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Introduction

Population and labor dynamics are strategic issues that are closely related to the national
development process. Indonesia is currently facing a major challenge in utilizing the demographic
dividend, where the proportion of the productive-age population has reached a significant level.
Based on projections by the Ministry of National Development Planning/Bappenas (2023),
Indonesia’s population is expected to reach approximately 319 million by 2045 (Sagara et al., 2025).
This condition reflects the complexity of population-related issues, which require the availability
of accurate, comprehensive, and up-to-date demographic data as a foundation for effective and
sustainable development policies. In addition to population size and distribution, demographic data
also include key dynamics such as births, deaths, and migration, which serve as important
references in formulating sustainable public policies.
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One of the main components of population dynamics with broad implications for economic
development is mortality. Mortality not only reflects the health condition and quality of life of a
population but also indicates the effectiveness of the healthcare system and the level of social
welfare in a country (Naibaho et al., 2025). From the perspective of contemporary demographic
economics, mortality dynamics are viewed as an indicator of human capital quality that significantly
influences labor productivity and long-term economic growth. Recent empirical studies show that
increases in life expectancy and declines in mortality rates are positively associated with human
capital accumulation, labor force participation, and economic growth stability (Naibaho et al., 2025;
Resti et al., 2020). In Indonesia, the incomplete epidemiological transition and disparities in access
to healthcare services across regions result in variations in mortality patterns that require more
detailed analysis.

In demographic and actuarial studies, life tables are fundamental instruments for modeling
mortality risk and calculating actuarial values. Indonesia has established the Indonesian Mortality
Table (TMI IV) as a national reference; however, in comparative studies and demographic
modeling, the use of international standard models such as Coale Demeny remains necessary for
analytical and methodological comparison purposes. These models are generally constructed in age
intervals, requiring further statistical processes to estimate consistent and applicable single-age
mortality probabilities. Therefore, statistical approaches capable of producing smooth and stable
mortality structures are essential, particularly in actuarial applications that are sensitive to changes
in mortality patterns.

One commonly used approach to construct complete life tables from interval-based data is
interpolation. Interpolation methods are widely used to construct complete life tables from
abridged data, especially when detailed mortality information is unavailable (Camarda, 2012; Cheng
etal.,, 2022; Dyrting & Taylor, 2024; Rizzi et al., 2015). Mortality data are often reported in grouped
age intervals, requiring appropriate methods to estimate single-age mortality rates, including both
statistical and machine learning approaches (Nigri et al., 2024; Rizzi et al., 2015). The Brass Logit
method is a parametric approach that relies on logit transformation of the survival function to
adjust mortality patterns to a standard reference table. Studies have shown that this method
produces stable mortality estimates and consistent relationships with the reference population
(Sofiyani & Permanasari, 2023). In contrast, the Kostaki method is a nonparametric approach that
offers greater flexibility, particularly when mortality distributions across age groups are not
proportional. Previous studies indicate that the Kostaki method and its modifications can produce
smoother and more realistic estimates of mortality probabilities with high accuracy, making it
suitable for actuarial applications such as term life insurance premium calculations (Eldora et al.,
2024; Resti et al., 2020). Statistical approaches have been widely applied in mortality modeling to
improve estimation accuracy (Brouhns et al., 2002).

In a broader context, various statistical and stochastic approaches have also been developed
to model mortality patterns, including the Lee—Carter model and its extensions, which are widely
used in demographic and actuarial studies (Booth et al., 2002; Cairns et al., 2000; Li & Lee, 2005;
Renshaw & Haberman, 2006). However, these approaches generally require complete mortality
data, which are often unavailable in developing countries, thereby highlighting the importance of
interpolation-based methods.

Previous studies have compared different mortality modeling approaches to improve
estimation accuracy and forecasting performance (Atance et al., 2020; Li & Lee, 2005). Several
studies have compared parametric and nonparametric interpolation approaches, showing that
different methods may yield varying levels of accuracy and stability in mortality estimation (Atance
et al., 2020; Ferenci, 2023). However, most studies tend to apply interpolation methods separately
without conducting comprehensive comparative analyses. As a result, differences in parametric and
nonparametric assumptions may lead to variations in mortality structures, which can significantly
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affect life insurance premium calculations. Furthermore, studies that specifically compare the Brass
Logit and Kostaki methods using abridged life tables based on the Coale—Demeny model,
particularly in the Indonesian context, remain limited.

Based on these conditions, this study aims to conduct a comparative analysis of the Brass
Logit and Kostaki methods in interpolating abridged life tables based on the Coale Demeny model
into complete life tables, as well as to evaluate their impact on term life insurance premium
calculations.

Method

This study employs a quantitative approach with a comparative design to examine the
differences between the Brass Logit and Kostaki interpolation methods in constructing complete
mortality tables and to assess their implications for term life insurance premium calculations. The
quantitative approach is applied as the analysis relies on mathematical modeling and numerical
computation, while the comparative design enables the evaluation of differences in method
performance in terms of accuracy and their impact on premium values. All analytical procedures
are conducted within an actuarial framework, based on the principles of actuarial present value and
survival probabilities.

The data used in this study are secondary data obtained from official sources and scientific
literature. These include the Coale—-Demeny West Model life tables as the basis for interpolation,
Indonesia’s life expectancy published by BPS-Statistics Indonesia for determining the appropriate
model level, and the Indonesian Mortality Table IV (TMI 1V) as the benchmark. In addition, the
BI 7-Day Reverse Repo Rate of 4.75% is applied as the discount factor in actuarial calculations.

Determination of Coale-Demeny Mortality Table Level

The initial stage of this research is to determine the level of the Coale-Demeny West mortality
table that best fits the mortality conditions in Indonesia (Novika & Suryamika, 2024). The Coale-
Demeny model consists of several levels, each representing different mortality rates and life
expectancies. Therefore, selecting the appropriate level is a crucial step to ensure the underlying
mortality structure closely approximates the Indonesian population.

The level determination is performed by comparing the Indonesian Life Expectancy (e,) with
the Life Expectancy at each Coale-Demeny table level. The absolute difference between these two
values is calculated, and the level with the smallest difference is selected as the most representative.
Mathematically, this process is formulated as follows (Coale et al., 1983; Veron et al., 2002):

min | egbs _ e(l)evel |

where e, denotes the life expectancy at birth.

Mortality Table Interpolation Using the Brass Logit Method

The Brass Logit method was originally introduced by Brass (1974) and has been widely
applied in mortality estimation and life table construction, particularly when data are incomplete or
aggregated (Veron et al., 2002). The Brass Logit method is a parametric interpolation technique
used to adjust the mortality pattern of a population to a standard mortality table. This method
transforms the survival function into a logit form, allowing the relationship between the observed
life table and the standard table to be expressed linearly. This transformation enables adjustments
to the shape of the mortality curve while preserving its fundamental characteristics.
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The relationship between the interpolated survival probability and the standard survival probability
is defined as follows (Ah Khaliludin et al., 2019):

logit(1 —1,) = a+ Blogit(1 —l,)

The logit transformation is defined as:

. L
logit(l,) = In (1 — lx)

where [, denotes the sutvival probability at age X, l,(cs) represents the survival probability from the

standard life table, and a and [ are parameters estimated through linear regression.

Once the survival probabilities for each single age are obtained, the probability of death is
calculated as (Dickson et al., 2019; Veron et al., 2002):

lx+1

L

Gy =1-

Mortality Table Interpolation Using the Kostaki Method

The Kostaki method is based on extensions of classical mortality modeling approaches,
providing flexible estimation of age-specific mortality patterns (Kostaki, 1992). The Kostaki
method is a non-parametric interpolation method developed to produce more flexible mortality
estimates. This method assumes that the survival probability in the interval mortality table is the
result of raising the single-age survival probability of a standard table to a specific constant power.

The Kostaki constant is calculated using the equation (Eldora et al., 2024; Resti et al., 2020):

KN — ln(l — an)
n
S in(1-q)

Subsequently, the single-age death probability resulting from the interpolation is obtained through:
¢r=1-(1-q®)

Calculations are performed up to the highest age to obtain a complete mortality table from the
interpolation.

Calculation of Annuity Value and Term Life Insurance Value

After the complete life table is constructed, the value of a temporary life annuity-due is
calculated as the basis for premium determination. This annuity represents the present value of
petiodic premium payments over the coverage period, taking into account the survival probabilities
of the insured and the applicable discount factor (Dickson et al., 2019).

n-—1

éix:ﬁ] = Z vk kPx

k=0

The term life insurance value is calculated as the present value of the death benefit:
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n-1

Alx:ﬁ] = Z vt kPx Ax+k
k=0

Premium Calculation with the True Fractional Premiums Model

Premium calculations are conducted using the equivalence principle between the present value of
premiums and the present value of benefits. The annual premium is obtained from (Dickson et al.,
2019):

x:1)

Py =S

For premium payments made more than once a year, the True Fractional Premiums model with
fractional annuities is used (Novika & Suryamika, 2024):

. . m—1 .
ainyﬂ = Qxin| — om A-v"npy)

Accuracy Evaluation Using Root Mean Square Error (RMSE)

Accuracy evaluation is performed using Root Mean Square Error (RMSE) to measure the fit of the
interpolation results against TMI IV. RMSE is calculated as the square root of the average squared
difference between the interpolated death probabilities and the comparison table (Hastie et al.,
2009; Prasetyo et al., 2021).

RMSE =

A lower RMSE value indicates better model performance, as the predicted values are closer to the
observed data. Conversely, a higher RMSE reflects a greater prediction error, suggesting lower
model accuracy (Prasetyo et al., 2021). In addition, RMSE is expressed in the same unit as the target
variable, which facilitates the interpretation of evaluation results.

Mortality Curve Analysis

Mortality curve analysis is conducted by comparing the age-specific death probability
patterns derived from the Brass Logit and Kostaki methods with those of TMI IV. The curves are
plotted to examine the relationship between age and mortality probability, allowing assessment of
the goodness-of-fit, pattern stability, and the rate of increase in mortality at older ages (Atance et
al., 2020; Camarda, 2012; Tang et al., 2023). This analysis complements the numerical evaluation
and provides a visual assessment of each method’s ability to represent the underlying mortality
structure (Rizzi et al., 2015).
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Results and Discussion

This study models mortality tables using the Coale—Demeny West Model as the baseline in
the form of an abridged life table, which is then expanded into a complete (single-age) life table
using two interpolation methods, namely Brass Logit and Kostaki. The analysis is conducted
separately for males and females to account for differences in gender-specific mortality patterns.
The Indonesian Mortality Table IV (TMI IV) is used as the national benchmark for comparison.

Determination of the Coale-Demeny Model Level Based on Life Expectancy

The initial stage of the analysis involves determining the Coale—Demeny West model level that best
represents Indonesia’s mortality conditions. This step is essential, as the selected level serves as the
basis for constructing the abridged life table used in the interpolation process. The level is
determined using life expectancy at birth (eg), calculated from the standard life table as follows:

€y = lo
where [y represents the initial population (radix), which is set at 100,000 for all levels and both
sexes.

The calculation of e for levels 21-25 is performed using the R programming language. The
Indonesian life expectancy data are processed using the readx/ package, level identification is
conducted using s#ingr, and data manipulation and calculations are carried out using dp/yr. The
results of the life expectancy calculations for each level are presented in Table 1.

Table 1. Life Expectancy (eq) by Coale—Demeny Level

Level Female e Male e
21 70,0 66,03
22 72,5 68,57
23 75,0 71,20
24 77,5 73,91
25 80,0 76,65

The suitability of each model level is assessed based on the absolute difference between the
model life expectancy and Indonesia’s observed life expectancy, which is 74.2 for females and 70.3
for males. The comparison results are summarized in Table 2. The smallest difference is obtained
at Level 23 for both sexes, indicating that this level provides the closest approximation to
Indonesia’s mortality conditions.

Table 2. Absolute Differences in Life Expectancy

Level Female Difference Male Difference
21 4,20 4,27
22 1,70 1,73
23 0,80 0,90
24 3,30 3,01
25 5,80 6,35
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Interpolation of Mortality Tables Using the Brass Logit Method

After selecting the Coale—Demeny West Model at Level 23, the abridged life table is
expanded into a complete (single-age) life table using the Brass Logit method. This method
calibrates the survival function of the model life table to the standard table (TMI 1V) through a
logit transformation, with parameters aand Pestimated using linear regression in the R software
environment.

As an illustration, for females at age 45, the standard survival probability is obtained as lgsg =
0.974390396, with estimated parameters & = 0.499629 and § = 1.

First, the logit transformation of the standard survival probability is computed:

(s)
1

logit(1Y) = In (1 451 (S)> ~ —1.819158
45

Next, the linear transformation is calculated:

Z4s = a + B - logit(1Y) = 0.499629 + 1(—1.819158) = —1.319529

The interpolated survival probability at age 45 is then obtained using the inverse logit function:

~ 0.933358

e =
45 1+ exp(—2z45)

This value is subsequently converted into radix form (100,000):

l45 = 0.933358 x 100,000 = 93,335.84

Finally, the probability of death at age 45 is calculated as:

1
Qus = 1 — =2 ~ 0.005094
lys

The complete interpolation results of mortality probabilities qyusing the Brass Logit method are
presented in Table 3.

Table 3. Interpolation Results of Mortality Probabilities Using the Brass Logit Method

Age (x)  Female Male Age (x) Female Male

0 0.000443 0.012352 51 0.009076 0.014086
1 0.001044 0.001312 52 0.009947 0.015351
2 0.000794 0.001043 53 0.010862 0.016715
49 0.007530 0.011773 99 0.257801 0.327953
50 0.008279 0.012926 100 1.000000 1.000000

Interpolation of Mortality Tables Using the Kostaki Method

The abridged life table of the Coale—Demeny West Model at Level 23 is transformed into a
complete (single-age) life table using the Kostaki method. This procedure begins by constructing
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interval death probabilities  qy, which are then calibrated to the standard mortality table (TMI
IV) through a proportional adjustment constant K§, resulting in a smoother and more consistent
series of single-age death probabilities qy. All computations are implemented using the R
programming language.

As an illustration, for males at age 45, the standard survival probability is lg‘? =
96,270.85061, with the corresponding death probability ¢ ~ 0.00302.

First, the interval death probability is determined. For x = 45, the abridged interval is [45,50), so
n =5, and:

s —lso
545 = —1
45

Next, interpolation is performed using a six-point Lagrange polynomial. However, since X = 45is
a knot point (the starting point of the interval), the Llagrange interpolation satisfies:

Li(45) = 1 for x; = 45,Li(45) = 0 for other nodes

Thus, the interpolated value simplifies to:

J45 = 5445
indicating that the interpolation at this knot point returns the original interval value.

The adjustment constant is then computed as:
In(1- nqx)
-1
Zinzo ln(l - qg(s-zl)

For X = 45 and n = 5, the calculation yields K35 ~ 1.064.

n _—
x =

Finally, the single-age death probability is obtained using:
dh=1-(1- g

Thus, for age 45:

q4s ~ 0.003214632

The complete interpolation results of mortality probabilities (yusing the Kostaki method are
presented in Table 4.

Table 4. Interpolation Results of Mortality Probabilities Using the Kostaki Method

Age (x) Female Male Age (x) Female Male
0 0.01530 0.02162 50 0.00381 0.00562
1 0.00086 0.00117 51 0.00418 0.00616
2 0.00065 0.00092 52 0.00459 0.00674
48 0.00323 0.00445 98 0.43361 0.45314
49 0.00354 0.00491 99 0.45816 0.47937
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Premium Calculation Using Interpolated Mortality Tables

Premium calculations are based on the value of a temporary life annuity-due derived from
the interpolated mortality tables using the Brass Logit and Kostaki methods. Data processing is
conducted using the R programming language by extracting [, values to compute sutvival
probabilities.

Given an interest rate of i = 4.75%, the discount factor is v = 0.95464. For a male insured
aged 45 with a 15-year term, the survival probability is calculated as:

Lo

15P45 = ]
45

The annuity values are then computed for different payment frequencies: annual, semiannual (m =
2), quarterly (m = 4), and monthly (m = 12).

Table 5. Annuity Values for Males (Age 45)

Brass Log:t
X Annual Semiannual Quarterly Monthly
45 10.2803 10.1288 10.0530 10.0025
Kostaki
X Annual Semiannual Quarterly Monthly
45 10.7054 10.5668 10.4975 10.4513
Table 6. Annuity Values for Females (Age 45)
Brass Log:t
X Annual Semiannual Quarterly Monthly
45 10.5421 10.3986 10.3269 10.2791
Kostaki
X Annual Semiannual Quarterly Monthly
45 10.8115 10.6771 10.6099 10.5652

As shown in Tables 5 and 6, the annuity values at age 45 calculated using the Kostaki method
are consistently higher than those obtained using the Brass Logit method across all payment
frequencies and for both genders. For males, the annual annuity value is 10.71 under Kostaki
compared to 10.28 under Brass Logit, while for females the corresponding values are 10.81 and
10.54, respectively. This difference indicates that the mortality table derived from the Kostaki
method produces higher survival probabilities, which in turn increases the annuity values.

Term Life Insurance Premium Calculation (15-Year)

Premiums are calculated for a 15-year term life insurance product under three benefit
scenarios: IDR 300,000,000; IDR 500,000,000; and IDR 1,000,000,000. The calculations are
performed for a male insured aged 45, with payment frequencies of annual, semiannual, quartetly,
and monthly, based on the interpolated mortality tables derived from the Brass Logit and Kostaki
methods.

Using the equivalence principle, the annual premium is determined as:
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P=S'A916:T_l

ax:n

As an illustration, for a benefit of IDR 300,000,000, the premiums obtained using the Brass
Logit method are IDR 4,084,861.15 (annual), IDR 2,072,987.59 (semiannual), IDR 1,044,305.77
(quarterly), and IDR 349,859.83 (monthly). In contrast, the Kostaki method yields lower premiums
of IDR 1,936,776.59 (annual), IDR 981,093.95 (semiannual), IDR 493,786.31 (quartetly), and IDR
165,323.24 (monthly).

The complete comparison of net premiums for different benefit levels is presented in Table
7 for males and Table 8 for females. As shown in Table 7, premiums for a 45-year-old male increase
proportionally with the benefit amount across all methods. For a benefit of IDR 300,000,000 with
annual payments, the premium under TMI IV is IDR 1,657,042.94, compared to IDR 1,936,776.60
using the Kostaki method and IDR 4,084,861.15 using the Brass Logit method. This pattern
remains consistent for higher benefit levels and across all payment frequencies, where the Brass
Logit method consistently produces the highest premiums, while the Kostaki method yields values
closer to the TMI IV benchmark.

A similar pattern is observed for females, as shown in Table 8. For a benefit of IDR
300,000,000 with annual payments, the premium under TMI IV is IDR 1,024,282.39, compared to
IDR 1,308,103.37 (Kostaki) and IDR 2,724,043.73 (Brass Logit). Across all benefit levels and
payment frequencies, the Brass Logit method produces the highest premiums, whereas the Kostaki
method consistently provides estimates closer to the benchmark.

These findings indicate that differences in mortality interpolation methods significantly affect
premium values. The Brass Logit method tends to produce higher mortality estimates at certain
ages, leading to higher premium values, whereas the Kostaki method generates mortality patterns
that are more consistent with TMI IV, resulting in more realistic premium estimates. This highlights
the importance of selecting an appropriate interpolation method, as it has direct implications for
actuarial pricing and financial decision making in the insurance industry.

Table 7. Net Premium Comparison for Males (Age 45)

Payment Type IDR 300,000,000 IDR 500,000,000 IDR 1,000,000,000
Brass Logit
Monthly 349,859.84 583,099.73 1,166,199.46
Semiannual 2,072,987.59 3,454,979.32 6,909,958.64
Annual 4,084,861.16 6,808,101.93 13,616,203.87
Quarterly 1,044,305.78 1,740,509.63 3,481,019.26
Kostaki
Monthly 165,323.25 275,538.75 551,077.50
Semiannual 981,093.95 1,635,156.59 3,270,313.17
Annual 1,936,776.60 3,227,960.99 6,455,921.99
Quarterly 493,786.32 822,977.19 1,645,954.38
TMIV
Monthly 141,383.29 235,638.82 471,277.64
Semiannual 839,193.82 1,398,656.37 2,797,312.73
Annual 1,657,042.94 2,761,738.23 5,523,476.47
Quarterly 422,316.88 703,861.47 1,407,722.95

Analitika: Journal of Economics, Management, and Business, 1(2), pp. 73-86

82



Table 8. Net Premium Comparison for Females (Age 45)

Payment Type IDR 300,000,000 IDR 500,000,000 IDR 1,000,000,000
Brass Logit
Monthly 232.811,20 388.018,67 776.037,33
Semiannual 1.380.809,93 2.301.349,88 4.602.699,76
Annual 2.724.043,73 4.540.072,88 9.080.145,76
Quarterly 695.199,84 1.158.666,40 2.317.332,80
Kostaki
Monthly 111.549,96 185.916,59 371.833,19
Semiannual 662.281,60 1.103.802,66 2.207.605,32
Annual 1.308.103,37 2.180.172,29 4.360.344,58
Quarterly 333.237,35 555.395,59 1.110.791,18
TMIV
Monthly 87.308,07 145.513,45 291.026,90
Semiannual 518.461,28 864.102,14 1.728.204,28
Annual 1.024.282,39 1.707.137,32 3.414.274,64
Quarterly 260.840,09 434.733,49 869.466,97

Accuracy Evaluation Using Root Mean Square Error (RMSE)

The accuracy of the interpolation methods is evaluated using the Root Mean Square Error (RMSE),
which is defined as:

n
1
RMSE = |2 (v - 9)?
i=0

The RMSE is calculated for both the mortality probability (q,) and the number of survivors
() over the age range of 0-99 years by comparing the interpolated results with the standard
mortality table (TMI IV). In addition, RMSE is also used to measure the deviation between the
Brass Logit and Kostaki methods, providing an indicator of the average estimation error between
the two approaches.

The results of the RMSE calculations for each comparison are presented in Table 9.

Table 9. Accuracy Evaluation of Interpolation Methods (RMSE)
Gender Brass Logit vs TMI IV Kostaki vs TMI IV Brass Logit vs Kostaki
Female 0.1248 0.4309 0.3405
Male 0.1216 0.3378 0.2571

The results indicate that, for females, the RMSE relative to TMI IV is 0.1248 for the Brass
Logit method and 0.4309 for the Kostaki method. For males, the corresponding values are 0.1216
(Brass Logit) and 0.3378 (Kostaki), while the RMSE between the two methods is 0.3405 for females
and 0.2571 for males.

As shown in Table 9, the Brass Logit method consistently produces lower RMSE values for
both genders, indicating a closer fit to the TMI IV benchmark and lower estimation error compared
to the Kostaki method. This suggests that, from a statistical perspective, the Brass Logit method
provides more accurate mortality estimates, although, as shown in the premium analysis, this does
not necessarily translate into more realistic premium values.
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Mortality Curve Analysis

Mortality interpolation curves are constructed using the R programming language by
comparing the complete life tables obtained from the Brass Logit and Kostaki methods with the
standard mortality table (TMI IV). The data are aligned over the age range of 0—99 years and
visualized as cutves of mortality probability (q,) and the number of survivors (I) for each method.
This visualization aims to assess the goodness-of-fit of the interpolated mortality patterns relative
to the standard pattern across all age groups.

Perempuan: Kurva qx (TMI IV vs Brass vs Kostaki) Perempuan: Kurva Ix (TMI IV vs Brass vs Kostaki)
1.0 1e+05 —
— v
0.8 - Bians 8e+04 |
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Laki-Laki: Kurva qx (TMI IV vs Brass vs Kostaki) Laki-Laki: Kurva Ix (TMI IV vs Brass vs Kostaki)
1.0 o
— v
08 -| — — Brass
-- Kostaki
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Image 1. Mortality Interpolation Curves

As shown in Image 1, the interpolation curve produced by the Brass Logit method more
closely follows the pattern of TMI IV compared to the Kostaki method, for both females and
males. The differences are most pronounced at older ages, where the Kostaki method tends to
produce higher mortality probabilities (qy), resulting in a more rapid decline in the number of
sutvivors (l) compared to the standard curve. In contrast, the Brass Logit curve more consistently
aligns with the TMI IV pattern across most age groups.

These visual findings are consistent with the RMSE results, indicating that the Brass Logit
method exhibits lower deviation from the benchmark compared to the Kostaki method. This
suggests that the Brass Logit method provides a better statistical fit to the observed mortality
structure. Furthermore, this result aligns with previous studies highlighting the sensitivity of
mortality models to methodological assumptions and their impact on actuarial outcomes (Atance
et al., 2020; Booth et al., 2002; Cairns et al., 2000).

Conclusion

This study demonstrates that the Brass Logit and Kostaki methods produce different
outcomes in reconstructing complete mortality tables and estimating term life insurance premiums.
While the Brass Logit method provides higher statistical accuracy by generating mortality patterns
that more closely align with the TMI IV benchmark, the Kostaki method yields premium estimates
that are more consistent with benchmark-based values. This finding highlights a trade-off between
statistical accuracy and financial applicability, indicating that the choice of interpolation method
should be aligned with the intended actuarial objective. Future research is recommended to explore
sensitivity analysis on key parameters and to extend the model toward gross premium calculations
for more practical applications in the insurance industry.
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