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Abstract

There is a growing appetite for parametric Japanese earthquake insurance products that use Japanese Meteorolog-
ical Agency seismic intensity, IJMA, triggers. However, most earthquake risk models used to price these contracts
do not compute IJMA directly, instead relying on conversions that introduce additional basis risk. Here, we
present empirical parameterisations of IJMA as a function of all combinations of moment magnitude, hypocentral
distance, peak ground acceleration (PGA), and spectral acceleration (S a) at 0.2, 0.3, 0.6, 1.0, 2.0, and 3.0 s,
derived from earthquake risk model outputs. Parameterisations are fitted using ridge regression applied to 43,002
ground motion recordings from 111 Japanese earthquakes spanning January 2000 to April 2026. A parsimonious
two-parameter model — combining PGA and S a(1.0 s) — outperforms previously published parameterisations,
substantially reducing both uncertainty and bias. When applied to a synthetic parametric insurance portfolio
exposed to 25 years of Japanese seismicity, this parameterisation yields a measurable reduction in basis risk.
These results support more reliable and transparent pricing of parametric earthquake insurance products.

1 Introduction

The Japanese Meteorological Agency (JMA) seismic intensity scale, or Shindo Scale, is a long-established method for categorising
the local ground shaking intensity of earthquakes. It was initially devised as a categorical scale, with values assigned by JMA staff
based on shaking and damage observations in each location [1]. In 1996, the JMA transitioned to reporting an instrumentally
derived seismic intensity (IJMA) which can be converted to the original Shindo Scale [Table 1; 2, 3].

The JMA maintain a dense network of three-component ground-motion accelerometers across Japan that record IJMA and Shindo
class for all detectable earthquakes. The speed and reliability of JMA reporting coupled with the objectivity of IJMA calculations
make Shindo Scale at the nearest observation point an ideal trigger for parametric earthquake insurance in Japan. Parametric,
or index-based, insurance utilises predefined hazard thresholds that trigger payouts representing fixed percentages of the total
insured limit [4]. Commonly used hazard triggers within parametric earthquake policies include Peak Ground Acceleration (PGA),
Modified Mercalli Intensity, and moment magnitude [Mw; 5, 4, 6]. Parametric products with JMA Shindo Scale triggers are
becoming increasingly popular in Japan since IJMA is strongly tied to building damage and payouts can be delivered in a matter of
days after an event [7, 8, 9].

Table 1: Conversion between Japanese Meteorological Agency (JMA) instrumentally derived seismic intensity (IJMA) and the
traditional classification system (Shindo Scale).

Instrumental Intensity Shindo Class Instrumental Intensity Shindo Class
IJMA < 0.5 0 4.5 ≤ IJMA < 5.0 5 lower (5−)

0.5 ≤ IJMA < 1.5 1 5.0 ≤ IJMA < 5.5 5 upper (5+)
1.5 ≤ IJMA < 2.5 2 5.5 ≤ IJMA < 6.0 6 lower (6−)
2.5 ≤ IJMA < 3.5 3 6.0 ≤ IJMA < 6.5 6 upper (6+)
3.5 ≤ IJMA < 4.5 4 IJMA ≥ 6.5 7

Both buyers and sellers of parametric products desire contractual terms that seek to minimise the difference between insurance
payouts and damage incurred, known as basis risk. From the seller’s perspective, it is also important to accurately estimate
the likelihood that parametric payouts are triggered. Earthquake risk models are commonly utilised by insurers to assess the
pricing adequacy of potential deals and manage their exposure to large events [10]. These hazard calculations within these models
generally subdivide into earthquake-frequency and ground-shaking-intensity components. Ground motion intensities are typically
parameterised as functions of magnitude, hypocentral distance, fault mechanism and site conditions – and several parameterisations
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can be used in tandem within a logic tree [11, 12, 13]. Whilst some ground-motion and earthquake-risk models directly estimate
IJMA [e.g., 14, 15], it is considerably more common to estimate physical parameters such as PGA and spectral acceleration (S a) at
several periods [e.g., 0.2 s, 0.3 s, 0.6 s, 1 s, 2 s; 12]. Therefore, most earthquake risk model outputs must be converted into IJMA
before they can be used to evaluate the parametric insurance deals described above. This conversion step introduces additional
basis risk and frequency uncertainty for parametric insurance proposals with Shindo-Scale triggers.

Published empirical relationships exist between several commonly reported ground motion intensity measures and IJMA [16, 17,
18]. However, these models typically draw upon earthquake datasets limited to 20 or fewer events. For applications such as
parametric property insurance, where only ground shaking exceeding IJMA ≈ 5.5 is relevant, incorporating additional strong-motion
observations from more recent large events, such as the 2011 and Tohoku-Oki and 2016 Kumamoto earthquakes, should provide
improved relationship fitting. Furthermore, these parameterisations all rely on intensity metrics less commonly calculated by
ground motion models, e.g., peak ground velocity, spectral intensity, or the max resultant of peak ground acceleration. In some
instances, these differences preclude their usage in insurance contexts, while in others additional basis risk is incurred when
converting modelled variables into useable formats.

Here, we present new parameterisations for calculating IJMA that can directly leverage ground motion model outputs. First, we
extract and process a wealth of seismic data from across Japan to calculate IJMA and a suite of ground motion intensity metrics
typically provided by ground motion models. Second, we employ a multivariate regression approach to develop relationships
between these intensity metrics and IJMA. Finally, we apply our chosen IJMA parameterisation to a hypothetical parametric
insurance portfolio to demonstrate the reduction of basis risk our new approach provides when compared to previously published
parameterisations.

2 Extraction and Processing of Seismic Data

The National Research Institute for Earth Science and Disaster Resilience maintain two strong-motion seismographic networks:
KiK-Net (Kiban-Kyoshin network) and K-NET [Kyoshin network; 19, 20, 21]. These networks provide dense, ∼20 km, coverage
across Japan and record three-component waveform data that are made freely available. We extracted ground motion data for
111 earthquakes between 1/1/2000 and 1/4/2026 that are ≥ Mw 5.0 and have a recording of ≥ 5.0 IJMA for at least one station
(Figure 1a). We only use KiK-Net observations from the surface seismometer and all recordings are corrected using scaling factors
provided with the data.

Figure 1: Locations and recorded intensities for 111 ≥ Mw 5.0 earthquakes between 1/1/2000 and 1/4/2026 that generate at least
one recording ≥ 5.0 IJMA. (a) Locations of processed earthquakes coloured and scaled by their respective magnitudes. (b) K-Net
and KiK stations coloured by maximum recorded IJMA value. (c) Histogram of observed IJMA values within our ground motion
intensity dataset.

2.1 Defining and Calculating Ground Motion Intensity Metrics

Peak ground acceleration (PGA) is the absolute maximum acceleration experienced at a location during an earthquake. Some
ground motion models report the geometric mean (GM) of the horizontal components of shaking, whilst others favour the median
response when rotated over all horizontal orientations [RotD50; 22]. GM and RotD50 PGA values are defined as
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PGAGM = max
t

√
aNS(t) × aEW(t) (1)

and

PGARotD50 = medianθ∈[0,π]
[
max

t
(aNS(t) cos θ × aEW(t) sin θ)

]
, (2)

respectively. Where a is acceleration in the north-south (NS) or east-west (EW) directions as a function of time (t); θ is the rotation
angle between 0° and 180°.

Spectral acceleration (S a) is the maximum acceleration experienced by an idealised damped oscillator with a specified natural
period when subjected to ground motion. Typically, S a is calculated assuming 5% damping and can be expressed at a range of
periods including 0.2, 0.3, 0.6, 1.0, 2.0, and 3.0 s. Similarly to PGA, S a can be presented as both the geometric mean and RotD50
of horizontal ground shaking and both are calculated within this study using the PyRotD python library [23]. All PGA and S a
values are reported in gal.

IJMA is calculated from three-component acceleration time histories [2, 3]. First, three band-pass filters are applied in the frequency
domain to isolate the range of ground motions associated with perceptible shaking and potential damage. The filtered components
are then combined into a single waveform. From this combined signal, a0 is taken as the highest acceleration sustained for a
minimum duration of 0.3 seconds. Finally, IJMA is computed from a0 (in cm/s2) using a logarithmic relationship:

IJMA = log10 a0 + 9.4. (3)

Resulting IJMA values are always reported to one decimal place. This calculation is performed using the shindo.py python library
[24].

We calculate PGA, S a(0.2 s), S a(0.3 s), S a(0.6 s), S a(1.0 s), S a(2.0 s), S a(3.0 s) and IJMA for 43,002 strong motion recordings
across 111 earthquakes (Figure 1b,c; Supplementary Table 1).

3 RegressionModelling

3.1 Methodology

Our aim is to develop parameterisations for IJMA that are both accurate and simple to operationalise within most insurance pricing
workflows. As such, we opt for a regression model and avoid more complex machine-learning approaches, as they often reduce
interpretability and can be difficult to operationalise and audit within insurance pricing frameworks. Since not all earthquake risk
models provide the same ground motion parameters, we compute several alternative parameterisations to suit most users. The
variables we investigate include Mw, the distance between the earthquake hypocentre and recording station (Dhyp) and strong
ground motion intensities PGA, S a(0.2 s), S a(0.3 s), S a(0.6 s), S a(1.0 s), S a(2.0 s), and S a(3.0 s). Hypocentral distance and
strong motion intensities are reported in km and gal, respectively. The relationship between IJMA and maximum acceleration a0 is
log linear and several previous authors have identified log linear relationships between IJMA and both Dhyp and ground motion
intensities [14, 16, 3]. We therefore assume a regression with the form

min
n∑

i=1

(yi − ŷi)2 where ŷi = b0 +

1∑
j=1

b jxi j +

p∑
j=2

b j log10(xi j), (4)

regression coefficients b j are estimated by minimising the squared error between observed and predicted IJMA values (yi and ŷi,
respectively); xi j where j = 1 is Mw and x j where j > 1 are Dhyp and strong ground motion intensities; p is total number of
coefficients.

Parametric insurance contracts typically trigger at IJMA ≥ 5.5, where buildings begin to be materially damaged. However,
accelerometer recordings that exceed this value only comprise 0.6% of the dataset, which is strongly skewed towards lower IJMA
values (see Figure 1c). Since fitting of higher IJMA values is most important for insurance applications and the number of recordings
begins to decrease due to seismometer sensitivity limitations at IJMA < 2, we excise all accelerometer recordings with IJMA ≤ 2.
Remaining IJMA observations are weighted by the inverse of their respective frequencies ( f ) within the dataset. All weights (w) are
normalised so that they have a mean of 1,
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wi =

1
f (yi)

1
n

n∑
j=1

1
f (y j)

. (5)

This approach ensures that each IJMA interval contributes equally to the loss function.

Strong multicollinearity may exist between log10(PGA) and log10(S a) at different periods since these variables are all accelerations
calculated from the same waveform. Furthermore, both Mw and Dhyp may also correlate with ground motion intensities since
larger, closer earthquakes tend to cause greater shaking. Including two or more highly correlated variables within a regression
increases the variance of their associated coefficients – making them more sensitive to changes in the underlying data, thereby
increasing standard error. Figure 2a shows a matrix of Pearson correlation coefficients (R) between each variable and IJMA for
recordings where IJMA ≥ 2. All strong motion intensity variables show a positive correlation with IJMA (R ≥ 0.55). However, PGA
and S a with periods between 0.2 s and 1 s are very strongly correlated with each other (R ≥ 0.75), as are periods between S a(1.0 s)
and S a(3.0 s).

Figure 2: (a) Cross correlation matrix of earthquake observations with IJMA ≥ 2 from our earthquake catalogue (Supplementary
Table 1). All ground motion intensities are presented as the geometric mean of their horizontal components. Each combination
of variables is coloured and annotated with its respective Pearson correlation coefficient. (b) Weighted root mean squared error
(wRMSE) as a function of the number of variables in 511 possible regression parameterisations constructed from Mw, log10(Dhyp),
log10(PGA), log10(S a(0.2 s)), log10(S a(0.3 s)), log10(S a(0.6 s)), log10(S a(1.0 s)), log10(S a(2.0 s)), and log10(S a(3.0 s)) with ground
motions displayed as geometric means of their horizontal orientations. Blue circles = all parameterisations, red circle = best-fitting
models detailed in Table 2.

To mitigate multicollinearity, we employ a ridge regression approach [25]. Ridge regression applies a penalty function that
forces coefficients towards zero, thereby reducing overfitting and model instability. All variables are standardised so that their
contributions to the penalty function are equally weighted. The adapted regression equation is

min

 n∑
i=1

wi (yi − ŷi)2 + λ

p∑
j=1

b2
i j

 , (6)

where b j represents coefficients for all n variables and λ is the tuning parameter. As λ increases, coefficients are forced closer to
zero, decreasing the variance in fit between subsets of sample data but reducing the goodness of fit to the subset of data provided.
To select λ, we conduct a search where λ is varied between 0.1 and 1000 and select the λ that provides the lowest weighted root
mean squared error (wRMSE) in a five-fold cross validation exercise.

3.2 Regression Results

Our regression methodology is applied to all 511 possible variable combinations drawn from the nine parameters recorded in
our database: Mw, Dhyp, PGA, S a(0.2 s), S a(0.3 s), S a(0.6 s), S a(1.0 s), S a(2.0 s) and S a(3.0 s). Regressions are computed for
parameters derived from both geometric mean and RotD50 horizontal-component orientations, yielding a total of 1,022 candidate
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models. Resulting variable coefficients, regularisation parameters, and wRMSE for each model are reported in Supplementary
Table 2.

In regression analysis, model fit improves as additional predictor variables are introduced. Akaike and Bayesian Information
Criteria are typically calculated to identify the most parsimonious well-performing models, however these metrics become less
sensitive to changes in degrees of freedom as the number of samples exceeds a few thousand (Supplementary Table 2). Instead, we
compare the wRMSE of all candidate models as a function of the number of included variables (Figure 2b).

Table 2: Each column details meta data and regression coefficients for a possible IJMA parameterisation. Variables = number of
variables used in the regression; orientations GM and RotD50 = ground motion intensities calculated as geometric mean and
median response of horizontal components, respectively; λ = tuning parameter in ridge regression, wRMSE = weighted root mean
squared error; BIC = Bayesian information criterion; all other values are regression coefficients for variables in the left-hand
column.

Parameterisation P1 P2 P3 P4 P5 P6 P7 P8
Variables 2 2 3 3 4 4 9 9
Orientation GM RotD50 GM RotD50 GM RotD50 GM RotD50
λ 521 628 0.1 0.1 187 171 0.1 0.1
wRMSE 0.1870 0.1828 0.1684 0.1669 0.1671 0.1656 0.1563 0.1520
Intercept (b0) 0.55743 0.3832 0.3491 0.2313 0.3861 0.3178 0.4124 0.3252
Mw −0.0189 −0.0238
log10(Dhyp) 0.0352 0.0407
log10(PGA) 1.27670 1.2815 0.9101 0.9414 0.8814 0.9073 0.9262 0.9986
log10(S a(0.2 s)) 0.0063 −0.0495
log10(S a(0.3 s)) 0.4570 0.4180 0.4937 0.4591 0.3067 0.2849
log10(S a(0.6 s)) 0.3630 0.3798
log10(S a(1.0 s)) 0.73264 0.7306 0.6447 0.6548 0.5208 0.5306 0.2681 0.2555
log10(S a(2.0 s)) 0.1167 0.1177 0.2048 0.2010
log10(S a(3.0 s)) −0.0488 −0.0379

Resultant parameterisations have wRMSEs ranging from 0.15–1.2 and cluster in two broad groups separated at approximately
wRMSE = 0.4. Models in the better performing group (wRMSE < 0.4) all include at least one of PGA, S a(2.0 s), and S a(3.0 s) –
the variables that most strongly correlate with IJMA (Figure 2a). The best-performing models with 2, 3, 4, and 9 variables that do
not rely on S a(0.6 s) or S a(3.0 s), which are less commonly calculated by earthquake risk models, are shown in Table 2. The best
performing two-variable models achieve wRMSEs approaching that of the nine-variable model (0.1870 and 0.1828 for GM and
RotD50, respectively versus 0.1563 and 0.1520; Figure 2b, Table 2). These two-variable solutions employ PGA and S a(1.0 s), both
of which are widely reported by ground motion models. The best-fitting three-variable solutions offer a marginal improvement
of fit (0.1684 and 0.1669 for GM and RotD50 orientations, respectively; Figure 2b, Table 2). However, these solutions require
S a(0.3 s), which is less commonly calculated by earthquake risk models than PGA and S a(1.0 s).

Given the substantial reduction in model complexity alongside the advantage of broad applicability, we select

IJMA = 0.55743 + 1.27690 × log10(PGAGM) + 0.73264 × log10(S a(1.0 s)GM) (7)

and

IJMA = 0.38325 + 1.28150 × log10(PGARotD50) + 0.73056 × log10(S a(1.0 s)RotD50) (8)

as our chosen parameterisations (Parameterisations 1 and 2 in Table 2, respectively; hereafter P1 and P2). Nevertheless, all possible
solutions are included within Supplementary Table 2, so that users can identify their preferred model based on the variables
available from their chosen ground motion or earthquake risk framework.

The performance of P1 at IJMA ≥ 4.5 is displayed in Figure 3. There is a strong overall agreement between observed and modelled
IJMA values with the majority of points clustering close to the 1:1 line (Figure 3a). Mean residuals for all IJMA values deviate
< 0.15 from zero and have tight standard deviations (< 0.25), confirming the model is broadly unbiased (Figure 3b). Standard
deviations are largest and a modest tendency towards underprediction is observed when IJMA ≥ 6. When IJMA values are binned
into Shindo Classes using the conversion illustrated in Table 1, we find that the model correctly identifies the class in 72% and 73%
of cases where the observed Shindo classes ≥ 5− and ≥ 6−, respectively (Figure 3c). Misclassifications are restricted to adjacent
classes for all but one sample.
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Figure 3: Comparison between observed and modelled IJMA calculated using P1 in Table 2. (a) Modelled IJMA as a function of
observed IJMA for all ground motions recordings with observed IJMA ≥ 4.5; samples coloured by weighting during regression
fitting; dashed line = 1:1 for comparison. (b) Circles and error bars =mean and standard deviation residual misfit between observed
and modelled IJMA for all samples in each 0.1 IJMA interval; circles coloured by the number of samples. (c) A comparison between
observed and modelled Shindo classes using conversion outlined in Table 1. Number and colour of each bin denotes the count and
percentage of observed samples of the class, respectively.

4 Discussion

4.1 Comparison to an Established Parameterisation

To assess the performance of our parameterisation we compare its predictive power to a commonly used published alternative by
Karim and Yamazaki [16]; hereafter KY02. Several parametrisations are presented by KY02, however, only Equation 14 in that
paper does not rely on peak ground velocity or spectral intensity, and can therefore be implemented using the output from most
contemporary earthquake risk models, such as the Global Earthquake Model [12]. Equation 14 in KY02 estimates that

IJMA = −0.65 + 0.18 × Mw + 1.81 × log10(PGAR), (9)

where PGAR is the maximum resultant horizontal PGA. Applying this parameterisation to our ground motion database yields a
wRMSE of 0.3583 (Figure 4a,b). This performance is substantially poorer than both our chosen parameterisation and is similar to
our equivalent regression fitted using only Mw and PGA terms (wRMSE = 0.33; Supplementary Table 2). Mean residuals for
each IJMA value can diverge from zero by up to 0.22 whilst most standard deviations exceed 0.25 (Figure 4a). These uncertainties
propagate into greater misclassifications of Shindo classes, particularly for damaging shaking levels (44% of cases where the
observed class is ≥ 5−; 41% when the observed class is ≥ 6− Figure 4b).

A practical limitation of KY02 is that most earthquake risk models do not directly output PGAR. Instead, they provide PGAGM or
PGARotD50, and so an additional conversion step is typically required before KY02 can be applied. Recordings with IJMA ≥ 2 in
our ground motion dataset have a mean conversion factor of 1.5835 between PGAR and PGAGM. Using this conversion elicits
broadly similar results to using observed PGAR values directly (wRMSE = 0.3595; Figure 4c,d).

Since PGAR sits within KY02’s logarithmic term, small differences in a PGAGM–PGAR conversion factor can strongly influence
parameterisation performance – and published conversions vary considerably. For example, Karim and Yamazaki [16] provide
a conversion factor of 1.068 between PGA of the larger of the two horizontal coordinates (PGAL) and PGAR. Combining this
PGAL–PGAR factor with a PGAL–PGAGM factor from Campbell and Bozorgnia [26], yields a resultant conversion factor of 1.193.
Using 1.193 leads to modelled underestimates of IJMA that increase from ∼0.05 to ∼0.35 as observed IJMA values rise from 4.5
to 6.5 (Figure 4e). As a result, only 44%, 36%, and 20% of observations with Shindo Classes of 6−, 6+ and 7 are correctly
identified, respectively; with the majority of misclassifications being underestimates (Figure 4f). These results demonstrate that
parameterisations that require intermediate conversions of ground-motion terms can introduce potentially significant bias and
uncertainty for IJMA estimates that can have downstream impacts on basis risk and insurance decision making.

4.2 Pricing an Illustrative Synthetic Insurance Portfolio

To demonstrate how uncertainties in IJMA parameterisation propagate into insured losses, we apply observed and parameterised
IJMA observations between January 2000 and April 2026 to a synthetic parametric insurance portfolio. This synthetic portfolio
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Figure 4: Comparison between observed and modelled IJMA calculated using Equation 14 in Karim and Yamazaki [16]. (a) Circles
and error bars = mean and standard deviation residual misfit between observed and modelled IJMA for all samples in each 0.1 IJMA
interval; circles coloured by the number of samples. (b) A comparison between observed and modelled Shindo classes using
conversion outlined in Table 1. Number and colour of each bin denotes the count and percentage of observed samples of the
class denoted by the X axis in the bin, respectively. (c and d) Same as 4a and b, respectively with a conversion between PGAR
and PGAGM defined in lower left of 4c. (e and f) Same as 4a and b, respectively, using a conversion between PGAR and PGAGM
defined in lower left of 4e [26, 16].

combines healthcare facilities and power stations across Japan drawn from two publicly available datasets [27, 28, ; Supplementary
Table 3]. Both asset classes serve critical social functions, have incurred losses during historic Japanese earthquakes, and could
conceivably have parametric earthquake coverage [29, 30, 31, 32]. By combining healthcare and power facilities, we hope to
reflect the broad distribution of Japan’s population and industry whilst providing reasonable coverage of its diverse earthquake risk
and experience (Figure 5a).

Table 3: Parametric payout structure representing the percentage of the total insured value (10 billion JPY) that is paid to the
insured in the event of an earthquake causing a Shindo intensity at or above the given thresholds at the nearest KiK or K-Net
seismic station if one is located within 20 km at the time of the event.

Shindo Class 5 Upper (5+) 6 Lower (6−) 6 Upper (6+) 7
IJMA 5.0 ≤ IJMA < 5.5 5.5 ≤ IJMA < 6.0 6.0 ≤ IJMA < 6.5 IJMA ≥ 6.5
Payout (%) 12.5% 25% 50% 100%

We apply a parametric payout structure to each asset that attaches at a Shindo Scale value of 5+ and pays the full insured value if
Shindo Scale reaches 7 (Table 3). This structure is reflective of existing formats in the market [7, 9]. In each earthquake, every
asset is assigned the Shindo scale recorded at the closest K-Net or KiK station that was operational during the event, with a
maximum seismometer-location distance of 20 km. All assets are allotted uniform insured values, or limits, of 10 billion JPY to
create a ‘flat portfolio’ where limits are decoupled from true asset values. This normalisation removes confounding differences in
underlying asset value to isolate the effect of IJMA parameterisation.
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Figure 5: Application of IJMA parameterisations to a synthetic parametric insurance portfolio using real events between 2000 and
2026 (Supplementary Table 1). (a) Locations within the synthetic portfolio; small and large circles are untriggered and triggered
locations, respectively. Triggered locations coloured by the largest Shindo Scale experienced. (b) Loss experience time series;
blue, yellow and pink bars show annual insured losses calculated using Shindo Class observations, those estimated using P1 and
those calculated using KY02, respectively. (c) Aggregated losses for all events between 2000 and 2025; colours are the same as
Figure 5b. (d) Annual loss differences using Shindo Scale observations and parameterisation, positive values are parameterisation
overestimates.

We subject our synthetic portfolio to all 111 historic earthquakes in our ground motion catalogue using observed IJMA values,
and those calculated using P1 and KY02. Total insured losses incurred by the synthetic portfolio each year using each IJMA
parameterisation are shown in Figure 5b. Losses calculated using observed intensities exceed 100 billion JPY in three major
earthquake years: the 2011 Tohoku-Oki, 2016 Kumamoto and 2018 Osaka earthquakes. Together, these three years represent
66% of the 780 billion JPY total aggregate insured loss (Figure 5c). Both IJMA parameterisations overestimate aggregate losses
compared to observations but the bias differs substantially. P1 and KY02 increase aggregate losses by 15% and 29%, respectively
(Figure 5c). KY02 also generates larger, and more frequent annual residual losses, with annual loss misfits exceeding 5 billion JPY
in 12 years compared to 6 years using P1 (Figure 5d). In a parametric insurance context, these discrepancies represent higher basis
risk.

Aggregate loss overestimates for both parameterisations are primarily driven by the Mw 9.0 Tohoku-Oki earthquake, the largest
recorded earthquake and largest insurance loss in Japanese history [Figure 5d; 33]. For the Tohoku-Oki earthquake, KY02
overestimates losses for 106 locations across a region north of ∼35.6◦N and underestimates losses for a smaller cluster of 14
locations around Tokyo Bay (Figure 6a). In contrast, P1 yields a much smaller residual loss, less strong spatial clustering, and
a more even split between over- and underestimated locations (27 and 9 locations, respectively; Figure 6b). These spatial and
residual differences are likely linked to how each parameterisation captures local site conditions and their influence on ground
motions, as well as the extreme nature and magnitude of the Tohoku-Oki earthquake.

Parameterisations of IJMA that include peak ground velocity or spectral intensity terms generally outperform those based solely on
PGA and Mw [16, 3]. Our results suggest that this improvement primarily reflects the inclusion of terms that respond to local
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Figure 6: Parameterisation performance for the Tohoku-Oki Earthquake, 2011. (a) Map of Tohoku-Oki-earthquake-affected region
with background grid coloured by Vs30 value [34]. Inverted-triangles, squares, and triangles are insured locations where triggered
losses in the synthetic portfolio are under-, correctly and over-estimated using KY02, respectively. Symbols are coloured by the
residual misfit between parameterised and observed IJMA and black lines tie insured locations to their nearest seismometer. Black
dots are locations of seismometers with Tohoku-Oki earthquake ground motion intensity recordings (Supplementary Table 1).
(b) Same as Figure 6a with IJMA values calculated using P1. (c) Difference between observed and parameterised KiK-net station
IJMA values ≥ 4.5 using Equation 14 in Karim and Yamazaki [16] as a function of Vs30 values provided by Zhu et al. [35].
Blue circles are all seismometer recordings for all earthquakes in Supplementary Table 1; yellow circles are recordings for
Tohoku-Oki earthquake; red inverted-triangles/squares/triangles are recordings that trigger losses in the synthetic portfolio that are
under-/correctly/over-estimated using KY02. (d) Same as Figure 6c but parameterised IJMA calculated using P1 in Table 2.

site conditions, such as the stiffness of the subsurface. Near-surface stiffness is commonly quantified by the average shear-wave
velocity within the top 30 m of the subsurface (Vs30). Softer sediments (i.e., lower Vs30) typically amplify seismic shaking as
incoming shear waves decelerate as they enter lower stiffness materials. This amplification response varies considerably depending
on the amplitude and frequency of incoming shear waves and the stiffness profile of the subsurface. During stronger shaking
in soft sediments, higher frequency waves (e.g., S a 0.1–0.3 s) can become increasingly damped whilst lower frequency waves
(e.g., S a 1.0–3.0 s) continue to amplify [36]. IJMA is sensitive to a broad range of frequencies, whereas PGA is dominated by the
highest-frequency components of shaking. Consequently, parameterisations relying solely on PGA struggle to reproduce the full
site response captured by IJMA.

To evaluate this effect, we compare observed and parameterised IJMA values for KiK-Net recordings with IJMA ≥ 4.5 as a function of
Vs30 [Supplementary Table 1; 35]. We confine our analysis to KiK-Net stations since their paired surface and borehole seismometers
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provide a more accurate estimate of Vs30 than the surface-only K-Net network [20, 35]. There is a strong positive correlation
between Vs30 and residual misfit between observed IJMA and those calculated using KY02 for both the Tohoku-Oki earthquake
and the full observational record (Figure 6c). This parameterisation systematically underestimates shaking in soft-sediment
environments, including the margins of Tokyo Bay, while overestimating shaking at stiffer sites further north.

P1 substantially reduces this Vs30-dependent bias (Figure 6d). The inclusion of both PGA and S a(1.0 s) terms better captures
the combined influence of high- and low-frequency shaking on IJMA. However, a slight increase in residual misfit remains at
Vs30 ≥ 600 m/s since these two terms alone do not capture the full site response. Where practical, researchers may seek to use
Parameterisations 3–6 in Table 2, that include S a(2.0 s) and S a(3.0 s) terms, which may reduce basis risk.

In addition to its sensitivity to Vs30, KY02 produces systematically larger overestimates of IJMA for the Tohoku-Oki earthquake
compared to other events with comparable site conditions (Figure 6c). This overestimate may stem from the large magnitude of
the Tohoku-Oki earthquake and the inclusion of Mw as a direct additive within the KY02 parameterisation (Equation 9). Because
Mw is an event-level property rather than a site-specific measure of shaking, its inclusion can introduce non-physical behaviour at
large magnitudes or low levels of shaking. For example, if a station records no shaking for the Tohoku-Oki earthquake, the KY02
parameterisation will estimate an IJMA of ∼1 solely due to the Mw term. This effect becomes more important for larger earthquakes
with distal observations. P1 avoids this issue since it relies exclusively on ground-motion intensity metrics. Consequently, the
residual misfits for the Tohoku-Oki earthquake are evenly distributed around zero and are of similar absolute values to the rest of
the observational dataset (Figure 6d).

4.3 Implications for Future Parametric Insurance Contracts

Our IJMA parameterisations should reduce basis risk compared to KY02, so that underwriting and pricing teams can construct and
evaluate IJMA-based parametric policies with greater confidence. This may encourage broader acceptance of such structures across
both insurance and reinsurance markets, and support wider uptake of IJMA as a principal trigger index. However, basis risk remains
unavoidable when using parametric earthquake triggers. In practice, it arises from multiple sources including shaking differences
between insured locations and reference seismometers, deviations between incurred damages and triggered payouts, as well as
the uncertainties derived from the earthquake risk model used to price the contract. Nevertheless, basis risk can be mitigated by
thoughtful payout-structure design [37]. For example, using 0.1 increments of IJMA in place of steps in Shindo Class can mitigate
thresholding effects and avoid large loss changes [e.g., 9]. Although increasing the number of steps can reduce the interpretability
of the product, potential policy holders tend to prefer products that demonstrably reduce basis risk [38]. In addition, our simple
synthetic example assumes that all hospitals and power plants have equal values and vulnerabilities. Detailed understanding of an
asset’s underlying risk (e.g., its structural vulnerability and historical damage) can improve the tailoring of an insurance policy and
reduce basis risk.

Using IJMA as a parametric insurance trigger introduces an additional modelling step compared to more common approaches such
as PGA or Mw within a given distance. However, these simpler triggers can themselves produce substantial basis risk because
they are poorer predictors of damage that do not adequately represent site amplification and frequency-dependent effects [39].
These issues are particularly important for structures on very soft or very stiff soils, or for buildings that are more vulnerable to
lower-frequency shaking. The Modified Mercalli Intensity (MMI) scale offers a closer analogue to IJMA, as it has been developed
to reflect observed damage [40]. However, MMI lacks instrumental objectivity, relying on observational reports in its derivation.
Furthermore, PGA and MMI do not carry the same societal familiarity across Japan as IJMA, which is embedded in public
emergency broadcasting [41]. As such, the close association between IJMA and damage, its established meaning across Japanese
society, and the objectivity of its calculation make it a beneficial trigger for both buyers and sellers of parametric earthquake
products.

More broadly, the parametric insurance market would benefit from wider adoption of instrumentally-derived intensity metrics
that incorporate multiple spectral frequencies and align more closely with observed damage. Beyond IJMA, promising candidates
include spectral intensity, average spectral acceleration, and filtered incremental velocity, which could serve as effective triggers
in other seismic settings [39, 42]. The methodology presented here provides a transferable framework for estimating any such
metric from earthquake-model output, subject to the availability of sufficient observational data for calibration. Wider adoption of
such indices could improve both the reliability and affordability of parametric earthquake (re)insurance globally — particularly in
regions where large parametric policies serve as the primary financial protection for uninsured populations and public assets.

5 Conclusions

A suite of parameterisations has been constructed that estimate IJMA from a variety of earthquake parameters and ground motion
intensity metrics (Supplementary Table 2). These parameterisations are fitted to and evaluated with a large dataset of Japanese
ground motion observations recorded between 2000 and 2026 (Supplementary Table 1). Of these, we select P1 in Table 2 as
our most parsimonious well-fitting solution and compare its performance to observed IJMA values and those calculated using a
previously published method [16]. We find P1 reduces misfit to observed IJMA recordings compared to published approaches,
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particularly if users are constrained to the output of earthquake risk models. We believe this parameterisation will prove useful for
both the earthquake risk and parametric insurance communities.
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1 Supplementary Table 1

Supplementary Table 1 contains 43,002 strong motion recordings across 111 Japanese earthquakes from the National Research
Institute for Earth Science and Disaster Resilience maintain two strong-motion seismographic networks: KiK-Net (Kiban-Kyoshin
network) and K-NET [Kyoshin network; 1]. These earthquakes were recorded between 1/1/2000 and 1/4/2026, are ≥ Mw 5.0,
and have a recording of ≥ 5.0 IJMA for at least one station. We only use K-Net observations from the surface seismometer and all
recordings are corrected using scaling factors provided with the data. The following columns are included in the table:

• Origin_Time - the date and time the earthquake occurred.
• EQ_Longitude, EQ_Latitude, EQ_Depth_km - location of earthquake hypocenter.
• Magnitude - earthquake moment magnitude.
• Network - network of recording station (kik or knet).
• Station_Code - station identifying code.
• Station_Longitude, Station_Latitude, Station_Height_m - Location of recording station
• Record_Time - the date and time the recording was taken.
• Max_Acc_gal, Max_h_Acc_gal - maximum peak ground acceleration recorded as the resultant in 3-component and

horizontal directions.
• Geom_h_PGA_gal, Rot50_h_PGA_gal - Geometric mean (Geom) and RotD50 (Rot50) horizontal peak ground accelera-

tion.
• Geom_h_SaX_gal, Rot50_h_SaX_gal - Geometric and RotD50 mean horizontal spectral acceleration (Sa) with 5%

damping where X is 0.2, 0.3, 0.6, 1.0, 2.0 or 3.0 s.
• Shindo_Intensity - Japanese Meteorological Agency seismic intensity value.

This table was constructed using Strong_Motion_Data_Processing.ipynb which leverages the PyRotD and shindo.py python
libraries [2, 3]. All PGA and S a values are reported in gal.

2 Supplementary Table 2

Supplementary Table 2 contains the best-fitting regression model coefficients for all possible combinations of the input parameters
(see Regression Modelling, Methodology in main text). Column headers include the variable associated with each coefficient.
These are:

• intercept - the Y-axis intercept.
• Mw - moment magnitude of the earthquake.
• log10_Dhyp - the log of the distance between the hypocenter and the recording station.
• log10_PGA - the log of peak ground acceleration.
• log10_Sa_X - the log of spectral acceleration at X period, where X is 0.2, 0.3, 0.6, 1.0, 2.0, or 3.0 s.

Hypocentral distances and strong motion observations are presented in km and gal, respectively. All strong motion parameters
can be presented as the geometric means of their horizontal components (GM) or as the median response when rotated over all
horizontal orientations (RotD50). Metadata provided includes:
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• Orientation - the orientation of strong motion parameters, GM or RotD50.
• Degrees_of_Freedom - the number of regression parameters considered.
• lamda - the regularisation parameter.
• wRSME - weighted root-mean-squared error.
• BIC - Bayesian Information Criterion.
• Effective_Degrees_of_Freedom - effective degrees of freedom.

To aid model comparison, we calculate each parameterisation’s Bayesian Information Criterion (BIC) to evaluate their respective
performance whilst penalising unnecessary model complexity [4]. In a regression analysis, the goodness of fit will always improve
when an additional variable is introduced. Since Ridge regression regularises coefficients toward zero, the model is less complex
than the number of variables implies. The BIC equation is therefore adapted to use the effective degrees of freedom, de f f , rather
than the raw parameter count,

BIC = n ln
(∑

wi(yi − ŷi)2

n

)
+ de f f log n. (1)

and

de f f =
∑ d2

i

d2
i + λ

, (2)

where di are singular values of the predictor matrix - tabulated input variables used to fit the model - which summarise how much
natural variation exists along each independent direction of the data. As λ increases, the regularisation more strongly constrains
coefficients towards zero and the effective degrees of freedom, and therefore model complexity, reduces. This table is created using
Regression_Methodology.ipynb.

3 Supplementary Table 3

Supplementary Table 3 details a synthetic flat portfolio of assets and includes the following information:

• Latitude, Longitude - Location of an asset.
• osm_id - unique identifier for each location.
• Type - details whether an asset is a hospital or energy facility.
• Limit Flat - total limit of the asset if 100% loss is achieved.

Locations of these assets are taken from Byers et al. [5] and Healthsites.io [6].

References

[1] National Research Institute for Earth Science and Disaster Resilience. K-net, kik-net. Dataset, 2019. URL https:
//doi.org/10.17598/NIED.0004.

[2] Albert Kottke, Kris Vanneste, and Stef Bot. arkottke/pyrotd: v0.6.1, 2023. URL https://doi.org/10.5281/zenodo.
8101955.

[3] RR-Inyo. shindo: Calculates JMA (Japan Meteorological Agency) seismic intensity (shindo) scale from acceleration
data recorded in NumPy array. https://github.com/RR-Inyo/shindo, 2021. URL https://github.com/RR-Inyo/
shindo. Accessed: 2026-06-01.

[4] Andrew A Neath and Joseph E Cavanaugh. The bayesian information criterion: background, derivation, and applications.
Wiley Interdisciplinary Reviews: Computational Statistics, 4(2):199–203, 2012.

[5] Logan Byers, Johannes Friedrich, Roman Hennig, Aaron Kressig, Xinyue Li, Laura Malaguzzi Valeri, and Colin McCormick. A
global database of power plants. Technical note, World Resources Institute, 2018. URL https://www.wri.org/research/
global-database-power-plants.

[6] Healthsites.io. The global healthsites mapping project. https://healthsites.io/, 2026. Open healthcare facility dataset
and API. Accessed: 2026-05-29.

https://doi.org/10.17598/NIED.0004
https://doi.org/10.17598/NIED.0004
https://doi.org/10.5281/zenodo.8101955
https://doi.org/10.5281/zenodo.8101955
https://github.com/RR-Inyo/shindo
https://github.com/RR-Inyo/shindo
https://github.com/RR-Inyo/shindo
https://www.wri.org/research/global-database-power-plants
https://www.wri.org/research/global-database-power-plants
https://healthsites.io/

	Introduction
	Extraction and Processing of Seismic Data
	Defining and Calculating Ground Motion Intensity Metrics

	Regression Modelling
	Methodology
	Regression Results

	Discussion
	Comparison to an Established Parameterisation
	Pricing an Illustrative Synthetic Insurance Portfolio
	Implications for Future Parametric Insurance Contracts

	Conclusions
	acknowledgements
	93d409b0-fd37-4688-9d7b-830651bbb603.pdf
	Supplementary Table 1
	Supplementary Table 2
	Supplementary Table 3


