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Abstract 7 

The geometry of faults system has a strong influence on the extent of earthquake 8 

ruptures and may also affect earthquake predictability. Here, we explore this issue based on 9 

long-term earthquake rupture sequence simulations and using a slip-deficit-based forecasting 10 

method. Our numerical simulations are tuned to the Sagaing Fault system in Myanmar. They 11 

account for the observed fault geometry, including fault bends and branches, and assume that 12 

fault slip is governed by rate and state friction. We investigated a range of friction parameters 13 

and found that certain combinations of parameters could produce sequences that resemble the 14 

historical record, including the Mw 7.7 2025 Mandalay Earthquake. The simulation produces 15 

successive ruptures with variable extents and slip distributions that occur irregularly. We find 16 

that ruptures can be reasonably well predicted based on the slip-deficit distribution, provided 17 

that the slip deficit is integrated over a period exceeding the return period of the larger events. 18 

Predictability tends to be better in simpler fault geometries, but it diminishes significantly in 19 

complex fault zones. Our research indicates that fault geometry strongly affects earthquake 20 

predictability, suggesting that effective earthquake forecasting should incorporate more 21 

comprehensive approaches that account for the complex loading and interaction driven by 22 

fault geometry.  23 

  24 



Forecasting large natural earthquakes remains a daunting challenge in earthquake 25 

science. One well-identified factor limiting predictability is that stress redistribution within a 26 

single fault or within a fault network creates self-sustained complexity and chaotic behavior 27 

(Stein, 1999; Barbot, 2019; Cattania, 2019; Becker, 2000; Liu et al., 2022). This chaotic 28 

behavior is more likely to intensify when fault geometry is complex, since it leads to smaller, 29 

segmented earthquake ruptures (Wesnousky, 2008; King and Nabelek, 1985; Hubbard et al., 30 

2016; Kumar et al., 2025; Wang et al., 2014; Guvercin and Barbot, 2025), which result in 31 

complex interactions among fault segments.  32 

As a matter of fact, smaller earthquakes tend to produce less regular rupture patterns (Griffin 33 

et al., 2020). Larger earthquakes are more periodic, but the path to time-dependent 34 

forecasting of large ordinary earthquakes still remains unclear. A purely statistical approach 35 

based on past records is a possible path forward (Wang et al., 2024; Griffin et al., 2025). 36 

However, this approach is limited for two main reasons: first, the difficulty of precisely 37 

estimating the time, rupture extent, and slip associated with past events; and second, the fact 38 

that these records are often incomplete and short compared to the return period of large 39 

events, which is typically of the order of centuries to millennia. One possible solution is to 40 

assume a time passage model for the return of seismic ruptures and impose the elastic 41 

rebound model (Reid, 1911). Such an approach has been implemented in the seismic hazard 42 

model for California UCERF3 (Field et al., 2015). However, slip is generally poorly 43 

predicted from the elapsed time, and the time of the next rupture is poorly predicted from the 44 

estimated slip in a past event (Murray and Segall, 2002; Konca et al., 2008). Another issue is 45 

that, while slip might show some degree of regularity, segmentation is highly variable and 46 

difficult to assess from paleoseismic records (Weldon et al., 2004; Klinger et al., 2011). How 47 

ruptures return in time and space can’t generally be derived solely from observations. It 48 

would therefore be preferable to ground time-dependent forecasting on physics-based models 49 

that account for fault geometry and yield rupture time series comparable to observations. 50 

Fault geometry clearly plays an important role in controlling the extent of earthquake 51 

ruptures (e.g., Wesnouski and Biasi, 2011; Harris et al., 1991) and fault slip distribution  52 

(Milliner et al., 2022).  53 

Numerical simulations are capable of producing time series of ruptures comparable to 54 

observations. Recent advances in the development of earthquake simulators now allow for 55 

simulations of earthquake sequences in discrete networks of non-planar faults (Tullis et al., 56 

2012; Zielke and Mai, 2023; Im and Avouac, 2024; Cheng et al., 2025). Such simulations can 57 

produce realistic earthquake sequences comparable to observations (Shaw et al., 2018; Liu et 58 

al., 2022; Howarth et al., 2021; Antoine et al., 2025). Numerical simulations therefore hold 59 

potential for assessing earthquake predictability in fault systems with realistic fault geometry 60 

under measurable tectonic loading. 61 

In this study, we leverage the ability to generate long time series of earthquake 62 

sequences with an earthquake simulator to explore the influence of fault complexity on 63 

earthquake rupture sequences and predictability. To assess predictability, we developed a slip-64 

deficit-based forecasting approach. This method builds on Reid’s (1911) elastic rebound 65 

principle (McCann et al., 1979) and the hypothesis that returning large earthquakes on a 66 



given fault are similar (Schwartz and Coppersmith, 1984), and therefore can be predicted 67 

based on the time elapsed since the last rupture. We assume faults embedded in a purely 68 

elastic medium. As a result, earthquake slip over the long term balances the slip deficit 69 

accumulated during the interseismic period. Details of the numerical simulations and the 70 

forecasting method are given in the Method section. The simulations are tuned to the example 71 

of the Sagaing fault (Supplementary Fig. 1), which has produced a M7.7 earthquake (Antoine 72 

et al., 2025) and is relatively well documented from geological, paleoseismological, and 73 

geodetic studies (Wang et al., 2014; Tin et al., 2022). 74 

 75 

Result 76 

Earthquake sequence simulation on the Sagaing Fault 77 

We selected the Sagaing fault as a basis for our analysis. In 2025, a magnitude 7.7 78 

earthquake occurred on that fault, causing significant damage in Myanmar and Thailand 79 

(USGS, 2025; Antoine et al., 2025). While the Sagaing fault zone is predominantly straight, it 80 

features several bends and branches (Fig. 1 and Supplementary Fig. 1). Our simulations use 81 

Quake-DFN, a quasi-dynamic earthquake simulator tailored for complex fault geometries (Im 82 

and Avouac, 2024). Previous research has already shown that such simulations could yield a 83 

spatio-temporal distribution of ruptures akin to the historical record of past events (Antoine et 84 

al., 2025). We conducted 11 simulations (see Supplementary Table 1). Nine of these runs 85 

employed the full fault complexity (Fig. 1c); one simulation excluded the branch faults (Fig. 86 

1b), while another utilized a flat planar fault geometry (Fig. 1a). 87 

The sequence of earthquake ruptures becomes significantly more complex as fault 88 

complexity increases (Fig. 1). For a planar fault geometry, the ruptures are essentially 89 

periodic M7.7 events with few occasional partial ruptures (Fig. 1a). When fault bends are 90 

introduced, the rupture pattern becomes more complex (Fig 1b). In this scenario, the rupture 91 

tends to segment at the bends (e.g., around 400 km in Fig. 1b). As the geometry becomes 92 

increasingly more complex, the rupture sequences become more complex as well, particularly 93 

within the horsetail structure (Fig. 1c, 900–1200 km). The ruptures appear segmented at the 94 

junctions with the fault branches. This segmentation at the branch is attributed to the 95 

partitioning of slip rates at the junction, as the far-field loading is distributed among the main 96 

fault and branches (Supplementary Fig. 2a). Consequently, the rupture behavior becomes 97 

progressively more chaotic and less predictable.  98 

In the nine simulations with varied parameters in a more realistic fault geometry 99 

(Supplementary Fig. 3), we selected one simulation (Fig. 1c) that shows a similar rupture 100 

sequence to the Sagaing fault. This case indicates a recurrence interval of approximately 150 101 

to 200 years, similar to past ruptures along the Sagaing fault (Wang et al., 2014). The roughly 102 

uniform ~3 m slip magnitude (Fig. 2c) and extent are comparable to the 2025 M7.7 Mandalay 103 

earthquake (Antoine et al., 2025). Moreover, the rupture pattern is more complex in regions 104 

characterized by more complicated geometry, as also observed in reality, especially in the 105 

northern area, where the fault geometry is more intricate (Fig. 1c & 2a).  106 



In our simulation, large earthquakes tend to happen on the segment adjacent to where 107 

previous ruptures have arrested. Although this pattern cannot be verified for the Sagaing fault 108 

due to the uncertain rupture extent of past events, it is a well-documented pattern on other 109 

faults, in particular the North Anatolian Fault (Stein et al., 1997). Our simulations show a 110 

notable nucleation phase for most earthquake ruptures (Fig. 2b). A pronounced increase in 111 

slip rate is observed even a year prior to the rupture event. The peak slip rate increased to 42 112 

nm/s (~1.3 m/year) 28 days before the earthquake rupture. The long duration and large size of 113 

the aseismic nucleation process are due to the relatively large value of Dc adopted in our 114 

simulations, chosen for computational efficiency. As a result, our simulations predict mostly 115 

large events (M > 6.5). It is likely that earthquake nucleation may occur at a smaller scale and 116 

for a shorter duration in reality, as no lower limit to the magnitude of natural earthquakes has 117 

yet been observed (Abercrombie et al., 1995).  118 

Note that the synthetic earthquakes in our simulations are neither time-predictable nor 119 

slip-predictable. These two notions, as defined by Shimazaki and Nakata (1980), assume 120 

respectively that either the time of the next event is predictable from the slip in the previous 121 

event, or that the slip in the next event is predictable from the time since the previous rupture. 122 

 123 

Earthquake Forecasting 124 

Our forecast is based on the local slip deficit, which is defined as the difference 125 

between the slip that would have resulted from continuous creep at the long-term slip-rate 126 

(Supplementary Fig. 4-7a, gray line) and the surface slip due to the historical earthquakes 127 

(Supplementary Fig. 4-7a, red line). We make the assumption that past ruptures are known 128 

over a chosen data period, and the tectonic loading rate has been constant. We determine the 129 

upper and lower bounds as ±1.73 times the standard deviation of the time series of slip deficit 130 

over the data period (Fig. 3a, black lines). The determination of these bounds is explained in 131 

the Method section. We focus on forecasting large surface-rupturing strike-slip earthquakes. 132 

Such events typically exceed Mw6 and rupture through the seismogenic zone (0- 15 km in the 133 

case of the Sagaing fault, a value typical of continental strike-slip faults), and have rupture 134 

lengths exceeding 10km (Lavrentiadis et al., 2025).  Similarly, our simulation yields ruptures 135 

that systematically saturate the seismogenic depth and extend laterally for more than 10km.  136 

Accordingly, we assume that if the slip deficit exceeds the upper bound of the slip deficit 137 

over a contiguous segment of at least 10km, the fault is deemed unstable and a surface-138 

rupturing event is predicted there. The predicted slip is the difference between the upper and 139 

lower values of the slip deficit estimated locally (Fig. 3). Once a surface rupture is predicted, 140 

the rupture is assumed to extend along strike to a connected extent where the slip deficit 141 

exceeds one standard deviation (Fig. 3a gray dashed line). For instance, in Fig. 3, this 142 

criterion is satisfied in the range of ~400 km to ~ 850 km. This analysis is conducted along 143 

the entire Sagaing fault length (Fig. 3). Fig. 3&4a show a case example where one of the 144 

larger ruptures, an event similar to the 2025 Mandalay earthquake, is correctly predicted. The 145 

slip distribution within a 30-year period (from 1590 to 1620) is determined based on the slip 146 

deficit accumulated in the previous 200 years (from 1390 to 1590). Notably, the predicted slip 147 



compares well with the large rupture occurring in that time window in our simulation (Fig. 3b 148 

& 4a lower panel).  149 

However, the forecast is not always successful, as a similar analysis conducted 35 150 

years after the mainshock shows (Fig. 4b and Supplementary Fig. 6). The simulation yields 151 

one large and a few smaller earthquakes within the 30-year window, whereas none are 152 

forecasted based on the 200-year-long slip deficit distribution. We note, however, that the 153 

large earthquake is correctly predicted if the slip deficit is calculated over 500 years instead 154 

of 200 years (Supplementary Fig. 7).  155 

When we apply our forecast to, for example, the entire simulation for case 4 (Figure 156 

4c), we find that out of the 148 events observed in the simulation, 118 (80%) are predicted 157 

and 30 are missed (20%). The total seismic moment of the 118 predicted events is 1.11022 158 

N·m, which yields an average Mw of 7.25 for each predicted earthquake. The forecast 159 

predicts 194 windows where events should have been observed, indicating 76 false positives. 160 

We note that all of the false positives are actually forecasts that are too early. Once a window 161 

turns red and no rupture is observed by the end of the 30-year lapse time, it remains red in the 162 

following 30-year period, and a rupture is observed in the following years until an earthquake 163 

happens in the gap.  164 

We analyzed the performance of the forecasting method across all 11 simulation 165 

cases. We varied the duration of the data period used to calculate the slip deficit distribution 166 

from 20 to 500 years, with 30-year sampling intervals throughout the simulation. The forecast 167 

performance is evaluated using the f-score metric (Sasaki, 2007; see Method for details). We 168 

find that the forecast accuracy is significantly influenced by fault complexity and the duration 169 

of the period used to inform the forecast (Fig. 4d). In the simulation with a planar fault, the f-170 

score can exceed 0.9 with sufficiently long data ranges. This is not surprising given the nearly 171 

periodic behavior observed in that case. With a more realistic representation of the Sagaing 172 

fault geometry, the f-score is around 0.6-0.8 when an adequate data time range is used to 173 

inform the forecast. For a time range shorter than 150 years—approximately the earthquake 174 

recurrence interval of the larger events— the accuracy is poor. While the f-score continues to 175 

improve beyond this duration, the improvement is relatively modest.  176 

 177 

Earthquake predictability vs. geometric complexity 178 

The predictability of earthquake recurrence heavily depends on fault complexity. As 179 

shown in Fig. 4c, simpler fault sections tend to produce more regular earthquakes, making 180 

forecasting more effective. This is evident in Fig. 5, where the COV and f-score are estimated 181 

along the fault length. Segments with a simpler fault geometry correspond to lower COV 182 

(indicating more periodic activity) and consequently a higher f-score (around 800 km). The 183 

lowest f-score (< 0.5) occurs in the most complex horsetail structures, near the area of three-184 

fault interaction. As observed in the previous study of actual earthquake sequences (Griffin et 185 

al., 2020), the COV is also dependent on the earthquake magnitude. This is not surprising, 186 

since complex fault zones tend to generate smaller earthquakes (Fig. 6). For example, the 187 

mean magnitude of earthquakes in the simpler fault-geometry area is about Mw 7.53, while in 188 



the horsetail structure area, it is Mw 7.12 (Supplementary Fig. 8). Since the slip-deficit-based 189 

earthquake prediction method heavily relies on the earthquake quasi-periodicity, earthquake 190 

prediction efficiency is strongly dependent on COV, and therefore, fault complexity (Fig. 6).  191 

 192 

Discussion 193 

Other factors that contribute to complexity 194 

This study is focused on the influence of fault geometry on the complexity of 195 

earthquake sequences. While we demonstrated that fault geometry alone can produce realistic 196 

rupture sequences, other factors probably also play an important role in reality. One such 197 

factor is frictional heterogeneity, which can lead to segmentation because recurrence times 198 

vary from creeping to unstable patches, adding to the complexity of rupture sequences 199 

(Kaneko et al., 2010; Chen et al., 2026). Another key element is nucleation length. For this 200 

study, we used a relatively large nucleation length (large Dc) to speed up simulations, but a 201 

smaller nucleation length can introduce complexity even with uniform frictional properties, 202 

generating rupture sequences that include small earthquakes our prediction method could not 203 

capture (Cattania, 2019; Barbot, 2019). Lastly, our models did not include inelastic off-fault 204 

deformation (e.g., Miliner et al., 2025; Antoine et al., 2024), which influences earthquake 205 

characteristics and must occur in reality to dissipate elastic stress buildup at fault kinks or 206 

fault ends, leading to fault growth and variable fault geometry. Off-fault plastic deformation 207 

and fault propagation would add complexity to rupture sequence, especially for long-term 208 

earthquake sequence modeling. While the primary focus of this study is on fault geometry, 209 

these other factors can independently contribute to more complex rupture sequences.  210 

 211 

Slip-deficit-based earthquake prediction 212 

Our study presents an approach to time-dependent earthquake forecasting based on 213 

the slip-deficit distribution. The forecast is informed by the knowledge of past ruptures, as 214 

could be inferred from historical accounts or paleoseismic investigations. Our approach 215 

shares similarity with the forecast based on the seismic gap hypothesis (McCann et al., 1979) 216 

and the time-dependent rupture forecast study in California (Field et al., 2015), but differs in 217 

that it is based not only on the time since the previous ruptures but on the slip-deficit 218 

integrated over the entire duration of the data period, i.e., the duration of the catalog of 219 

historical or paleoseismic events. By applying the method to a synthetic catalog generated by 220 

an earthquake simulator tuned to the Sagaing fault, we find that a satisfying forecast is 221 

obtained when fault complexity is simple.  222 

Our simulations, however, reveal limitations of slip-deficit-based earthquake 223 

prediction in the case of complex fault geometries. Even with the simplified fault geometry 224 

used in our simulations, the predictability is substantially lower in the more complex fault 225 

zones. Given that real faults are more intricate than our simulation, the effectiveness of slip-226 

deficit predictions is probably even less in practice. This might question the applicability of 227 

this approach in reality. However, as shown in our results (Figure 6) and prior studies (Griffin 228 



et al., 2020), larger earthquakes tend to follow more regular recurrence patterns, making slip-229 

deficit forecasts useful for these events.  230 

Another limiting factor, not accounted for in our forecast, is the potential influence of 231 

earthquakes that are too small to be represented in historical and paleoseismological catalogs. 232 

These limitations could be assessed using more complex synthetic sequences than those 233 

generated in this study, or by analyzing real data. The slip-deficit-based approach is indeed in 234 

principle applicable to real data, provided that constraints on past ruptures, fault slip rate, and 235 

intereismic strain are available. It would, however, require some adaptation to accommodate 236 

uncertainties and gaps in the historical and paleoseismological records. A particular difficulty 237 

is that paleoseismic records are local point measurements; they do not contain direct 238 

information about rupture length, which can only be assessed by correlating records from 239 

different trenches (e.g., Biasi and Weldon, 2006). These limitations could probably be 240 

addressed in future studies. 241 

 242 

Using numerical simulation for earthquake forecasting 243 

Our simulations show that the chaotic behavior of earthquake sequences intensifies as 244 

fault geometry becomes more complex, because interactions among fault segments become 245 

more complex, making prediction more difficult. Nevertheless, the chaotic nature does not 246 

mean that it is totally unpredictable. Slow slip events (SSE) in Cascadia, for example, exhibit 247 

chaotic behavior but are predictable on a timescale of a few weeks (Gualandi et al., 2020; 248 

Kaveh et al., 2026; Truttman et al., 2024). In that case, predictability is enabled by geodetic 249 

time series over a period much longer (>10 years) than the typical return period of SSEs (0.5- 250 

1 year). However, applying these findings to larger earthquakes remains challenging due to 251 

the long recurrence intervals and greater measurement errors of historical earthquakes. 252 

Numerical simulation can be an ideal tool for earthquake forecasting because it can 253 

integrate paleoseismic and geodetic observations with the complexities of fault geometry and 254 

heterogeneous fault properties. In recent decades, the quality and quantity of geodetic 255 

measurements and paleoseismic data have significantly improved. Although simplified, our 256 

simulation shows that we can realistically reproduce the earthquake sequences if we account 257 

for actual fault geometry. We investigated a wide range of parameter spaces (Supplementary 258 

Fig. 3) and found that, in some parameter combinations, the rupture patterns (recurrence time 259 

and segmentation) resemble those observed in the paleoseismic data (Figure 2b). This shows 260 

that the simulation-based parameter inversion and potential earthquake forecasting may be 261 

possible in the future. The trade-off should be between including more physics and achieving 262 

faster simulation. Faster simulation would let us explore a larger parameter space but would 263 

oversimplify the system, missing some of the complex rupture sequence. Eventually, as 264 

demonstrated in slow slip forecasting (Kaveh et al., 2024) and as widely used in weather 265 

forecasting (Epstein 1969), simulation-based ensemble forecasting might become feasible 266 

once quick, precise simulations are accessible. This approach can account for various 267 

uncertainties, including simulation model errors and measurement inaccuracies. 268 

 269 



Method 270 

Numerical simulations of earthquake sequences 271 

The rate and state friction framework (Dieterich, 1979) has provided a foundation for 272 

simulations of earthquake sequences (Harris et al., 2018; Erickson et al., 2020; Lapusta et al., 273 

2000). Such calculations are computationally costly, but some progress in computational 274 

methods, such as the use of hierarchical matrices (Hackbusch, 1999), and simplifying 275 

assumptions, such as the quasidynamic approximation (Rice, 1993), allow us to simulate 276 

earthquakes in fault networks with realistic geometry (Howarth et al., 2021; Zielke and Mai, 277 

2023; Im and Avouac, 2024; Cheng et al., 2025). In this study, simulations are performed using 278 

Quake-DFN, a quasi-dynamic earthquake simulator that was specifically designed for complex 279 

fault geometries (Im and Avouac, 2024).  280 

We chose the example of the Sagaing fault to design our analysis. In 2025, a 281 

magnitude 7.7 earthquake occurred on that fault, causing significant damage in Myanmar and 282 

Thailand (USGS 2025; Antoine et al., 2025). This event was partially anticipated, as it 283 

occurred in a previously identified seismic gap (Supplementary Fig. 1a; Wang et al., 2014). 284 

The earthquake ruptured primarily along a straight segment of the Sagaing fault in Myanmar. 285 

Although the Sagaing fault zone is remarkably straight, it does exhibit bends and branches 286 

(Supplementary Fig. 1). In a previous study, it was shown that accounting for the fault 287 

geometry yields simulations with a spatio-temporal distribution of ruptures similar to the 288 

observed history of past ruptures (Antoine et al., 2025). 289 

We use the map of the Sagaing fault system (Wang et al., 2014) to construct the fault 290 

geometry (Supplementary Fig. 1 and Supplementary Fig. 2). The total simulation domain, the 291 

colored fault within the two loading faults in Supplementary Fig 2, has dimensions of 292 

approximately 3000 km × 800 km. The seismogenic area (i.e., velocity-weakening elements, 293 

Supplementary Fig. 1b red area) spans approximately 1300 km along strike and extends 11 km 294 

in depth. The seismogenic area is discretized into relatively small elements (<1 km), while the 295 

surrounding velocity-strengthening elements are coarsely discretized to reduce computational 296 

cost. The large velocity-strengthening elements do not reflect the actual size of the Sagaing 297 

fault, but are introduced to relax stress at the edges. The total domain is discretized into ~ 55k 298 

elements, while the shallow velocity-weakening element is discretized into ~ 26k elements. 299 

Far-field loading is applied (e.g., Fitzenz and Miller, 2004; Zielke and Mai, 2023) by 300 

employing two constantly slipping loading faults (Supplementary Fig. 2b). The dimensions of 301 

each loading fault are 10000 km × 4000 km, and they are separated by 400 km from each other. 302 

Because the loading faults are not discretized, they have almost no influence on simulation 303 

speed. The long-term slip rate on the Sagaing fault is determined by the slip rate of these 304 

loading faults. Given the complex fault geometry, the slip rate is not uniform (Supplementary 305 

Fig. 2a) across the fault. The far-field loading is adjusted to obtain a long-term slip rate of 20 306 

mm/year (~6.4 × 10-10m/s) on the fault segment ruptured in 2025, consistent with the observed 307 

geological slip rate (Wang et al., 2014).  308 

Initial stress is determined by applying a regional stress tensor. The orientation and 309 

relative magnitudes of the principal stresses are assumed to be uniform, but the absolute 310 



magnitudes are dependent on depth. We impose σ3 = 0.3σ1 with σ1 trending N30°E. The 311 

maximum horizontal stress σ1 is 70MPa at the surface and increases by 15 MPa/km with depth 312 

(Supplementary Fig 2c&d). We assumed a uniform initial frictional state θi = 100 years with a 313 

reference friction coefficient of μ0 = 0.67. In the rate and state friction law, the initial condition 314 

should satisfy,  315 

 𝜇௜ = 𝜇0 + ܽ log (௏೔௏0) + ܾ log (௏0ఏ೔஽೎ ). (1) 316 

Given that the initial friction μi is calculated from the stress tensor and μ0 = 0.67, V0 = 10-9 m/s, 317 

θi = 100 years, the initial velocities of each velocity-weakening fault patch can be calculated 318 

from equation 1. The initial velocity of the velocity-strengthening elements is determined by 319 

the long-term slip rate resulting from the applied tectonic loading. To obtain the long-term slip 320 

rate, we conducted a simulation with homogeneous velocity-strengthening faults under low 321 

normal stress (1 MPa) until near-steady velocity was achieved.  322 

Due to the initial stress heterogeneity, the area characterized by low initial stress (or 323 

equivalently, low initial velocity) experiences delays of several hundred years before the first 324 

earthquake event (Supplementary Fig. 9). The steady state regime is reached after a few 325 

centuries, leading to a relatively constant potency increase as the loading rate is maintained at 326 

a constant level (Supplementary Fig. 9b). To avoid bias due to this spin-up phase, we exclude 327 

the first 1000 years of each simulation in our analysis. Note that the geometry of the Sagaing 328 

fault is relatively simple. Hence, we assume that the accumulation of elastic stress in the 329 

medium around the fault bends and branches can be neglected over the time scale of the 330 

simulations presented in this study. A more complex fault geometry, or simulations over a 331 

longer period of time, would require accounting for the finite strength of the medium by 332 

explicitly including off-fault yielding or stress-relaxation mechanisms (Oglesby, 2008). 333 

We conducted 11 simulations in total. Nine simulations were conducted with full fault 334 

complexity described previously. On the other hand, one simulation was conducted without the 335 

branch faults (Fig. 1b), and the other simulation was conducted with a flat planar fault geometry 336 

(Fig. 1a). All velocity-strengthening elements in all cases were conducted with a = 0.006, b = 337 

0.003, and Dc = 2cm. For the velocity-weakening elements, we used a range of a, b, and Dc of 338 

0.003 ≤ b-a ≤ 0.005 and 2cm ≤ Dc ≤ 5cm (see Supplementary Table 1). 339 

The parameters are selected to achieve an optimal balance between numerical 340 

resolution, which requires a small cell size relative to the nucleation length scale, and 341 

computational efficiency. If the self-stiffness (kii, as defined in the stiffness matrix calculated 342 

based on Okada, 1992) of an element falls below the critical stiffness, kc = (b-a)σ/Dc, that 343 

element is categorized as being in the “inherently discrete regime” and can lead to the 344 

emergence of non-physical self-organized complexity (Rice, 1993). In our simulations, we 345 

ensure that the ratio of kii to kc consistently remains above 1 throughout the model 346 

(Supplementary Fig. 2).  347 

We acknowledge that the fault network in our simulations is still a drastic simplification 348 

of natural fault systems. For instance, we employ a quasi-dynamic approximation, assume a 349 

smooth fault surface, a vertical dip angle, and uniform friction parameters across each area of 350 



velocity weakening and strengthening. Our primary objective is to simulate realistic earthquake 351 

sequences, including ruptures similar to those of the 2025 Mandalay earthquake, while 352 

satisfying seismic moment conservation.  353 

 354 

Earthquake forecast and performance evaluation 355 

The forecast is based on the knowledge of the long-term slip rate and the history of 356 

surface slip over a time interval. This information is analogous to a paleoseismological 357 

catalog. We vary the data period, the duration of the ‘catalog', between 20 years and 500 358 

years. The long-term slip rate is determined by the slip rate in the deep velocity-strengthening 359 

zone at ~25 km depth, similar to the slip rate that would be determined from geodetic 360 

measurements or from the offset of geological markers. The slip deficit is defined as the long-361 

term slip (Supplementary Fig. 4a, gray line) minus the surface slip (Supplementary Fig. 4a, 362 

red line), with the average slip deficit centered at zero (Supplementary Fig. 4b). We next 363 

determine the slip deficit that needs to be exceeded for a surface rupture to occur. This is 364 

calculated based on the simple case of periodic ruptures. In this case, the slip deficit 365 

distribution varies over one cycle between -1.73 and 1.73 times the standard deviation (ߪ) of 366 

the distribution. Here, we select ±1.73ߪ because it is the upper and lower bound of a 367 

perfectly periodic earthquake (boxcar distribution). We therefore define upper and lower 368 

bounds of the slip deficit (Supplementary Fig. 4b & c, black lines) set at ±1.73ߪ of the slip 369 

deficit in the data period.  370 

To forecast the earthquake rupture area, we extrapolate the slip deficit over a 30-year 371 

(chosen arbitrarily) prediction interval following the end of the data period. If the 372 

extrapolated slip deficit (Supplementary Fig 4c red dashed line) becomes above the upper 373 

bound (Supplementary Fig 4c positive black solid line) for more than 10km spatial distance, 374 

it is classified as an earthquake rupture. Once a surface rupture is predicted, the rupture is 375 

assumed to extend along strike to a connected extent where the slip deficit exceeds one 376 

standard deviation, which is determined by testing a range of factors relative to the standard 377 

deviation to show good prediction. (Supplementary Fig. 4a gray dashed line). This criterion 378 

accounts in a very simplified way for the rupture propagation process: once a rupture has 379 

nucleated, the stress drop in the rupture area leads to a stress increase at the tips of the 380 

ruptured area, allowing the rupture to extend further as long as the stress level is high enough. 381 

The threshold value of one standard deviation was found to predict the simulated ruptures 382 

relatively well. For instance, in Supplementary Fig. 4c, this criterion is satisfied in the range 383 

of ~400 km to ~ 850 km. The magnitude of slip is determined by the difference between the 384 

projected slip deficit and the upper bound of the slip deficit, which represents the gap 385 

between the red dashed line and the upper-bound black line in Fig. 3c.  386 

To evaluate prediction performance, we set a minimum value of 0.5 m to identify the 387 

ruptures for both the forecast and simulation results. If both the simulation and the prediction 388 

at a given point indicate a rupture, it is labeled a true positive (TP). Conversely, if the simulation 389 

shows a rupture but the prediction does not, it is termed a false negative (FN). Additionally, 390 

when the simulation indicates no rupture but one is forecasted, it is classified as a false positive 391 



(FP). To evaluate prediction performance, we utilize the f-score metric (Sasaki, 2007) defined 392 

as follows: 393 

 ݂ = 2்௉2்௉+ிே+ி௉. (2) 394 

In this metric, TP, FN, and FP denote the lengths of the respective categories in each 395 

prediction session. The f-score matrix is used when the positive class is rare. For example, if 396 

one model predicts no earthquakes all the time, the prediction is correct most of the time 397 

because earthquakes are rare, but that does not mean it is a good predictive model. The f-398 

score removes the contribution of true negatives (correctly predicted no earthquake). The f-399 

score ranges from 0 to 1, with a higher f-score indicating better performance.  400 

 401 

Coefficient of Variation  402 

The degree of periodicity of a point process can be measured by the coefficient of 403 

variation (COV; Griffin et al., 2020).  404 

ܸܱܥ  =  𝜇. (3) 405/ߪ

where ߪ is the standard deviation of the interevent time and 𝜇 is the mean interevent time. A 406 

random Poisson process has a COV close to 1, quasiperiodic processes have 0 < COV < 1, and 407 

COV > 1 indicates clustering of events. We measure interevent times and magnitudes at a 408 

specific, localized point in the simulation results (Supplementary Fig. 8). Any events passing 409 

through this point, whether from main or branch faults, are considered as events at that location. 410 

The COV for each location is derived from the interevent times of all events observed there. 411 

Similarly, the f-score is evaluated locally at the specific point. In contrast, magnitude is 412 

considered as the overall magnitude of the detected event at the location. These measurements 413 

are taken at 100 m intervals between 300 m and 1200 m across all complex fault cases (cases 414 

3–11). These data are used to plot COV versus magnitude and f-score versus COV (Fig. 6). 415 
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 438 

Figure 1. Simulated earthquake rupture sequence. The figure presents three scenarios out of a total 439 
of eleven simulations: (a) planar fault geometry, (b) main fault only, and (c) main fault with branch 440 
fault. The cases a, b, and c correspond to cases 1, 2, and 4 in Supplementary Table 1, respectively. On 441 
top, fault geometry and strike angle are presented (blue: main and red: branch). Then the next panels 442 
show the timing of earthquake ruptures and their extent, with blue lines representing main fault 443 
ruptures and red lines indicating branch fault ruptures. The next panels show normalized slip versus 444 
distance, with slip values normalized to the slip recorded in year 3000. Lower panels present 445 
earthquake magnitude and slip potency (slip × area) deficit vs. time. See supplementary Fig. 3 for the 446 
other case results.   447 



  448 

Figure 2. An example of an analogous event in the 2025 Myanmar earthquake sequence. (a): A 449 
comparison of the simulated (upper) and actual (lower; Wang et al., 2014) earthquake rupture 450 
sequences. The historical ruptures are depicted in black, while the 2025 Myanmar earthquake and its 451 
equivalent in our simulation are shown in red. (b): A snapshot of the rupture sequence for the 452 
Myanmar earthquake analogy. The three upper snapshots provide a zoomed-in view of the earthquake 453 
nucleation phase, highlighting maximum velocity and timing in text. (c) The slip distribution 454 
associated with the simulated event is similar to that of the Mandalay earthquake.  The faults in panels 455 
(b) and (c) are vertically exaggerated threefold. 456 
 457 

  458 



 459 

Figure 3. Earthquake prediction method with a data period of 200 years (1390-1590). In panel 460 
(a), the distribution of the slip deficit for surface slip is indicated in red, along with the upper and 461 
lower bounds in black (±1.73 times the standard deviation) at the conclusion of the data period (year 462 
1590). The red dashed line represents a 30-year extrapolation of the slip deficit, and the gray dashed 463 
line represents one standard deviation. Panel (b) compares the predicted slip distribution (in red) with 464 
the surface ruptures observed in our simulation (in black) over a 30-year prediction period. The 465 
vertical dashed lines represent the spatial extent of the predicted rupture, where the extrapolated slip 466 
deficit (red dashed line) meets the one standard deviation (gray dashed line). See Supplementary Fig. 467 
4 for details. 468 
  469 



 470 

 471 

Figure 4. Earthquake Prediction. Predicted surface slip distribution expected over a period of 30 472 
years (up to the red dashed line) prior to (a) and following (b) the event analog to the 2025 Mandalay 473 
earthquake (refer to Fig. 2a), respectively. The forecast is informed by the slip deficit calculated over 474 
a previous period of 200 years (marked by the red solid lines; a covering the period from 1390 to 475 
1590, and b from 1440 to 1640). The prediction results are represented by the red line in the lower 476 
panel, while the black line shows the simulation results during the 30-year prediction period. (detailed 477 
prediction method can be found in Fig. 3 and Supplementary Fig. 4-7). (c) Prediction (red patches) 478 
and simulation (black lines), in the case where the data period is 200 years. Red patches represent the 479 
predicted earthquake range (i.e., panel a red patch), conducted over the entire simulation with a 480 
moving window of 30 years. (d) Assessment of the performance of the forecast for different fault 481 
geometries and different periods (20 to 500 years) over which the slip deficit is calculated (so 482 
assuming that surface ruptures are known over that period with no uncertainties and no data gap, and 483 
that interseismic loading is known as well). The red, blue, and black curves represent different fault 484 
types: the red curve indicates a planar fault (see Fig. 1a), the blue curve represents the case with only 485 
the main fault (see Fig. 1b), and the black curves illustrate realistic geometry cases with different 486 
friction parameters. Each case number for the realistic geometry displayed on the left side of the 487 
figure corresponds to its entry in Supplementary Table 1. 488 
  489 



 490 

 491 
Figure 5. Distribution of the Coefficient of Variation (COV) and f-score. (a): COV. (b): f-score. 492 
These values are computed using simulation case 4 (the same as in Figure 1c) at every 20 km interval. 493 
The interevent time for both COV and the f-score is measured locally at each point, regardless of 494 
whether it is on the main or branch fault. See Method and Supplementary Fig. 8 for details. 495 
 496 

  497 



 498 
Figure 6. Relationship between earthquake magnitude, COV, and f-score. The values are 499 
measured using the same method as in the plot in Figure 5, but at 100 km intervals. Only complex 500 
fault cases (cases 3- 11; Supplementary Table 1) are used. COV and f-score are computed at a specific 501 
x-location point, while overall magnitudes that pass by the x-location are measured and averaged.   502 
 503 

504 
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Supplementary Table 1. Friction parameters used for simulation.  689 

No. a b Dc (cm) Geometry 

1 0.004 0.008 3 Planar 
2 0.004 0.008 3 Main fault only (No Branch) 
3 0.004 0.008 3 

Main fault + Branch Fault 

4 0.004 0.008 4 

5 0.004 0.008 5 

6 0.005 0.010 3 

7 0.005 0.010 4 

8 0.005 0.010 5 

9 0.003 0.006 2 

10 0.003 0.006 3 

11 0.003 0.006 4 

 690 

  691 



  692 

Supplementary Figure 1. Fault geometry and historical earthquakes. (a) Sagaing fault geometry 693 
and earthquake history based on Wang et al. (2014). The fault geometry is traced (black line) and is 694 
utilized to construct the simulation geometry depicted in panel (b). The lower panel in (a) represents 695 
the historical seismicity identified by Wang et al. (2014). (b): Simulation geometry: The colors 696 
represent the rate and state friction parameter a-b (negative values represent velocity-weakening 697 
elements). The white arrows indicate the far-field loading.   698 



 699 

 700 

Supplementary Figure 2. Simulation method. (a) initial velocity. These initial velocities are 701 
assigned separately for velocity-strengthening (upper) and velocity-weakening (lower) elements. Note 702 
that the initial velocities vary due to fault curvature and exhibit a step change at the branching point as 703 
a result of strain distribution between the main fault and its branches. (see Method for more details) 704 
(b) Dimensions of geometry including loading faults (gray). The two loading faults are slipping at the 705 
slip speed to produce a long-term slip rate similar to the observation (panel a). (c,d) Friction 706 
parameters at the shallow, finely discretized elements. The normal stress is depth-dependent. It is 707 
shown that kii/kc is larger than 3 at most velocity-weakening faults. The plots are vertically 708 
exaggerated by 3. Panel (d) is measured at the center of the simulation domain.  709 
  710 



 711 

Supplementary Figure 3. All simulation results of complex geometry cases. The friction 712 
parameters for each case are presented in Supplementary Table 1. The "no data" in panels g&i is due 713 
to the fact that the simulation is over before reaching 3000 years. 714 
  715 



 716 
Supplementary Figure 4. Earthquake prediction method with a data period of 200 years (1390-717 
1590). (a) Surface slip (red), long-term slip (gray; slip at  ~25km depth) at the locations shown by a 718 
vertical gray line in panel (c). (b): density distribution histogram of slip deficit (i.e., deep creep – 719 
surface slip in panel a) and upper and lower bounds ( ±1.73 times the standard deviation; black 720 
vertical lines). The average slip deficit is adjusted to be zero. The slip deficit for each year shown in 721 
panel a is used to create the density histogram. In panel (c), the distribution of the slip deficit for 722 
surface slip is indicated in red, along with the upper and lower bounds in black at the conclusion of 723 
the data period (year 1590). The red dashed line represents a 30-year extrapolation of the slip deficit, 724 
and the gray dashed line represents  ± standard deviation. Panel (d) compares the predicted slip 725 
distribution (in red) with the surface ruptures observed in our simulation (in black) over a 30-year 726 
prediction period. Panels c and d are identical to Fig. 3. 727 
 728 
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 730 

Supplementary Figure 5. Same as Supplementary Fig. 4 but with a data period of 500 years 731 
(1090-1590). 732 
 733 
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 735 

Supplementary Figure 6. Same as Supplementary Fig. 4 but with a different data period (1440-736 
1640). This result corresponds to Fig 4b.  737 

 738 
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 740 

Supplementary Figure 7. Same as Supplementary Fig 6 but with 500 year data period (1140-741 
1640).  742 
. 743 
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 745 

Supplementary Figure 8. Example of COV and average Magnitude calculation. The COV and 746 
average magnitude are calculated at the x-locations of 800 km (purple) and 1100 km (green). Any 747 
event passing through these points is counted as an earthquake at that location, and the overall 748 
magnitude of each earthquake is used to calculate the average magnitude (panel b). This example 749 
shows the simulation results for the earthquake sequence in case 4 (panel a, same as Fig. 1c). Panel b 750 
displays the event times and magnitudes. The panel shows the computed average magnitude and COV 751 
based on detected events. The simpler fault segment at 800 km results in more regular (low COV) and 752 
larger average earthquake sequences (purple), whereas the more complex segment at 1100 km 753 
produces irregular (high COV) and smaller average earthquakes (green).  754 
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 756 

Supplementary Figure 9. Spin-up phase. (a) The plot is identical to Fig. 1c upper panel, but 757 

includes an initial spin-up phase of 1000 years. (b) slip potency (slip × area) deficit vs. time. 758 

Due to the initial conditions, the rupture sequence during the first 500 years is irregular. In all 759 

analyses presented in this work, we used only results from the period after the initial 1000-760 

year period. 761 
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