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It is understood that sample size could be an issue in earthquake statistical studies, causing the best
estimate being too deterministic or less representative derived from limited statistics from observation.
Like many Bayesian analyses and estimates, this study shows another novel application of the Bayesian
approach to earthquake engineering, using prior data to help compensate the limited observation for the
target problem to estimate the magnitude of the recurring Meishan earthquake in central Taiwan. With
the Bayesian algorithms developed, the Bayesian analysis suggests that the next major event induced by
the Meishan fault in central Taiwan should be in Mw 6.44 7 0.33, based on one magnitude observation of
Mw 6.4 from the last event, along with the prior data including fault length of 14 km, rupture width of
15 km, rupture area of 216 km2, average displacement of 0.7 m, slip rate of 6 mm/yr, and ﬁve earthquake
empirical models.
& 2015 Elsevier Ltd. All rights reserved.
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1. Introduction
The region around Taiwan is known for high seismicity, not to
mention a catastrophic event like the Mw 7.6 Chi–Chi earthquake
could recur in decades [1]. Recently, there are studies suggesting that
the return period of a major earthquake induced by the Meishan
fault in central Taiwan might be as short as 160 years, not to mention
the very last Meishan earthquake in 1906 was occurring more than
one hundred years ago. Under the circumstances, the risk of the
active fault inducing a major earthquake in near future is considered
relatively high, and the subject has been discussed in several recent
studies [2,3]. Therefore, from a different perspective with new
methodology, the target problem of this study is to evaluate the
magnitude of the next Meishan earthquake in central Taiwan that
could occur in near future given its short return period. More
introductions to the background of the Meishan fault in central
Taiwan are given in one of the following sections.
One possibility to evaluate such a problem is via statistical
study. But on the other hand, it is understood that sample size is
important to statistical assessments and inferences. For example,
given an active fault is known for inducing a major earthquake in
Mw 6.5 (moment magnitude), a best estimate on the magnitude of
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the next recurrence will be exactly the same size as the observation, although it is less representative based on one magnitude
observation only. Unfortunately, this is the same situation for the
target problem of the study, aiming to evaluate the magnitude of
the next Meishan earthquake but with only one magnitude
observation available for the analysis.
In contrast to statistics-based methods, the Bayesian inference is
a relatively new approach that is more useful for evaluating a
problem with very limited observations. Basically, the Bayesian
approach is to use other sources of data to compensate limited
statistics, helping develop a new Bayesian estimate by integrating
multiple sources/types of data, usually referred to as prior and
observation.
The Bayesian approach has been increasingly applied to many
different studies to develop a new estimate from multiple sources
of data e.g., [4–6]. In earthquake engineering and engineering
seismology, an early study can be dated back to the 1960s [7],
introducing the framework of the Bayesian calculation for seismology research. More recently, several other Bayesian methods
for earthquake studies were reported, such as the application to
earthquake early warning [8,9], tectonic stress evaluation [10], and
earthquake catalog characterizations [11], among others [12,14].
Although many different applications were reported, the underlying motivation of the Bayesian studies is the same: Integrating
multiple sources/types of data to evaluate or re-evaluate a problem,
rather than only relying on (limited) statistics from observation. Take
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those studies above for example, the framework of Bayesian earthquake early warning is to utilize some empirical models to compensate the limited data at the initial stage of earthquake, for estimating
its magnitude and location more reliably on a real-time basis [8,9].
On the other hand, a Bayesian algorithm [11] to evaluate the
completeness magnitude (Mc) of an earthquake catalog is facilitated
with the prior data in proximity regions, then integrated with the
locally observed seismicity. Note that such a Bayesian calculation is
similar to a later application to estimate earthquake rates (or
frequencies) around a study area, also using the data from proximity
areas as priors [14]. Other recent Bayesian applications to earthquake
studies include the probability assessment on earthquake-induced
landslides [31], evaluation of the source parameters of a major
earthquake [32], and structure safety analysis under earthquake
condition [33]. Similarly, new Bayesian methods are increasingly
developed for other problems [34–36].
As a result, given the short return period reported, the key scope
of the study is to evaluate the magnitude of the next major earthquake induced by the Meishan fault in central Taiwan, on the basis of
a novel Bayesian calculation integrating multiple sources/types of
data to compensate the lack of adequate statistics from observation.
In this study, we ﬁrst derived a new Bayesian algorithm for
evaluating earthquake magnitude distributions related to an active
fault, based on both observational and prior data. Next, we applied
the methodology to the target problem, showing there should be a
10% probability for the next Meishan earthquake in central Taiwan to
exceed Mw 6.9, considering one magnitude observation of Mw
6.4 from the last Meishan earthquake, and the prior data including
fault length of 14 km, rupture width of 15 km, rupture area of
216 km2, average displacement of 0.7 m, slip rate of 6 mm/yr, and
ﬁve earthquake empirical models.
The paper is organized with an overview of the Bayesian
approach, followed by the introductions to the Meishan fault in
central Taiwan. Next, the observation and prior data for this
Bayesian study were introduced and summarized, followed by
the developments of the new Bayesian algorithm, and the Bayesian inference to the magnitude of the next Meishan earthquake
from the multiple sources/types of data.
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Fig. 1. A demonstration example to the Bayesian approach: (a) the prior information or the prior probability mass function, and (b) the posterior integrating the
prior with the observation [1].

2. Overview of the Bayesian approach
2.1. The algorithm
As mentioned previously, the Bayesian approach is to integrate
prior information with (limited) observation to develop a new
estimate, which is different from the one relying on samples or
statistics only. To further illustrate the method, we summarized an
example from the literature as follows [15]: Fig. 1a shows the prior
information or the so-called prior probability mass function about
the accident at a given cross road, suggesting the mean rate equal to
two accidents per year. It is worth noting that because this example
is a discrete case, its probability function is speciﬁcally referred to as
probability mass function (PMF), in contrast to probability density
function (PDF) that is used for describing the probability function of
a continuous random variable [15]. Nevertheless, the two basically
refer to the same thing in probability and statistics.
On the other hand, given the total number of accidents equal to
one observed in an arbitrary month, the accident rate should be 12
per year from the observation. Note that although the reference
only mentions “one accident observed in one month” in the
description to the example [15], the description should explicitly
imply the one-month observation was conducted in an arbitrary
period of 30 (or 31) days in a row. Therefore, in this paper we refer
to such a description or the observation as “one-accident-in-onearbitrary-month” in the following.

In addition to the two estimates from observation or prior, the
third one is the Bayesian estimate by integrating the two. For a
discrete case like this demonstration example, the underlying algorithm of the Bayesian approach can be expressed as follows [15]:
P″ðθi Þ ¼

P 0 ðθi Þ  Pðε j θi Þ

n
P

i¼1

P 0 ðθi Þ  Pðε j θi Þ

ð1Þ

where ε denotes observation, P 0 ðθi ÞandP″ðθi Þare prior and posterior
probabilities for each prior estimate θi , and Pðε j θi Þ is the likelihood
function, or the probability for observation ε to occur given θi .
Understandably, θi , P 0 ðθi Þ, and ε are the given data in a Bayesian
calculation. (For this demonstration example, θi are 1 or 2 or
3 accidents, P 0 ðθi Þ are 30% or 40% or 30%, and ε is the “oneaccident-in-one-arbitrary-month” observation.) By contrast, Pðε j θi Þ
and P″ðθi Þ are unknowns that we want to calculate during the
Bayesian analysis. More importantly, from the unique algorithm
given in Eq. (1), we can see how the Bayesian approach integrates
prior data and observation with the well-established algorithm.
It is worth noting that in the calculation of the likelihood function
Pðε j θi Þ, we need to know (or assume) what kind of probability
distributions the target random variable should be following. That is,
in this demonstration example, the accident rate is considered
following the Poisson distribution, with its probability mass function
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deﬁned as follows [15]:
PðX ¼ x; vÞ ¼

e  v vx
x!

ð2Þ

where v is the mean value of a Poissonian (discrete) random variable X.
With the Poissonian presumption, therefore the likelihood
function for the prior estimate θ ¼ 1 of this example can be
calculated as follows:
Pðε ¼ one accident in one arbitrary monthj θ ¼ 1 accident per yearÞ
¼

e  1=12 ð1=12Þ1
¼ 0:077
1!

ð3Þ

As a result, the probability or the likelihood function for such
an observation to occur given the prior estimate θ ¼ 1 is equal to
0.077. It is worth noting that the Poisson calculation above
involved a transformation of the model parameter (which is mean
value) from θ ¼ 1 per year to θ ¼ 1=12 per month, which is a
necessary step in the calculation when units are inconsistent.
However, for this speciﬁc Bayesian calculation, we cannot transform the given observation from “one-accident-in-one-arbitrarymonth” to “12-accident-in-one-arbitrary-year,” because the two
are different observations in essence, with the one-year observation being a bigger sample size than the one-month observation.
By repeating such calculation for another two estimates, three
respective likelihood functions are then available. Together with the
three prior probabilities given, the posterior probabilities for each
estimate can be calculated with the Bayesian algorithm (i.e., Eq. (1)),
and the so-called posterior function shown in Fig. 1b can be developed.
The ﬁnal step of a Bayesian analysis is to develop an estimate
based on the updated, posterior information. Therefore, in this
demonstration example, the Bayesian estimate is equal to 2.26
accidents per year based on the posterior information shown in
Fig. 1b. In other words, the Bayesian estimate is a result of the
“one-accident-in-one-arbitrary-month” observation, and the prior
information shown in Fig. 1a.
2.2. The principle of the Bayesian updating
From the updated, posterior information (Fig. 1b), we can see that
given the “one-accident-in-one-arbitrary-month” observation, the
(posterior) probability for the prior estimate of θ ¼ 3 (three accidents
per year) increases to 42%, while it decreases to 17% for the prior
estimate of θ ¼ 1. Therefore, the principle of the Bayesian updating
can be summarized as follows: When a prior estimate is relatively
close to the observation, its probability will increase after updating;
otherwise it will decrease. That is, because the prior estimate of θ ¼ 3
is closer to the observation (suggesting 12 accidents per year) in this
demonstration example, its (posterior) probability must be increasing after the updating from the observation.

3. Prior information regarding the Meishan fault in central
Taiwan
3.1. Overview of the Meishan fault
The region around Taiwan located in the boundary of three
tectonic plates is known for high seismicity. Especially after the
infamous Mw 7.6 Chi–Chi earthquake in 1999, the Central Geological
Survey Taiwan launched a comprehensive investigation on active
faults in Taiwan [16,17], and periodically updated the ﬁndings from
the research. For example, the Central Geological Survey Taiwan
reported their best-estimate return period as 160 years for a major
earthquake (like the Meishan earthquake in 1906) induced by the
Meishan fault in central Taiwan. More importantly, considering the
very last Mw 6.4 event occurring in 1906, the active fault should be

Fig. 2. The location of the Meishan fault in central Taiwan, and the epicenter of the
1906 Mw 6.4 Meishan earthquake.

“dangerous” to the surrounding areas given the return period is
“almost” due [2,3].
Fig. 2 shows the location of the Meishan fault in central Taiwan,
and the epicenter of the Mw 6.4 Meishan earthquake in 1906 that
killed around 3,000 people at that time [18]. (Given the earthquake
epicenter in Meishan Township, the fault and the earthquake were
then referred to as the Meishan fault and the Meishan earthquake.)
Preliminary ﬁeld investigations reported the fault was a strike-slip
fault, extending in an almost east-west direction with the fault
length in 10–15 km [19]. Recently, some studies from modern
instrumentation suggested that the rupture zone might be more
complex and extensive than earlier reports [20].
Because of the background of the active fault, some recent
studies focusing on the earthquake probability and the monitoring
of the fault were reported. For example, a study suggested that
there should be a 30% probability for the next Meishan earthquake
to recur in next 50 years, with a new non-stationary model
considering the 160-year return period and the last occurrence
in 1906 [2]. In addition, another study suggested that there should
be a 2% probability for the Meishan fault to induce a catastrophic
earthquake like the Mw 7.6 Chi–Chi earthquake, from a novel
application of advance ﬁrst-order second-moment (AFOSM) probabilistic analysis [18]. As for ﬁeld monitoring, an intensive GPS
network was installed along the fault to “watch” its activity on a
daily basis [3].
3.2. The “properties” of the Meishan fault
As mentioned previously, because there is only one magnitude
observation, we would like to collect some prior data for the target
problem to estimate the magnitude of the next Meishan earthquake
in central Taiwan. In a recent seismic hazard study for Taiwan [21],
we found the “properties” of the Meishan fault reported as follows:
fault length of 14 km, rupture width of 15 km, rupture area of
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216 km2, average displacement of 0.7 m, and slip rate of 6 mm per
year. It is worth noting that although the study did not explicitly
state where the data came from, they should be a result of in-house
investigations and analyses, from ﬁeld reconnaissance, to fault
trenching, to GPS data, etc [21].
3.3. Empirical relationships between earthquake magnitude and
active faults
With the “properties” of the Meishan fault available, a following
task of the study is to search for some empirical models that can
predict earthquake magnitudes from the fault data. From the
literature, we found ﬁve empirical relationships for the purpose,
from the studies of Wells and Coppersmith, Anderson et al. [22,23]:
M w ¼ 5:08 þ 1:16 log L 7 0:28

ð4Þ

M w ¼ 4:06 þ 2:25 log W 7 0:41

ð5Þ

M w ¼ 4:07 þ 0:98 log A 7 0:24

ð6Þ

M w ¼ 6:93 þ 0:82 log D 7 0:39

ð7Þ

M w ¼ 5:12 þ 1:16 log L  0:2 log S 7 0:23

ð8Þ

where L, W, A, D, and S denote fault length (in km), rupture width (in
km), rupture area (in km2), average displacement (in m), and slip
rate (in mm/yr), respectively. Also note that those “7” terms in the
equations are standard deviation, or the standard deviation of model
error of the regression models.
With such regression models, then the magnitude of major
earthquakes related to an active fault can be estimated from fault
data. For example, given fault length ¼10 km, the mean earthquake magnitude associated with the fault is about Mw 6.2 from
Eq. (4), with a standard deviation of 0.28.
3.4. Reviews of regression analysis
Here, we would also like to elaborate more about regression
analysis that is part of the Bayesian analysis and estimate. By
deﬁnition, a regression model can be expressed as follows [15]:
Y ¼ aX þb þ e

ð9Þ

where X and Y are the so-called independent and dependent
variables, a and b are model parameters (constants), and e is model
error, a random variable following the normal distribution with
mean value¼0 by deﬁnition [15]. (Note that in order to avoid
confusion from the Bayesian algorithm (Eq. (1)), here we denoted
model error as e instead of ε that is usually adopted in regression
analysis.)
Therefore, given X¼10 for example, Y is then equal to
(a  10þ bþe), where (a  10 þb) is obviously a constant, and e
is still a random variable. As a result, if e is a variable following the
normal distribution by deﬁnition, Y given X ¼10 (or any given
values) will be the same type of variables. We used an analogy to
further explain the simple relationship as follows: given C ¼D þ1,
the two random variables will follow the same probability distribution regardless.
Understanding the fundamentals of regression models, earthquake magnitude (as Y in Eq. (9)) estimated from regression
relationships will be a random variable following the normal
distribution, given the model error of any regression relationships
follows the normal distribution [15]. Therefore, considering regression models are part of the Bayesian calculation, the magnitude of
recurring major earthquakes following the normal distribution is a
mathematically robust presumption from the theory of probability
and statistics.
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On the other hand, to the best of our knowledge, due to the lack
of adequate statistics, there is no statistical study available that
provides tangible evidence about the magnitude distribution of
recurring major earthquakes induced by a given fault. Even from
the well-known Gutenberg–Richter recurrence law [24], the relationship is simply about a strong correlation between the logarithm
of earthquake numbers and the magnitude of exceedance in regional
seismicity, but without any indications to what probability distributions (neither normal nor lognormal) the magnitude of major
earthquakes induced by the same active fault should be following.

3.5. Independence of data
Understandably, the fault data and empirical models summarized
above would be used as prior data in this Bayesian study, in contrast
to the magnitude (Mw 6.4) observation from the last Meishan
earthquake. But before any Bayesian calculations, it is imperative to
justify the two are from independent sources of data; otherwise the
Bayesian analysis will be in question. That is, if the prior is derived
from observation or in the other way around, the two are basically
from the same source of data, outside the scope of the Bayesian
analysis using multiple data that were developed independently.
Therefore, in this section we would like to summarize our
justiﬁcations to the data independence of this Bayesian study. As
mentioned previously, the ﬁrst evidence was from the study
where the fault data (e.g., fault length, slip rate) were reported,
implying they were a result of in-house investigations, independent of the other two sources of data used in this study [21].
Second, we looked up the raw data given in the papers where the
ﬁve empirical models were originated [22,23], and found that the
data of the Meishan fault were not included in the database.
Finally, we cross checked the magnitude observation (Mw 6.4) and
the ﬁve magnitude estimates from the prior data, and found that
they are all different from each other (see Fig. 3). Understandably,
this evidence also provides some justiﬁcation to the data independence; otherwise the magnitudes must be identical if they are
back-calculated from each other.

4. Estimating earthquake magnitude with the empirical
models
Before introducing the new Bayesian analysis, two conventional estimates based on the fault data and empirical relationships are given in the following: (1) the deterministic approach
neglecting model error, and (2) the probabilistic approach considering model error. Understandably, the two estimates are
irrelevant to the statistics from observation.

4.1. Deterministic estimate
Without considering the model error of the regressions, Fig. 3
shows the ﬁve estimates from this so-called deterministic
approach. For example, given fault length ¼14 km, the deterministic estimate is equal to Mw 6.41 from Eq. (4), irrelevant to the
model error of 70.28 of this empirical relationship. In other
words, the deterministic assessment did not consider the model
error in the analysis.
The deterministic approach shows that the highest estimate of
Mw 6.8 among the ﬁve scenarios is from Eq. (7) based on the fault
displacement of 0.7 m; by contrast, using fault length and slip rate
combined (L¼ 14 km, slip rate S¼ 6 mm per year, and Eq. (8))
returns the lowest estimate of Mw 6.29 among the ﬁve.
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Fig. 3. The ﬁve deterministic estimates from the fault data and earthquake empirical
models, where “L” denotes fault length, “W” for rupture width, “A” for rupture area,
“D” for average displacement, and “SL” for slip rate and fault length combined.
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Fig. 4. The ﬁve probabilistic estimates considering the uncertainty of the earthquake empirical models.

4.2. Probabilistic estimate
Fig. 4 shows the ﬁve probabilistic estimates with model error
taken into account. For example, the estimate of Mw 6.71 70.41
based on rupture width of 15 km suggests a broader probability
distribution, given the larger error of 70.41 in Eq. (5). By contrast,
the estimate with the smallest variability among the ﬁve is Mw
6.29 70.23 from Eq. (8), based on fault length of 14 km and slip
rate of 6 mm/yr combined.
As elaborated in Section 3.4, the ﬁve random variables in/from
regression models follow a bell-shaped normal distribution, given
the model error of regression following the normal distribution by
deﬁnition [15]. Also note that it is correct in Fig. 4 where the
probability density (not cumulative probability) is greater than 1.0,
because earthquake magnitude is a continuous random variable.

5. The Bayesian calculation and estimate
5.1. The algorithms
In contrast to the two estimates above, this section would like
to show how to apply the Bayesian approach to merge the limited
observation with the prior data in this study, developing a new

Fig. 5. The Bayesian analysis for this study: (a) the “diffuse” prior with an equal
probability assigned to each of the ﬁve scenarios, and (b) the posterior integrating
the prior with one earthquake (Mw 6.4) observation in 1906.

estimate for the target problem given limited statistics from
observation are only available.
As many Bayesian studies e.g., [4,6,14], we also assigned a
“diffuse” prior to each of the ﬁve scenarios; that is, without further
support, we considered each scenario has an equal probability,
leading to a 20% prior probability for each of them. As a result,
Fig. 5a shows the prior probability function for the Bayesian analysis,
where “L” denotes the estimate from fault length, and so on.
The next step, probably the most challenging one as in any
Bayesian methods, is the calculation of the likelihood function
Pðε j θi Þ. Like the demonstration example, we need to know what
type of probability distributions earthquake magnitude is following before the calculation. As explained previously (mainly given
in Section 3.4), we used the normal distribution for the calculation
of the likelihood function, which is a rational, defensible presumption in this probabilistic study, not to mention it was also used in
many probabilistic analyses especially when no tangible evidence
is available [29]. (For example, in geotechnical engineering the
factor of safety is usually considered a random variable following
the normal distribution, which is our best engineering presumption rather than a ﬁnding from statistical studies [29].)
As a result, the likelihood function of this Bayesian study can be
derived as follows:
 ðxj  μi Þ2
1
Pðε j θi Þ ¼ ∏ gðxj ; μi ; σ i Þ ¼ ∏ pﬃﬃﬃﬃﬃﬃ exp
2σ i 2
2π σ i
j
j

!
ð10Þ

where θi denotes each of the ﬁve scenarios, μi and σ i are the mean
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P″ðθi Þ ¼ P 0 ðθi Þ 

j

n
P
i¼1

1.0

0.5

i

i

1ﬃ
P 0 ðθi Þ  ∏ pﬃﬃﬃﬃ
exp
2π σ
j

1.5

Probability density

magnitude and standard deviation of each scenario (see Fig. 4), x1,
…,xj denote each sample in observation ε, and g denotes the
normal distribution, with its probability density function also
shown in Eq. (10) [15]. Note that like any Bayesian algorithms,
the formula is a general expression, meaning it is applicable to an
observation consisting of one sample, two samples, etc.
With the likelihood functions available, the rest of the calculations are relatively straightforward by combining Eqs. (1) and (10).
Therefore, the posterior probability of this Bayesian study can be
calculated with Eq. (11), integrating observation with prior data by
such a unique manner:


 ðxj  μi Þ2
1ﬃ
∏ pﬃﬃﬃﬃ
exp
2σ 2
2π σ

23

i



 ðxj  μi Þ2
2σ i 2



ð11Þ

As mentioned previously, the prior probabilitiesP 0 ðθi Þ are all
equal to 20% in this Bayesian study, given no further evidence that
can quantify relative reliability among the ﬁve scenarios.
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Fig. 6. The likelihood functions for each of the ﬁve scenarios subject to one
magnitude observation of Mw 6.4.
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Like other Bayesian studies, the ﬁnal step of this Bayesian
analysis is to develop a Bayesian estimate based on the posterior
information shown in Fig. 5b. Accordingly, Fig. 7a shows the
magnitude distribution for the next Meishan earthquake, with
mean value ¼ Mw 6.44 and standard deviation ¼0.33. Based on the
probability function, we then developed the relationship between
exceedance probability and earthquake magnitude, suggesting
there should be a 50% probability for the next Meishan earthquake
to exceed Mw 6.4, or a 10% probability to exceed Mw 6.9, and so on.
Speciﬁcally, we used Monte Carlo Simulation (MCS) with a very
large sample size of 100,000 to develop the Bayesian estimate. The
details about the MCS analysis are given in the Appendix.
The reason of using MCS rather than simple linear combination [15] for the analysis can be explained with a schematic
diagram shown in Fig. 8. Let’s say a variable X follows a “0 7 1” or
“10 7 1” normal distribution in 50-to-50 probability, and owing
to the uncertainties, we can expect that the ﬁnal estimate for the
variable should be associated with a larger variability than the
two basic scenarios. However, when applying simple linear
combination to the analysis, the standard deviation was then
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From data collections to Bayesian analyses, Fig. 5b shows the
posterior probability for each scenario based on the observation
and prior. Accordingly, the probability increases to 27% for the
rupture-area scenario, because the Mw 6.4 observation from the
last Meishan earthquake is relatively similar to the estimate of Mw
6.36 70.24. By contrast, the probability for the rupture-width
scenario decreases to 10%, given its estimate of 6.8 70.39 is
relatively different from the same observation. With the same
updating for the rest of the scenarios, Fig. 5b shows the ﬁnal
posterior probability function of the Bayesian analysis.
For better explaining and understanding the Bayesian updating,
Fig. 6 shows the likelihood function for each of the ﬁve scenarios.
From the calculations, we can clearly see the likelihood functions are
indeed proportional to posterior probabilities as shown in Fig. 5b; to
be more speciﬁc, the larger the likelihood function, the larger the
posterior probability will be after the updating from observation. As
mentioned previously, it is correct in Fig. 6 where the probability
density (not cumulative probability) is greater than 1.0, because
earthquake magnitude is a continuous type of random variables.
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Fig. 7. The Bayesian analysis estimating the magnitude of the very next Meishan
earthquake based on the posterior information in Fig. 5b: (a) the probability
density function with mean ¼6.44 and standard deviation ¼ 0.33, and (b) the
relationship between exceedance probability and earthquake magnitude.

pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
equal to
0:52  12 þ0:52  12 ¼ 0:71 based on the algorithm
[15], which is smaller than that of the two given priors.
On the other hand, Fig. 8 also shows the MCS estimate for the
analysis, which suggests a much more reasonable distribution for
X subject to the priors. In short, the reason for linear-combination
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Fig. 8. A schematic diagram showing two estimates for the variable’s probability
function with Monte Carlo Simulation and linear-combination algorithms.

algorithms not applicable to this study is mainly because prior or
posterior probabilities assigned to each scenario must be less than
1.0 in such a discrete case of the Bayesian analysis, leading to a
smaller standard deviation on the basis of the linear-combination
algorithm of random variables.

6. Discussions

rupture area¼800 km2, average displacement¼1 m, slip rate¼
5 mm/yr, along with three magnitude observations of Mw 7.0, 7.2,
and 7.3 from the past. With the data and the Bayesian calculation,
Fig. 9a shows the prior and posterior probabilities for the analysis,
indicating the probability of the rupture-width scenario increases to
38%, given the observations of Mw 7.0, 7.2, and 7.3 are in more
support of this magnitude estimate of Mw 7.2. By contrast, the
probability of the slip-rate scenario would decrease to less than 1%,
because its estimate of Mw 6.69 from Eq. (8) was very different from
the three observations of 7.0, 7.2, and 7.3. Similarly, based on the
updated, posterior information, Fig. 9b shows the magnitude distribution with the same MCS procedure, suggesting there should be,
for example, a 10% probability for the fault to induce an earthquake
above Mw 7.5, given the group of information including L¼30 km,
W¼25 km, A¼ 800 km2, D¼1 m, S¼5 mm/yr, ﬁve empirical models,
and three magnitude observations of Mw 7.0, 7.2, and 7.3.
6.2. On the proper use of Bayesian inferences
Clearly, the Bayesian approach is a well-established algorithm
that has been increasingly applied to a variety of studies, especially
when observations are rather limited. In other words, the method
is to use prior data to compensate limited samples in order to
develop a more “accountable” estimate. However, it must be noted
that the Bayesian estimate is just another best estimate like any
others. In order to prove, mathematically, one estimate is better

6.1. Robustness of the methodology

0.40

Understandably, the Bayesian algorithm of this study from the
well-established Bayesian approach is by all means transparent
and robust, like those Bayesian studies summarized in the paper.
For example, the Bayesian calculations for earthquake catalog
characterizations are applicable to any databases, although the
method was only applied to the seismicity around Taiwan as a
demonstration in that paper [11]. Similarly, another Bayesian
application to the calculations of “b-value” (i.e., a parameter of
the Gutenberg–Richter model) can be used for any other regions,
although the authors of the paper only applied it to the earthquake
data around Japan as a case study [13]. Therefore, this study is in
the same situation: the new Bayesian algorithm derived from the
well-established approach is completely robust, although we only
applied it to our target problem.
Given the methodology is mathematically robust, it should
become redundant to conduct more case studies just for justiﬁcation,
given the case studies are of less interest and importance than a
target problem. As a result, this is the reason why we only selected
the case in central Taiwan accompanying the new methodology
developed, which is the target problem and the motivation of the
study to estimate the magnitude of a major earthquake with a short
return period.
On the other hand, in many earthquake studies it is common to
see a “local” case study usually accompanies new methodology
developed, mainly owing to the expertise/experience of researchers, and the availability of reliable data available to them. That is, it
is common that American researchers use earthquake data in
California as some support to new methodology and theory
[24,25], while Japanese and Taiwanese researchers use the data
around Japan and Taiwan in their works [26,27], and so on [28].
Similarly, the situation can be seen in those Bayesian studies
mentioned earlier [8–14].
Nevertheless, in order to further attest the new, robust Bayesian
method is applicable to any similar cases, we used some hypothetical
data to evaluate the earthquake magnitude of an active fault with the
data as follows: rupture length¼30 km, rupture width¼25 km,
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Fig. 9. The additional application to a similar example like the target problem of
the study: (a) the prior and posterior functions, and (b) the Bayesian estimate on
the magnitude distribution based on the posterior information, from the data
including L ¼ 30 km, W ¼ 25 km, A ¼ 800 km2, D ¼ 1 m, S¼ 5 mm/yr, and the three
observations of Mw 7.0, 7.2, and 7.3.
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Fig. A.1. The ﬂowchart of the MCS procedure to develop the Bayesian estimate
based on the posterior information.

than the other, the calculations of their “consistency,” or “efﬁciency,” or “sufﬁciency” are in need for the evaluation [15]. But
because the Bayesian approach is fundamentally different than
classic statistics and probability, those calculations for evaluating a
Bayesian estimate seem “impossible,” and this might be the reason
why such calculations and evaluations were not reported in other
Bayesian studies either [4–6,8–14].
Nevertheless, we consider this Bayesian estimate (i.e., 6.44 7
0.33) developed with both (limited) observation and prior data
should be more representative than the one derived from one
magnitude observation. But interestingly, in this Bayesian study
the two estimates are close to each other in terms of mean values
(6.44 vs 6.4), suggesting that the prior data and the observation
from independent sources might be somehow comparable. On the
other hand, the Bayesian approach is an alternative for evaluating
the variability of the target problem subject to inevitable nature
randomness, which cannot be obtained with one sample, or the
variability is zero.
6.3. Earthquake randomness
Understandably, earthquake randomness could appear in magnitude (the focus of the study), as well as in location, recurrence date,
etc. Clearly, earthquake randomness in magnitude and in recurrence
date is different problems in essence, and they must be analyzed
with different analyses and approaches. For example, the temporal
earthquake uncertainty is usually modeled by the Poisson distribution [28,30]; by contrast, the uncertainty of earthquake magnitude
can be analyzed from the empirical models [22,23], as well as the
Bayesian method of the paper.
However, the two probability estimates on different problems
can be easily integrated. Take the target problem of this study for
example, given the return period of the Meishan earthquake of
160 years, the commonly used Poisson calculation would suggest a
8% probability for the event to recur in next 50 years. As a result,
by integrating this estimate with the result of this study, the
probability for the Meishan fault to induce a major earthquake
above Mw 6.9 in the next 50 years should be equal to 0.08 (time
uncertainty)  0.1 (size uncertainty) ¼0.008, a simply example
demonstrating the two different problems and the integration.
7. Summary and conclusion
Taiwan is known for high seismicity; in particular, the Meishan
fault in central Taiwan with a relative short earthquake return
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period should be “dangerous” to the surrounding areas. As a result,
this study is aimed at estimating the magnitude of the Meishan
earthquake that could recur in near future, given a best-estimate
return period of the event as short as 160 years.
However, with only one magnitude observation from the last
Meishan earthquake in 1906, the estimate is not representative
based on the limited statistics. Therefore, as many Bayesian studies
using prior data to help compensate limited data from observation, this study presents a new Bayesian application to the target
problem to evaluate the magnitude of the next Meishan earthquake, based on one magnitude observation, along with the prior
data including the “properties” of the Meishan fault and earthquake empirical models from independent sources.
With the prior data and the limited observation, the new
Bayesian study suggests that the magnitude of the very next
Meishan earthquake could be in Mw 6.4470.33; or there should
be a 50% probability for the earthquake to exceed Mw 6.4, or a 10%
probability to exceed Mw 6.9, and so on. Nevertheless, the Bayesian
estimate from multiple sources of data should be more representative than the one relying on one magnitude observation for this
target problem.
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Appendix. Developing probability functions with MCS
The ﬂowchart shown in Fig. A1 summarizes the MCS procedure
to generate random samples based on the given (posterior) data,
and to develop the earthquake magnitude’s statistics and probability functions. The simulation was assisted with the random
number generator in Excel (function RAND) along with common
randomization algorithms such as the inversed method [29].
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