual tendencies into a regional correction field that can modify future scenario-
596  based PGA forecasts. This provides an updateable spatial demand representation in which

597 accumulated monitoring records inform not only what has happened, but also how alternative
598 future earthquake scenarios may be interpreted for resilience planning.

599  5.1. Field-Based Interpretation of Scenario Demand

600  Ground-motion prediction is commonly evaluated at individual sites, whereas regional resilience
601  problems are inherently spatial. The results of this study indicate that the interpretation of seismic
602 demand changes when the output is treated as a spatial field rather than as a set of independent
603  station-level estimates. The selected scenarios differ not only in their mean and maximum PGA
604  values, but also in the spatial extent and organization of elevated demand. The high-demand grid
605  ratios show that the Tuzla Fault scenario generates the broadest high-demand footprint, followed
606 by the Yenifoca Fault scenario, whereas the izmir, Seferihisar, and Giilbahge scenarios produce
607  more localized high-demand patterns. These source-dependent differences should be viewed within
608  the broader tectonic setting of Tiirkiye, where rotation of the proposed deep structure has been
609 linked to the accumulation of geodynamic stress, particularly in interpretations of the 2023 eastern
610  Tirkiye earthquake sequence (Eppelbaum et al., 2024).

611  This finding is consistent with the broader literature on spatially correlated ground-motion fields.
612  Previous studies have shown that spatial correlation of ground-motion residuals can significantly
613  affect regional hazard and portfolio loss estimates because nearby sites do not respond
614  independently during an earthquake (Jayaram and Baker, 2009). More recent studies further
615  emphasize that spatial correlation may be influenced by source, path, and site effects, and that
616  spatially coherent ground-motion fields are essential for regional seismic risk interpretation (Chen
617  and Baker, 2019; Schiappapietra and Douglas, 2020; Bodenmann et al., 2023). The present study
618  builds on this spatial-field perspective, but uses it in a forecasting-oriented manner. The objective
619 is not to estimate a new spatial correlation model, but to update, compare, and interpret scenario-
620  dependent demand fields for proactive resilience planning.

621  The connected-component results provide a supporting spatial-organization check within this field-
622  based interpretation. At the pso threshold, the high-demand regions are dominated by a main
623  connected footprint rather than by isolated grid-cell anomalies. This supports the interpretation that
624  the scenario forecasts produce spatially coherent high-demand domains. However, connectedness
625 is used here only as a concentration indicator; a detailed analysis of fragmentation, spanning, or
626  threshold-transition behavior is beyond the scope of the present study.

627 5.2. Role and Interpretation of the Residual Updating Layer

628 A central feature of the proposed framework is the use of monitoring-derived residuals as an
629  updateable regional correction layer. The reference ground-motion representation provides a
630 transparent baseline for estimating expected PGA from magnitude, source-to-site distance, and
631  site-condition information. Station-level residuals then quantify systematic deviations between
632  recorded and predicted motions. By interpolating these residual tendencies over the prediction
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633  domain, the monitoring archive is converted into a spatial correction field that can be combined
634  with alternative future source scenarios.

635  This interpretation is closely related to recent developments in regionalized and non-ergodic
636  ground-motion modelling. In such approaches, systematic source, path, and site effects are treated
637  as spatially structured components rather than as purely random variability. Spatially varying
638  coefficient models and non-ergodic ground-motion formulations have shown that allowing model
639 terms to vary geographically can capture repeatable regional effects and reduce unexplained
640  variability in ground-motion prediction (Landwehr et al., 2016; Lavrentiadis et al., 2023). Non-
641  ergodic site-response studies similarly emphasize that local recordings can constrain systematic
642  site effects and improve site-specific or region-specific ground-motion estimates (Stewart et al.,
643  2017). The residual layer used in the present study follows the same general motivation: repeated
644  observations are used to identify spatially persistent departures from a reference model.

645  The proposed implementation is intentionally simpler than a full non-ergodic ground-motion
646 model. It does not decompose residuals into separate source, path, and site terms. Instead, it
647  constructs a traceable regional correction surface that can be regenerated as the monitoring archive
648  expands. This design is consistent with the broader idea of continuous model updating, in which
649  ground-motion representations are revised as new observations become available rather than being
650 treated as static models (Stafford, 2019). In the present workflow, updating occurs at the level of
651  spatial residual correction: new strong-motion records can modify station-level residual tendencies,
652  update the residual field, and revise the resulting scenario-based demand forecasts.

653  The leave-one-station-out validation indicates that station-level residual tendencies cannot be
654  predicted with high precision from spatial position alone. This result defines the appropriate
655 interpretation of the residual layer. It should not be viewed as a precise local residual predictor for
656 individual stations. Rather, it functions as a low-bias regional correction layer that transfers
657  accumulated monitoring information into scenario-based spatial demand forecasts.

658  Importantly, the residual correction modifies demand levels without eliminating the primary
659 influence of source configuration. The scenario hierarchy remains physically interpretable after
660 updating, with the strongest demand patterns still governed by the assigned source magnitude,
661 geometry, and distance structure. The monitoring-derived layer therefore acts as an empirical
662  regional adjustment to the source-controlled baseline fields, providing a practical basis for
663  proactive seismic-demand screening.

664  5.3. Adaptation-Oriented Indicators for Proactive Resilience

665  The persistence, scenario-sensitivity, monitoring-priority, and rank-variability indicators constitute
666  the adaptation-oriented layer of the proposed framework. Their main value is that they prevent the
667  forecast ensemble from being reduced to a single deterministic PGA map. A single scenario map
668  may identify where shaking is high under one assumed source, but it cannot distinguish between
669 locations that are repeatedly critical, strongly source-dependent, uncertainty-influenced, or
670 unstable in their relative priority. The proposed indicators make these distinctions explicit and
671 therefore provide an intermediate decision-support layer between seismic monitoring and full
672  regional risk assessment.
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673  This interpretation is aligned with resilience-oriented planning. Seismic resilience is not limited to
674  estimating physical damage; it also involves preparedness, consequence reduction, functionality
675  preservation, and recovery. Bruneau et al. (2003) framed community seismic resilience in terms of
676  reducing failure probabilities, reducing consequences, and reducing recovery time. In this context,
677  the indicators developed here operate upstream of direct damage or loss estimation. They identify
678  where elevated demand, source sensitivity, spatial concentration, and residual variability are
679 located before exposure and vulnerability models are introduced.

680  The proposed workflow therefore complements, rather than replaces, full seismic risk platforms. It
681  provides a demand-side screening layer that can help identify where more detailed vulnerability,
682  exposure, or loss analyses should be prioritized. Such outputs may serve as input or pre-processing
683 information for risk-oriented tools such as OpenQuake, which combine hazard, exposure, and
684  vulnerability models for seismic risk calculation (Silva et al., 2014). In this sense, the framework
685  supports proactive resilience planning by translating monitoring-informed scenario forecasts into
686  spatially explicit prioritization information.

687  5.4. Digital-Twin-Oriented Updating and Uncertainty-Aware Forecasting

688  The model-version tracking experiment provides the updateable component of the proposed
689  workflow. Rather than treating the regional demand model as a static product, the framework
690 allows the reference ground-motion representation, residual correction layer, residual-variability
691 layer, scenario forecasts, and adaptation indicators to be regenerated as the monitoring archive
692  expands. This creates a regional sensing-to-forecasting logic in which each cumulative model
693  version represents an updated virtual description of spatial seismic demand.

694  This interpretation is consistent with recent developments in city, geospatial, and disaster-risk
695  digital twins. City digital twins have been discussed as tools for urban resilience because they can
696 integrate heterogeneous spatial data, support scenario exploration, and improve the communication
697  of risk-relevant information to decision-makers (Therias and Rafiee, 2023). Disaster-risk twinning
698  studies similarly emphasize dynamic data integration, virtual representation, uncertainty
699  communication, and decision-support outputs for managing hazard-affected environments (Lagap
700 and Ghaffarian, 2024; Wang and Wang, 2025).

701 The present study transfers this logic from individual structural assets to a regional seismic-demand
702  field. The physical system is the izmir Basin and its surrounding active-fault environment. The
703  sensing layer is the strong-motion monitoring archive. The virtual representation consists of the
704  reference ground-motion model, residual correction field, residual-variability layer, and scenario-
705  based PGA fields. The updating mechanism is residual-based monitoring assimilation through
706  cumulative model-version regeneration. The decision layer is represented by persistence, scenario
707  sensitivity, monitoring priority, rank variability, spatial concentration, and exceedance-probability
708  outputs. The correspondence between the proposed workflow and the main digital-twin
709  components is summarized in Table 11.

710

711
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712  Table 11. Digital-twin interpretation of the proposed monitoring-informed seismic-demand
713 forecasting workflow.

Digital-twin component Implementation in the present study
izmir Basin, surrounding active-fault environment,
and regional strong-motion monitoring network
Accumulated event—station strong-motion
records, station metadata, and Vs30 information
Reference ground-motion representation, residual
Digital / virtual system correction field, residual-variability field, and
scenario-based PGA fields
Residual-based monitoring assimilation and
cumulative model-version regeneration
Scenario PGA forecasts, persistence, scenario
Virtual-to-physical forecasting / decision support sensitivity, monitoring priority, rank variability,
spatial concentration, and exceedance probability
Residual-variability layer, Monte Carlo uncertainty
propagation, and exceedance-probability mapping
Monitoring or inspection priority and identification
of high-demand or high-variability zones
Event-based or near-real-time updating, sensor-
Future operational extension placement optimization, exposure/vulnerability
coupling, and intervention prioritization

Physical system

Sensing layer

Physical-to-virtual updating

Uncertainty representation

Current optimization-related output

714 As shown in Table 11, the proposed workflow should be interpreted as a digital-twin-oriented
715  regional seismic-demand forecasting framework rather than as a fully operational real-time digital
716  twin. It implements two core functions of a digital-twin logic: physical-to-virtual updating through
717  monitoring-derived residual assimilation, and virtual-to-physical decision support through scenario
718  forecasts and adaptation indicators. Real-time streaming, automated sensor-placement
719  optimization, exposure/vulnerability coupling, and optimization-based intervention planning
720  remain future operational extensions.

721 The sequential model-version results indicate that this virtual demand representation becomes more
722  stable as the monitoring archive expands. The largest changes occur between earlier model
723 versions, when the number of records and spatial-update stations increases substantially. In
724  contrast, the transition from the 2020 version to the 2025 version produces only minor changes,
725  with an MPI rank correlation of 0.996 and a top-10% priority overlap of 0.890. This suggests that
726  the monitoring-informed priority surface stabilizes as the observation archive matures.

727 The Monte Carlo analysis extends the same framework into uncertainty-aware forecasting.
728  Residual variability is propagated into exceedance-probability maps, and the Tuzla Fault scenario
729  remains the dominant source configuration under this uncertainty propagation. The agreement
730  between deterministic ranking and Monte Carlo exceedance results indicates that the main scenario
731 hierarchy is robust with respect to residual variability. At the same time, exceedance-probability
732 maps communicate the demand footprint in a form that is more directly interpretable for planning
733 than deterministic PGA values alone.

28



https://doi.org/10.5194/egusphere-2026-4292
Preprint. Discussion started: 10 August 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

734  Together, the model-version tracking and Monte Carlo analyses show how the proposed workflow
735  can be updated and interpreted under uncertainty. New records can revise the residual correction
736 layer, source scenarios can be re-evaluated, and adaptation indicators can be regenerated
737  accordingly. This supports a basin-scale sense—forecast—adapt logic in which sensing updates the
738  regional demand representation, forecasting evaluates alternative future demand states, and
739  adaptation indicators support proactive resilience planning.

740 5.5. Limitations and Future Extensions

741  The present implementation prioritizes transparency, updateability, and interpretability. For this
742 reason, the reference ground-motion representation is kept parsimonious and uses first-order
743 predictors, including magnitude, source-to-site distance, and VVS30. This design makes the residual
744  updating process traceable and reproducible, but it also limits the level of physical detail
745  represented in the baseline model. Future extensions may incorporate more detailed source, path,
746  and site terms, including basin-depth proxies, frequency-dependent site response, event-specific
747  random effects, spatially varying coefficients, and non-ergodic adjustments.

748  The residual correction layer should be interpreted as a regional screening and forecasting surface
749  rather than as a precise local residual predictor. The leave-one-station-out validation indicates that
750  station-level residual tendencies are difficult to reconstruct from spatial position alone, which is
751  expected because residuals represent the remaining unexplained component after the main ground-
752 motion predictors have been considered. Future implementations may improve this layer by
753  incorporating geological units, basin geometry, station metadata, Bayesian hierarchical residual
754  models, or Gaussian-process formulations with physically informed covariance structures.

755  The scenario sources are represented using dissolved fault traces and a depth-adjusted distance
756  proxy to enable consistent comparison among the selected source configurations. This
757  representation is suitable for the scenario-comparison objective of the present study, but it does not
758  capture the full complexity of earthquake rupture. Further developments may include finite-fault
759  rupture geometry, directivity effects, hypocentre variability, rupture segmentation, magnitude—
760  rupture scaling uncertainty, and alternative source-distance metrics.

761  The uncertainty propagation analysis focuses on residual variability and translates this information
762 into exceedance-probability maps. This provides an uncertainty-aware interpretation of the
763  forecasted demand fields, but it does not exhaust the full uncertainty space. Future work may
764  broaden the uncertainty treatment by incorporating alternative source models, epistemic
765  uncertainty in ground-motion modelling, site-response uncertainty, and spatially correlated
766  random-field simulations.

767  Finally, the adaptation-oriented indicators are intended to support screening, prioritization, and
768  proactive planning, not to replace exposure, vulnerability, damage, or loss modelling. Direct
769 integration with exposure, vulnerability, lifeline dependency, and recovery models would extend
770 the workflow from spatial demand forecasting toward full resilience quantification. Such
771 developments would allow the sense—forecast—adapt framework to support both early-stage
772 regional prioritization and more detailed operational decision-support applications.
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773 6. Conclusions

774  This study developed a monitoring-informed sense—forecast—adapt workflow for spatial seismic-
775  demand forecasting in the Izmir Basin. The proposed framework converts accumulated strong-
776 motion observations into a regional residual correction layer, embeds this layer within active-fault-
777  based scenario forecasts, and translates the resulting demand fields into adaptation-oriented spatial
778 indicators for proactive seismic resilience planning.

779  The results show that regional strong-motion observations can be used as an empirical updating
780 layer for forward scenario forecasting. By aggregating event—station residuals at the station level
781 and interpolating them over the prediction domain, the monitoring archive is transformed into a
782  spatial correction surface that modifies scenario-based demand fields. The leave-one-station-out
783  validation indicates that this residual surface should be interpreted as a regional correction layer
784  rather than as a precise local residual predictor. Its main value lies in transferring accumulated
785  monitoring information into spatial demand forecasts in a traceable and low-bias manner.

786  The scenario comparison highlights the importance of source configuration in controlling the
787  spatial footprint of forecasted demand. Among the five scenario sources, the Tuzla Fault scenario
788  consistently produces the strongest and broadest monitoring-updated demand pattern. The
789  Yenifoca Fault scenario represents the main secondary demand case, whereas the Izmir,
790  Seferihisar, and Giilbahge scenarios generate more localized high-demand patterns. These results
791  support the use of multiple physically interpretable source scenarios when evaluating regional
792  seismic-demand fields.

793  The adaptation-oriented indicators provide information beyond that available from deterministic
794 PGA maps alone. Persistence, scenario sensitivity, monitoring / inspection priority, rank
795  variability, and spatial concentration metrics distinguish locations that are repeatedly critical,
796  source-dependent, uncertainty-influenced, or spatially coherent. The robustness analyses further
797 indicate that the main spatial interpretations remain stable under reasonable changes in threshold
798  selection and priority-index weighting, while the connected-component check shows that high-
799  demand areas form coherent spatial footprints rather than isolated grid-cell anomalies.

800  The cumulative model-version experiment supports the updateable character of the workflow. As
801 the monitoring archive expands, the residual and priority fields evolve and become increasingly
802  stable in the most recent model versions. This provides a digital-twin-oriented interpretation of the
803  framework, in which the regional virtual demand representation can be revised as new strong-
804  motion records become available. The Monte Carlo simulations further extend the workflow into
805  uncertainty-aware forecasting by translating residual variability into exceedance-probability maps.
806  The resulting probabilistic outputs preserve the main deterministic scenario hierarchy, with the
807  Tuzla Fault scenario remaining the dominant source configuration.

808  Overall, the study shows that monitoring-derived residual updating, scenario-based demand
809  forecasting, adaptation-oriented indicators, model-version tracking, and exceedance-probability
810  mapping can be integrated into a single field-based workflow. The proposed approach provides an
811 updateable basis for identifying persistent, source-sensitive, spatially coherent, and uncertainty-
812 influenced seismic-demand zones in monitored basin environments. In this form, the workflow can
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813  support proactive seismic resilience planning by linking regional monitoring archives with future
814  scenario evaluation and spatial decision-support indicators.
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