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Abstract: This study proposes a nonstationary Poisson-Lindley Hidden Markov Model (PL-HMM) as
a novel framework for modeling the frequency of community-based disaster insurance claims. The
model accounts for both serial dependence and overdispersion in claim counts through hidden risk
states, while nonstationary transition probabilities are introduced via a sliding-window mechanism.
Parameters are estimated using the Generalized Expectation-Maximization (GEM) algorithm,
supported by a theoretical foundation to ensure a monotonic improvement of the complete log-
likelihood. The model was simulated using monthly claim frequency data from West Java Province,
Indonesia. A comparative analysis against nonstationary Poisson HMMs with varying numbers of
hidden states showed that the two-state nonstationary PL-HMM achieved the lowest Bayesian
information criterion (BIC), thus indicating the best fit. A sensitivity analysis of sliding-window
horizons (12, 24, and 36 months) demonstrated that persistence patterns of claim risk-states remained
robust, with horizon changes reflecting alternative risk measurement periods. The results highlight that
the proposed model effectively captures time-varying claim risks, particularly the alternation between
low- and high-claim periods, while realistically reflecting the empirical dominance of high-claim
regimes. Beyond the simulation data, a nonstationary PL-HMM is flexible and applicable to other
regions that exhibit overdispersed claim data, making it a valuable framework for adaptive premium
design and disaster risk financing in community-based insurance schemes.
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1. Introduction

Natural disasters, including floods, earthquakes, and landslides, are posing severe threats to the
socio-economic resilience of communities, particularly in developing countries such as Indonesia. A
strategic effort to mitigate the financial impacts of such disasters is the implementation of Community-
Based Disaster Insurance (CBDI) schemes—insurance mechanisms specifically designed to protect
the most vulnerable local community from disaster impacts. These schemes facilitate faster recovery
processes and promote community participation in disaster risk management. In the context of CBDI,
providing affordable premiums for communities becomes a main priority. A study by [1] showed that
affordable premiums create a positive trend in disaster insurance participation, while still ensuring
adequate protection against property damage, thus highlighting that premium affordability is a crucial
factor for the implementation of CBDI schemes. Therefore, claim modeling—which is directly linked
to premium determination—needs to be conducted in a realistic way to accurately represent claim risk.
Affordable premiums can be achieved through nonstationary claim risk modeling, whereby the
expected claims are updated to reflect time-varying risk dynamics. Such an approach prevents high
premium setting and ensures that CBDI schemes remain sustainable while effectively addressing the
needs of communities in disaster-prone areas. However, the risk of claims cannot be directly observed;
it is inherently latent but closely related to observable variables such as claim frequency and claim
severity. This motivates the use of Hidden Markov Model (HMM), which allows hidden risk states to
be inferred from the observed claim data. HMM has been applied across several insurance domains,
including vehicle claim estimation [2], aggregate claim dependence analyses [3], and optimal
investment modeling for insurance firms under model uncertainty [4]. However, most HMM
applications in insurance still rely on the assumption of stationarity, particularly in the transition
probability matrix (t.p.m.) between hidden states and the initial probability distribution (i.p.d.). The
assumption is often unsuitable for disaster-related claim data, which is typically highly volatile and
shaped by changing risk factors over time, such as seasonal rainfall intensity and local geological
conditions. For instance, the probability of low- or high-risk states may increase significantly during
the rainy season or decrease after the construction of protective infrastructure. Such evolving dynamics
are difficult to capture with a stationary HMM. To address this limitation, this study proposes a novel
modeling method, namely the nonstationary transition Poisson-Lindley HMM (PL-HMM), designed
specifically for community-based disaster insurance claims. The model incorporates three major
components: (i) Poisson-Lindley distribution is used for the emission distribution, which provides a
more flexible representation of the overdispersed claim frequency; (ii) an HMM framework to
accommodate hidden risk claims; and (iii) a nonstationary transition through a sliding-window method,
which allows the transition dynamics to evolve over time in response to the changing claim risk levels.
Although overdispersion can be addressed using a Negative Binomial distribution, as previously
shown by [3] in the context of insurance claims, such methods have generally been modeled under a
stationary assumption. Moreover, a Negative Binomial distribution faces important limitations. The
probability mass function (pmf) of Negative Binomial distributions rapidly declines as claim
frequencies increase. For claim frequencies that are very large (e.g., exceeding 100), the corresponding
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emission probabilities in an HMM become extremely small, often leading to numerical instability
during the estimation and an increased algorithm complexity. These challenges make the Poisson-
Lindley distribution a more robust and practical choice in nonstationary HMM frameworks for highly
fluctuating disaster claim data. The choice of a nonstationary assumption is intended to produce
affordable CBDI premiums by making them adaptive to dynamic risk patterns. Moreover, this
assumption is grounded in the empirical reality that claim risk is observed through the claim frequency.
Claim frequency data from CBDI schemes across regions (see Figure 1) exhibit clear shifts in variance,
thus indicating nonstationarity [5]. Accordingly, the t.p.m. that evolves over time through a sliding-
window approach becomes essential in the modeling process. In line with [4,6], which emphasize the
need for flexibility to capture unobserved risk dynamics, the main contribution of this study lies in
presenting a more realistic modeling framework to demonstrate that a disaster-related claim risk is not
stationary. In other words, claim risk is dynamic and influenced by various external factors, thus
requiring a nonstationary approach to be represented more accurately.

West Java Jakarta

Banten East Java

Yogyakarta Middle Java

== s Rl (el Rl G G A === A R

Figure 1. Nonstationary diagnostics of monthly claim frequencies.
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2. Materials and methods
2.1. Poisson-Lindley distribution

The Poisson-Lindley distribution is a discrete probability distribution developed to address the
issue of overdispersion, a condition where the variance of the data exceeds its mean, which is a
common occurrence in claim frequency and disaster-related data [2,7]. This distribution arose from a
mixture of the Poisson and Lindley distributions, which makes the model more flexible in representing
data with high variability. According to [8], the pmf of a Poisson-Lindley distribution with parameter
8 > 0 is given by Eq (1):

026 +y + 2)

PY=y;0) = (1L+6)y+3 "’

y=0,12,.. (1)
The expectation of a Poisson-Lindley distribution is formulated in Eq (2):

_6+2 2
E(Y) = 6(1+6) @)

2.2. HMM

According to [7], an HMM is a discrete-time stochastic process consisting of the pair
{Y,, X;; t e N}, where {X;,te N} forms a Markov Chain that represents the underlying causes of
events that could not be directly observed. Meanwhile, {Y;,t € N} is a sequence of observations that
depended on {X;,t € N}. An HMM has several major parameters, as shown by [9,10].

The initial state distribution 7, denoted by m; = P(X; = i), is the probability of being in hidden
state i attime 1 for i = 1,2,...,m, where m is the total number of hidden states. In addition, the
tp.mA = [al- j], where a;; is represented by P(X..; = j|X; =) as the time-independent transition
probability of hidden state from i to j between time t+ 1 and t. The emission matrix B =
[b;(y)], where b;(y) is denoted by P(Y; = y|X, = i), is the probability of making an observation
Y, atagivenstate X; for i =1,2,...,m and y = 1,2, ...,n, where n isthe number of observations.

2.3. Poisson HMM and the parameters estimation

A Poisson HMM is a special case of HMM, in which the observable variables {Y;,t € N} are
assumed to follow a Poisson distribution with the parameter 4;, depending on the hidden state X; = i.
The unobservable process {X;,t € N} is modeled as a discrete Markov chain with a state space S =

{1,2,...,m}. Accordingly, three sets of parameters must be estimated, namely the state transition

/1%/ exp(—1;
!

matrix A, the initial state distribution 7r, and the emission distribution b;(y) = ), where the

vector A = [A4,4,, ..., A4;,] represents the mean claim frequency for each hidden state.

Parameter estimation is generally performed using the Maximum Likelihood method, which is
solved through either the Generalized Expectation-Maximization (GEM) algorithm or the Baum-
Welch procedure. In the M-step, the parameter A; of the Poisson HMM is updated as follows:
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Equation (3) was first introduced by [11], who demonstrated that the Poisson HMM is capable of
capturing variations in risk levels in insurance claim data that cannot be explained by a simple Poisson
model. Furthermore, subsequent studies by [3,7] have shown that Eq (3) indeed maximizes the
expectation of the complete In-likelihood.

2.4. Data

The data used in this study is secondary data obtained from the official website of the National
Disaster Management Authority (BNPB) of Indonesia through https://gis.bnpb.go.id/. The data is a
monthly time series of the number of houses damaged by disaster from 2010 to 2022. Specifically, the
dataset consists of the total number of damaged houses per month, which are classified according to
the severity of the damage, namely minor, moderate, and severe. Additionally, this section provides an
exploratory view across multiple regions to demonstrate that nonstationary is pervasive. The cross-
region display is not to tailor the model by region, but rather to show that the model must be adaptive
over time (time-varying risk). In every region we examine, we observe a variance shift—consistent
with the introduction and supporting nonstationary transitions without merely “chasing data fit”.
Figure 1 presents six representative regions.

While Figure 1 illustrates that nonstationary is pervasive across regions, the simulation in this
study focuses on West Java as a simulation. During the simulation, the total number of damaged houses
per month was assumed to represent the frequency of claim under the CBDI scheme. This assumed
that each instance of house damage due to disaster was associated with one claim in the CBDI
framework.

The frequency of claim in this fluctuated significantly from one month to another, with certain
periods showing very low claim, and others marked by sharp spikes in houses damage. This pattern
signifies the existence of distinct phases of claim risk, which statistically assumes the presence of two
or more hidden states governing the claim process. This observation supports the adoption of an HMM
to capture the dynamics of transition between the underlying risk conditions. The descriptive statistics
in Table 1 show that the average (mean) number of damaged houses per month was 1147.75, while the
variance reached as high as 21,980,033.891935. The gap between the mean and variance strongly
signifies the presence of overdispersion in the data [11]. The outcome shows that the variability
exceeds the expectation under a standard Poisson model. Therefore, the Poisson-Lindley distribution,
which is theoretically well-suited to model over dispersed count data, is considered appropriate for this
study. The implementation of the nonstationary transition PL-HMM in this study is justified by the
characteristics of the data, which demands a modeling method capable of accommodating both the
changing risk patterns over time and the highly variable nature of disaster-related claim frequencies.

Table 1. Descriptive statistics of claim frequency in CBDI.

Mean Median Standard Deviation  Variance Kurtosis Skewness
1147.75 375.363362 4688.287 21,980,033.891935 141.028105 11.615884
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3. Results
3.1. Nonstationary PL-HMM

The model assumes that {(X;;Y;);t € Ny} is astochastic process, where X; represents the claim
risk level following a nonhomogeneous Markov chain with a state space S ={1,2,...,m}. The
sequence of random variables {X;,t € Ny} shows claim risk levels that are not directly observable and
constitute hidden states at time t. Meanwhile, {Y;,t€e Ny} denote the observable sequence
corresponding to the claim frequencies, where Y; is a Poisson-Lindley distributed random variable
that depends on the claim risk level X; at time t. The relationship between the claim frequency and
risk level is defined by Eq (4):

Y;|X; = i~PL(0;), for i =1,2,...,m and teN,. 4)

Equation (4) shows that {Y;,t € Ny} is the observation sequence in the HMM with a Poisson-
Lindley emission distribution, where 6; represents the overdispersion parameter of the claim
frequency influenced by hidden states X, = i (i.e., claim risk level).

The process introduces a sliding window method to capture the nonstationary dynamics of claim
risk, where the observation period is divided into overlapping time segments denoted as wy, the
k*" window. Following the model, each window wy = {1,2,3,...,T,}, where T is the window
length. The nonstationary transition probability from the risk level i to the risk level j in window
wy 1s mathematically expressed in Eq (5):

P(X, =jlX, = i) =al", t ew, (5)

(Wk)

where a; ; represents the element of t.p.m. AM™®) represents the window w;, with a dimension

m X m and satisfies the condition Z;’;l ag.”") =1 forall i € S. Furthermore, the i.p.d. of the claim

risk level at window w; is denoted by vector 1) and a row vector dimension 1 X m that satisfies
w1) _

the condition Y2, ;" " = 1, as shown in Eq (6):
W) = [ﬂgwl) néwl) n,(;:vl)] =[Px;=1) P(x;=2) - Ply=m)] (6)

When the t.p.m. between claim risk levels is nonstationary, then the i.p.d for k > 1 also becomes
nonstationary. Consequently, the i.p.d. of the claim risk level for k > 1 is given in Proposition 1.

Proposition 1. Let X = {x1, x5, ..., xp} be the sequence of classified claim risk levels, considered as
hidden states divided into W segments based on sliding windows wy,. The t.p.m. with window wy, is

shown by AWK = [ag-/vk)]. When the i.d.p. of the claim risk level at window w; is denoted by vector
™ | and the ip.d. of claim risk levels at window wy for k >1 is given by m™WK =
T[(Wl) Hlscz_il A(Ws).

Proof.
(i) Basis case: m® for k = 2, the model has the following:

m m
n(WZ) = P(xz :]) = ' lp(xl = l)P(xz :jlxl = l) — Z 17_[i(W1)ai(;Vl)
1= 1=

— niwl)aﬂ’l) + ngwl)ag‘;ﬁ) 4ot n.?(xﬁ)a%ﬂ — TL'(Wl)A(Wl).
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(i) Inductive step: Assume the following for k = n:
n-1
TWn) = WD AW gW2)  AWnt) — p(w1) 1_[ AWs).
s=1
The process needs to show that the step holds for k =n + 1:

-1
2WnsD) = WD) JWD AW2)  AWno1) gWn) — (n(wa 1_[" A(ws)) AR = pwp) nn A9
s=1 s=1

Using the principle of mathematical induction, the i.p.d. of claim risk levels for any window wy,, where
k>1,is W) = gWo) [Tz A,
m
Since hidden states are assumed to represent nonstationary claim risk levels, both t.p.m. and i.p.d.
are considered to be nonstationary. However, the emission distribution b;(y) is not required to be
nonstationary. This is based on a fundamental assumption of an HMM, as the probability of an
observation at time t solely depends on a hidden state at the same time. Mathematically, the process
used during the modeling is expressed as follows:

P(Y, =y X = i) t e wp. 7

Following this assumption of emission distribution bi(yt(wk)> is constant across all windows

wy. This is in line with the assumed characteristics of the CBDI claim data, where the claim frequencies
were driven by a specific risk level in each frequency class, irrespective of when those conditions
occurred.

Based on Egs (4) and (7), each row i of the emission distribution bi(yt(w")) represents the pmf

of the claim frequency, which follows a Poisson-Lindley distribution with 8;. Relating to the modeling,
the pmf is mathematically defined in Eq (8):

912 9,: W) 2
bi(yt(Wk)) — P(Y — yt(Wk)IXt — l) — ( +Y; + ), (8)

Wg)
1+6)%t  *3

where bi(yt(wk)) describes how the i*" claim risk level generated claim frequency of value yt(w").

According to the assumptions and Eqs (4)—(8), the parameters of the PL-HMM with nonstationary
transition are AWK k) and . These parameters are estimated using the Baum-Welch algorithm.
Before executing the algorithm, an initialization step is required for the parameters AW®), wWkK) and
0. The initial values of these parameters are determined using a percentile-based method, depending
on the number of assumed claim risk levels. During this study, the number of claim risk levels is
assumed to be m = 2,3,4, and 5.

3.2. Parameters estimation

Next, the parameters of PL-HMM ("), AWK) and @ are determined, thereby maximizing the
likelihood of a given sequence of observations such that P(y(Wk)|1’i(W’<),A(W’<), 9) >
P(y(Wk)ln(Wk),A(Wk), 0), thus leading to a new PL-HMM AW, AWK @, For the window Wy, the
observed (window) In-likelihood is as follows:

AIMS Mathematics Volume 10, Issue 10, 23411-23428.
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£ W) (n-(Wk)’A(Wk)' 9) =In P(y(Wk)ln-(Wk)'A(Wk)’ g) = mZ p(x’ y(Wk)|n-(Wk)’A(Wk)' 9)_

X

The observed likelihood is generally inconvenient to maximize directly [12]. Therefore, through the
complete In-likelihood formulation, the Generalized Expectation-Maximization (GEM) algorithm is
used to estimate the parameters of the HMM as follows:

L(Wk) (n-(Wk) AWK, 9) In p(x y(Wk)ln-(Wk) AWK, 9)
=yn I(W") () 1n n(w") + ZT" tym, Xl Wk)(l Nlin a(wk) + Z DN It(w")(i) In bi(yt(w")),

where
M) =16X=0it=12.,T,
IEWk)(i;]') =leX,=iand X4y =/, t=12,.., T, - 1L

E-Step. In the E-Step, given the observations of frequency claim and the current parameter estimates,
the missing information about the claim risk level (hidden state) sequence is replaced by its conditional
expectation. In other words, the unobserved indicator variables in the complete In-likelihood are
substituted with their posterior expectations, which are represented by y, Wk)(l) and Et(wk)(L j). This
yields the following auxiliary function (expected complete In-likelihood):

Te—-1 m m Tk m

iyfw")(i) In " + Z ZZf(W")(l Hinaf ")+22y§ 9@ by, ()

t=1 i=1 j=

Both )/t(wk) (i) and &; (W")(i j) are efficiently computed using the forward-backward algorithm. Let
the forward and backward probabilities for window w;, be a; Wi ({) and ,8 Wi (p), respectively:

Wk) (i) = T[(Wk)b ( (Wk))’

m
A0 = (2 a0 () e=2n

i=1

PR ) = 1,
m

W (1) = Z o b (ya) B (), t=Ti— LT =21

j=1

Here, the transition probability is computed from the claim risk levels i to j attime t as follows:

(Wk)(i) a(Wk) b}( (Wk)) g

N TINA0)

t+1 (10)

P BT v

£M9 (i, ) =

The probability of being in the claim risk level i at time ¢t is as follows:
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a® (). (1)

(Wk)(i) —
Ye s a8 (1)

(11)

M-Step. Subsequently, the GEM M-Step increases Eq (9) with respects to the parameters (&),
A and dan 0, thus yielding closed-form updates for the i.p.d. for the first window 1) as
follows:

g =, )y (12)

For k > 1, the i.p.d. ®™¥) is not updated independently, but instead is propagated from m(®)
through the sequence of the estimated t.p.m. according to Proposition 1. The t.p.m. AMWKnew =

[ winew| 4 updated as follows:

Tkt eWId gy

S & win

wWinew Y-
l] ZTk 1

(13)

For the emission distribution b;(y) is assumed stationary, thus signifying 8; is the same across all
windows, though it is re-estimated at each iteration. In the GEM framework, the update of 8; need
not maximize the auxiliary function [12]; it is sufficient to choose 6**" > 0 such that each GEM
iteration monotonically increases the observed (window) In-likelihood. The formula used to update 6;

Hl:new _ —(yi_l)i\/(yi_l)z*'syi’ (14)

N 2y;

_ LkZek 1y§W’<)() i
Tk Tk 1y§W’<)<z)

The total In-likelihood is used to determine the convergence of the GEM algorithm. Specifically,
the total In-likelihood at iteration r is defined as follows:

r = 2o, L0 (w0, 40, 6). (15)

Equation (15) be evaluated using either the forward or the backward probabilities:

=2, I e ). (16)

= TWL - by (™) - B (@), respectively. (17)

During the simulation, the iteration stops when &, = |L,,; — L,| < & (e.g., 107% to 107%).
3.3. Simulation study on claims frequency of community-based disaster insurance

In this study, the model is first applied for m = 2 in the simulation. The claim frequency data is
arranged from smallest to largest; then, the risk boundaries between claim risks are determined using
the percentile rule. In addition, the boundary percentiles for m = 2and T = 156 are used. A snippet
of the classification results for m = 2 are shown in Table 2
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Table 2. Claim frequency classification for 2 risk levels.

Month-Year  Claim Frequency  Risk Level Claim Frequency at Risk Level 1 ~ Claim Frequency at Risk Level 2

Jan-2010 2296 2 - 2296
Feb-2010 2001 2 - 2001
Mar-2010 2486 2 - 2486
Apr-2010 770 2 - 770
May-2010 374 1 374 -
Agst-2022 2305 2 2305
Sept-2022 265 1 265 -
Oct-2022 388 1 388 -
Nov-2022 57906 2 - 57906
Dec-2022 218 1 218 -

The 36-month horizon (w) is chosen to ensure a credible basis to estimate claim frequency risk.
The three-year window balances stability and responsiveness, thereby covering at least three seasonal
cycles and providing sufficient data volume for credible risk measurement. The 6-month step (s)
reflects a feasible premium review period, consistent with the semi-annual adjustment practice in
CBDI. The number of windows W formed is calculated as follows:
T-w _ 156-36

W = +1= +1=21.
N 6

The outcome is 21 windows in total, thus leading to a set of nonstationary t.p.m.
AW AW2) - AW21) The constructed model is a nonstationary HMM formulated using the sliding
window method. Moreover, a mathematical simulation is only shown for the first window
(January 2010-December 2012). Simulations for the remaining windows follow the same procedure
but are computed using Google Colab for efficiency.

The simulation starts with parameter initialization based on the classification in Table 2. The first
parameter initialized during the simulation is the t.p.m.; a sample of the calculated t.p.m. for m = 2
is shown in Table 3.

Table 3. Transition probability matrix of claim risk levels for window wy,.

k AWK k AWK
. 06 04 1 [0.833 0167
035 0.65 0364 0.636
. [0.625 0375 4y 081 0.19
0263 0.737 0286 0.714
5 [0538 0462] 13 0.818 0.182
0227 0773 0231 0.769
0g  [0773 02271 |4  [0.765 0235
0462 0538 0222 0.778
0o [0762 0238 o0 0.706  0.294
0429 0571 0222 0.778
0 [0792 0208 5, 0.688 0312
0455 0.545 0316 0.684
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After the t.p.m. is determined for each window wy; k = 1,2, ..., 21, the next step is to calculate
the i.p.d. for each risk level i = 1,2 in window 1.

n"1) = [0,444444 0,555556].

The calculations for windows wy; k = 2,3, ...,21, are performed using Proposition 1. Following, the
simulation, a sample of the results are shown in Table 4.

Table 4. Initial probability distribution of risk levels for window wy,.
k n(wk) k ﬂ_’(wk)
1 [0.444444 0.555556] 11 [0.667447 0.332553]
2 [0.461111 0.538889] 12 [0.677032 0.322968]
3 [0.429922 0.570078] 13 [0.640765 0.359235]

[0.459233 0.540767] 19 [0.518077 0.481923]
[0.604822 0.395178] 20 [0.503316 0.496684]
10 [0.630406 0.369594] 21 [0.465605 0.534395]

The last parameter initialization is the emission distribution for the parameter @ at each risk level,
which is estimated using the moment method. Based on the estimates 6; and 6,, the emission
distribution for risk levels 1 and 2 are given by the following:

(W) (91)2<91+3’t(wk)+2) (0-012133406865)2(0.012133406865+y§‘”k)+2)
bl (yt = (Wk) = (Wk)+3 ’
(1+6,)7t *2 (1+0.012133406865)”t

(8,2 (6, + ¥ +2
b, (ygwk))z 2(1(:9 )i’; )
2

(0.00093779911)2 (0.00093779911 + y ¥ + 2)

Wi 43

5 ,respectively.
k3

w
(1+0.00093779911)7:

After the initializing parameters m™®), AWk) and @ are established, the GEM algorithm is used to
re-estimate the model parameters. Each iteration begins with the E-Step, where the expected complete
In-likelihood is computed using Eqs (10) and (11). This is followed by the M-Step, where the
parameters are updated using Eqs (12)—(14). The algorithm is repeated until the total observed
(window) In-likelihood reaches convergence. Here, a convergence table is provided to display the
evolution of the In-likelihood and updated parameter from the last iteration.

The GEM algorithm is stopped at the 29th iteration when it reaches the convergence criterion
g, < & with € = 107>, The results in Table 5 demonstrate that Eqs (12)—(14) is numerically verified,
thereby showing an increase in the observed (window) log-likelihood. The parameter estimates
obtained at this final iteration are taken as the optimal values for the 2-state PL-HMM, including the
t.p.m. and the i.p.d. These results are summarized in Tables 6 and 7, respectively.
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Table 5. Iteration of GEM algorithm for PL-HMM with m = 2.

r L &

0 —5832.423986 -

1 —5795.356346 37.067640
2 —=5790.496406 4.859940
3 —5787.864127 2.632279
4  —5786.448840 1.415287
5 —5785.740907 0.707933
25 —5785.167434 0.000031
26 —5785.167456 0.000021
27 —5785.167471 0.000015
28 —5785.167481 0.000010
29 —5785.167487 0.000007

Table 6. Final transition probability matrix of claim risk levels for window w, (after

GEM algorithm).
ko AWo k AW
0.621740214534 0.378259785466 11 0.826721172052 0.173278827948]
0.223031476706 0.776968523294 0.367741957541 0.632258042459
0.614795414826 0.385204585174 12 0.795937485753 0.204062514247]
0.195001154917 0.804998845083 0.275248630599 0.724751369401
0.494574273985 0.505425726015 13 0.803601341262 0.196398658738]
0.186188621772 0.813811378228 0.215313193823 0.784686806177
0.804031345116 0.195968654884 19 0.740153332663 0.259846667337]
0.370439742136 0.629560257864 0.145228512893 0.854771487107
0.794788605377 0.205211394623 20 0.663504887086 0.336495112914]
0.330304403479 0.669695596521 0.109592247714 0.890407752286
0.813530043168 0.186469956832 21 0.652212317886 0.347787682114]
0.369282720553 0.630717279447 0.123253902294 0.876746097706

Table 7. Final initial probability distribution of risk levels for window w,, (after GEM

algorithm).

k n(wk) k n(wk)

1 [0 1] 11 [0.58399483136 0.41600516864]

2 [0 1] 12 [0.628720860805 0.371279139195]
3 [0.223031476706 0.776968523294] 13 [0.65631176438 0.34368823562]

8 [0.332404376576 0.667595623424] 19 [0.456693808544 0.543306191456]
9 [0.405305158267 0.594694841733] 20 [0.412744879627 0.587255120373]
10 [0.546176655405 0.453823344595] 21 [0.390780686016 0.609219313984]

Additionally, a visualization of both the initial t.p.m. and the re-estimated t.p.m. at the 29th iteration
of the GEM algorithm are shown in Figure 2.
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Figure 2. Heatmap transition probability matrices: (a) initial estimates and (b) after 29th
iteration of GEM algorithm.

During the simulation, the initialization of t.p.m. in window 1 reflects the initial assumption as
follows. When the system is in risk level 1, the probability of remaining in the level is relatively high
at 0.6, while transitioning to risk level 2 is 0.4. The probability of moving from risk level 2 to 1 is
lower at 0.35, compared to staying in risk level 2, which is 0.65. Based on the re-estimation results,
the transition pattern between the risk levels shows sharpened probabilities. Following the discussion,
the probability of remaining in risk level 1 increases from 0.6 to 0.62. This signifies that once a period
of low claim frequency occurs, the condition tends to persist. The probability of staying in risk level 2
also increases to 0.78, thus suggesting a strong persistence of high-risk periods once the outcome
occurred. Meanwhile, the probabilities of transitioning between the level 1 and level 2 states decreases,
thus implying that the transition between states is not frequent. The t.p.m. obtained from the GEM
algorithm offers an interpretation that the risk associated with the claim frequency shows either strong
memory or persistence. Relating to the simulation, claims tend to remain in the same pattern or state
for a certain period, which follows the concept of a nonstationary HMM, where transition probabilities
reflect real-world disaster risk cycles, such as calm periods or periods of high disaster intensity.

Furthermore, the re-estimation initial probability distribution shows changes (see Tables 4 and 7)
in the starting probabilities for each risk level across all windows. In particular, the initial probability
for risk level 2 increases in several periods, thus indicating a higher probability of beginning a period
with a high claim frequency, which reflects an initial condition already vulnerable to disasters. This
result is consistent with the West Java Provincial Disaster Risk Assessment 2022—2026 [13], which
identified the province as a high-risk area for various hazards, particularly floods and landslides, that
often cause large-scale housing damage (directly related to the CBDI claim frequency). Additionally,
this change indicates that the GEM algorithm provides parameters with a maximum fit to historical
claim data, thereby offering a more realistic representation of the initial risk of claims in each window.

To the last parameter, namely the emission distribution from the Poisson-Lindley parameter 8,
the re-estimation results from the GEM algorithm indicate that the value of @ increase but remain
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relatively small (approaching zero). This value @ implies a higher expected claim frequency while
also reflecting substantial over-dispersion in CBDI-related claims. This finding suggests the
formulated model successfully captures the over-dispersion phenomenon of claim frequencies, which
are consistent with the reality of disasters in West Java that frequently cause large-scale housing
damage [13], thereby generating high claim frequencies. The re-estimated emission distributions are
presented below:

Wi (9{19"")2(9{“’W+yt(w")+2) (0.015863225074)2(0.015863225074+yt(wk)+2)
by (yt ) = k) =

>
i3

+3 YWk
(1+0.015863225074)”¢

(1+67ew )ygw
(eé‘zew )2 (gélew + yt(Wk) + 2)
Wi) | 4

b2 (y(Wk)) —
t (1 + gew e

(0.001419878595)2 (0.001419878595 +yve 4 2)

Wi, 5

(14 0.001419878595)7

4. Discussion

The results of this study are in line with the findings by [14], which highlighted the trend in
insurance claim modeling literature that positions HMM as a valid framework to capture the hidden
dynamics influencing claims. Our findings show that a nonstationary PL-HMM can fix the issue of
overdispersion, which cannot be adequately explained by a nonstationary Poisson-HMM. This is
shown through a performance comparison between the nonstationary PL-HMM and the nonstationary
Poisson-HMM across different numbers of hidden states (1), where the evaluation was based on the
Bayesian Information Criterion (BIC).

Table 8 shows that the BIC values substantially decrease (in nonstationary Poisson HMM) as m
increases, but remain at an extremely large scale (hundreds of thousands), making them less efficient
in representing highly dispersed claim data. In contrast, nonstationary PL-HMM yields much smaller
BIC values (on the order of tens of thousands), indicating that this model is more suitable for disaster-
related claim data characterized by high variability. Moreover, a nonstationary PL-HMM with m = 2
produces the lowest BIC value, which indicates that this model is the most appropriate choice to
represent CBDI claims.

Table 8. Comparison of nonstationary PL-HMM and Poisson-HMM.

Model m In-likelihood k BIC
Nonstationary 2 —263,789.589706 45 527,806.42
Poisson HMM 3 —181,420.919543 131 363,503.37
4 —123,643.314824 259 248,594.54
5 —93,646.017518 429 189,458.42
Nonstationary PL- 2 —5785.167487 45 11,797.58
HMM 3 —5667.926737 131 11,997.38
4 —5578.651092 259 12,465.21
5 —5526.678839 429 13,219.75

After establishing the PL-HMM with m = 2 as the main model, the model’s sensitivity to the
choice of sliding window length and step size is evaluated. This analysis is important to ensure that
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the model performance remains robust despite variations in the data horizon and the shifting interval
of the window. The focus of this sensitivity analysis is placed on the t.p.m. Specifically, the sliding
window is altered to 12 months and 24 months while keeping the step size fixed at 6 months. The
results are presented in the form of heatmaps of the initial t.p.m. and the t.p.m. obtained from the last
iteration of the GEM algorithm (see Figures 3 and 4).
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Figure 3. Heatmap transition probability matrices: (a) initial estimates and (b) after last
iteration of GEM algorithm (sliding window w = 12).
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Figure 4. Heatmap transition probability matrices: (a) initial estimates and (b) after last
iteration of GEM algorithm (sliding window w = 24).
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The results obtained from altering the sliding window length to 12 or 24 months still
demonstrate the same transition patterns as the 36-month specification, with the only difference of the
number of resulting windows. This indicates that the choice of window length is more related to the
risk measurement horizon (e.g., whether risk is evaluated over 12, 24, or 36 months), while the
overall findings remain consistent. In all cases, the transition pattern between risk levels show
sharpened probabilities. Specifically, the probability of remaining in risk level 1 increases, thus
signifying that once a period of low claim frequency occurs, the condition tends to persist. Similarly,
the probability of staying in risk level 2 also increases, thus suggesting a strong persistence of high-
risk periods once they occur. Meanwhile, the probabilities of transitioning between level 1 and level 2
decreases, thus implying that such transitions are relatively infrequent. The findings consistently
indicate persistence in claim-risk states, as reflected by high staying probabilities.

This study demonstrates the advantages of nonstationary Poisson HMM and PL-HMM to model
CBDI claim frequencies, particularly in addressing overdispersion and capturing hidden risk dynamics.
However, further research directions remain open to strengthen and extend these findings. First, future
work could focus on exploring the implications of expected claim estimation under both nonstationary
Poisson HMM and PL-HMM frameworks. A comparative calculation of expected values across these
models would provide deeper insights into how the model choice influences the premium setting and
risk evaluation in CBDI schemes. Second, the sensitivity analysis conducted in this study was limited
to variations in sliding window length, while the step size was held constant. In a future study, we can
extend the analysis to different step sizes in combination with varying window lengths. Such an
approach would allow for a more comprehensive understanding of how temporal aggregation and
updating frequency affect the parameter stability, transition patterns, and overall model performance.

5. Conclusions

We proposed a nonstationary PL-HMM as a novel approach to model the frequency of CBDI
claims. The model allows for the frequency claim to exhibit both serial dependence and overdispersion
through an underlying hidden risk state. We modified the Poisson HMM framework by incorporating
the Poisson-Lindley distribution for emissions and introduced nonstationary transition probabilities
using a sliding-window mechanism. Parameter estimation of the model was carried out using the GEM
algorithm. To perform the algorithm, we proved one proposition (to ensure the nonstationary
assumption) and one theorem to guarantee the increase of complete In-likelihood of proposed model.
To evaluate the performance of the proposed model, we conducted an empirical simulation on monthly
claim frequency data in West Java Province. Nonstationary Poisson HMM and nonstationary PL-
HMM with varying numbers of m = 2, 3,4, and 5 were compared using BIC. Among the competing
models, the two-state nonstationary PL-HMM achieved the lowest BIC, thereby being selected as the
most suitable representation of the CBDI claim frequency. A sensitivity analysis was further performed
by altering the sliding-window horizon (12, 24, and 36 months), and confirmed that the estimated
transition probability matrices preserved persistence patterns of the claim risk states, while differences
across window lengths primarily reflected alternative horizons of risk measurement. The main
advantage of the nonstationary PL-HMM lies in its ability to capture the time-varying risk of claim
occurrences rather than assuming a uniform claim risk across an entire period. This is in line with the
characteristics of disaster-related claims that typically alternate between periods of low and high
frequencies. Overall, the model is still able to realistically represent the claim risk, thereby reflecting
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the empirical fact that high-claim periods occur more frequently than low-claim periods. In addition,
the model is flexible and can be applied to other regions that also exhibit overdispersion—whether
mild or severe—in claim frequencies. Thus, this model provides an adaptive and applicable framework
for various contexts of CBDI in disaster-prone areas.
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