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AnHoTtaumusi. llenmbs wccrmenoBaHMs 3aKiIO4yaeTcs B pa3pabOTKe METOIUKH
(I)OpMI/IpOBaHI/Iﬂ ONTHUMAJILHOM CTOMMOCTH CTpaxoOBbIX YCIYI' HAa OCHOBC MCTOIOB
KJIACTEPHOTO M PErpecCHOHHOTO aHanu3a. AKTyalbHOCTh pabOThl OOyCIIOBIEHA
HEOOXOJMMOCTBIO TOBBIIICHUSI TOYHOCTH TapuU(pHON TMOJMUTHKUA CTPaXOBBIX
KOMIIAaHUM B YCIIOBHUSIX YCWIEHUS KOHKYPEHIIMM M POCTa HEOINPEAEIEHHOCTH
CTpaxoBoro peiHKAa. B kadecTtBe (hakTOpOB, OMNPEACTSAIONIMX CTOUMOCTh
CTPaxOBOTO TIOJINCA, WCIOJIB30BAHBI MPOICHT YPEryJIUPOBAHHBIX YOBITKOB H
cpeansass CymMma CTpPaxOBBbIX BBITLIAT. MCTOJIOJIOFI/I‘ICCKY}O OCHOBY HCCJICOOBaHUSA
COCTaBUJIM METOJIBI MHOTOMEPHOM CTaTUCTUKH, HUEPAPXUUYECKUN KIIACTEPHBIN
aHaJIn3 1 9KOHOMCTPHUICCKOC MOACINPOBAHUC. Ha ocnoBe CTaHIaPTU3UPOBAHHBIX
JaHHBIX BBIINIOJIHCHA KIIACTCPpHU3alluiad CTPAaxXOBBIX KOMIIAaHUM C HCIIOJIL30BaHUEM
METO/Ia JAJILHETO COCENa M METPHUKU «OJOK». {5 KakIoi BBIJCICHHOW TPYIIITHI

IMOCTPOCHLI JIMHEVHbIC U HEJIMHEMHBIC PErpECCUOHHBIC MOJCIH, OIMCBIBAIOIINEC
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3aBUCUMOCTh CTOMMOCTH TIOJICAa OT KJIIOYEBBIX TIOKa3aTeled CTpaxoBOU

ACATCIIBHOCTHU. B PE3YIbTAaTC aHalIn3a BbLIABJICHBLI TpPHU yCTOfIqHBLIX KJIaCTCpa
CTPaxOBBIX KOMIIAHUW, pa3IMYAONIUMXCSA [0 CTPYKTYpPE BBILIAT W YPOBHIO
YPCTYJIUPOBAHUA y6BITKOB. YCTaHOBHeHO, 4dTO XapaKTCp 3aBUCHUMOCTH CTOUMOCTH
Imojruca OT HCCICAYCMBIX Q)aKTOPOB ABIACTCA HCOOHOPOIHBIM: IJIA OTIACIIBHBIX
KJIACTEPOB HAWIYYIIHE PE3YIbTAThl JIEMOHCTPUPYIOT JIMHEWHBIE MOJEIH, TOTAA
KaK OJId ApYyTUux 0oJiee BBICOKOW TOYHOCTBIO O6JIa,ZIa}OT HeJIMHENHBIEC 3aBUCUMOCTH.
[Tomyuennsie Mozenu o0OECNEeYHBAIOT BBICOKHIM YpOBEHb OOBACHAIONMIEH U
MPOTHOCTUYECKON crocoOHocTH. IIpakThueckas 3HAYMMOCTb MCCIIEIOBaHUS
3aKII0YacTCd B BO3MOXHOCTHU HCIIOJIB30BaHUA pa3pa60TaHHoro KJIaCTCPHO-
PETPECCUOHHOTO noaxona I 00OCHOBaHUSI  Tapu(PHOM  TOJMUTHKH,
IIPOTrHO3UpPOBAHUA CTOMMOCTH CTPAaXOBBIX YCIYI' U ITIOBBLIIICHHUA 3(1)(1)€KTI/IBHOCTI/I
yhOpaBieHus CTpaxoBeiM TmopTdeneM. [lpemnoxennas Meroauka o6iagaer
YHUBCPCAJIBHBIM XapaKTCPOM U MOIKCT OBITH aJariTupoBaHa K pa3JIMdYHbIM BHUAaM
CTpaxoBaHUA IMIPHU HAJTMYKNKU COOTBCTCTBYIOINUX CTATUCTHYCCKUX NAHHBIX.

Abstract. The study aims to develop a methodology for determining optimal
insurance service pricing based on cluster analysis and regression modeling
techniques. The relevance of the research is driven by the growing need to improve
pricing accuracy in insurance markets characterized by increasing competition and
uncertainty. The percentage of settled claims and the average claim payment
amount were selected as the primary determinants of insurance policy cost. The
methodological framework combines multivariate statistical analysis, hierarchical
clustering, and econometric modeling. Insurance companies were classified using
standardized data, the furthest-neighbor clustering method, and the block distance
metric. Linear and nonlinear regression models were subsequently developed for
each cluster to describe the relationship between policy cost and key insurance
performance indicators. The empirical analysis identified three stable clusters of
insurance companies with distinct claim settlement and payment characteristics.

The results indicate that the relationship between policy cost and explanatory
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variables is heterogeneous across clusters. Linear specifications provide the best fit

for certain groups, whereas nonlinear models demonstrate superior predictive
performance for others. The developed models exhibit strong explanatory power
and forecasting accuracy. The practical significance of the study lies in the
applicability of the proposed cluster—regression framework for insurance pricing,
policy cost forecasting, and portfolio management optimization. The methodology
Is universal in nature and can be adapted to various insurance segments provided
that relevant statistical data are available.
KirueBble cJjioBa: cTpaxoBaHWE, CTPaxoBOM TMOJUC, II€HOOOpa3oBaHUE,
KHaCTepHBIfI aHaJIn3, pCrpCCCUOHHOC MOACINPOBAHHNC, SKOHOMCTPHKA, TapH(i)HaSI
IMOJINTUKA, ITPOrHOZUPOBAHHUC
Keywords: insurance, insurance policy, pricing, cluster analysis, regression
modeling, econometrics, tariff policy, forecasting

Introduction

The contemporary insurance market is characterized by intense competition,
ongoing digital transformation, and increasing requirements for pricing accuracy.
Since insurance companies generate the majority of their revenues through the
provision of insurance services, optimal pricing has become a critical determinant
of financial stability and competitive positioning [1, 4, 14]. An inappropriate tariff
rate may result either in the loss of customers and market share or in reduced
profitability and increased exposure to financial losses. This challenge is
particularly pronounced in the motor insurance sector, where policy pricing is
strongly influenced by macroeconomic conditions, regional disparities,
policyholder behavior, and claims experience [2, 9].

In the Russian compulsory motor third-party liability insurance (OSAGO)
market, the determination of adequate tariff rates has both commercial and
socioeconomic significance. Insurance premiums are influenced by numerous
factors, including claim frequency, fluctuations in automobile spare-part prices,

regional adjustment coefficients, and inflation expectations. According to data
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published by the Russian Association of Motor Insurers (RAMI), the average

OSAGO claim payment in the Republic of Tatarstan exceeded RUB 111,000 in
2024, reflecting a nationwide trend toward increasing insurance liabilities [3]. In
addition to the growth in nominal claim payments, the structure of losses has
become increasingly complex, characterized by a rising proportion of high-severity
claims, increasing repair costs, and a growing number of fraudulent claims [7, 8].
These developments necessitate the continuous improvement of claim forecasting
methodologies and tariff adjustment mechanisms in response to changing
economic conditions.

Considerable attention has been devoted in the international literature to the
modeling of insurance risks and policy pricing. Generalized Linear Models
(GLMs) remain an industry standard due to their interpretability and robustness;
however, their predictive performance is constrained by assumptions of linearity
and factor independence [2, 6]. In recent years, machine learning and advanced
statistical modeling techniques have gained prominence because of their ability to
capture nonlinear relationships, feature interactions, and high-dimensional data
structures. Particularly notable among these approaches are decision trees, gradient
boosting algorithms, random forests, and regularized regression techniques such as
Lasso, Ridge, and Elastic Net [5, 6, 10, 12]. These methods have demonstrated
strong performance in predicting both claim frequency and claim severity,
especially within the motor insurance sector, where extensive datasets and
numerous risk factors are available.

Growing interest has also been observed in modeling frameworks capable of
capturing specific characteristics of insurance data, particularly zero inflation,
where a substantial proportion of policies generate no claims, and the asymmetric
distribution of claim severity [13]. The development of Tweedie models, zero-
inflated Poisson models, and hurdle models has significantly improved the
accuracy of claim distribution modeling and insurance pricing forecasts [13, 15].

Another important research direction involves the utilization of telematics data that
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reflect actual driving behavior. Such information enables the transition from

traditional average-based rating factors to personalized risk assessment models,
thereby supporting more individualized insurance pricing strategies [3, 12].

In the context of insurance sector digitalization, data mining and clustering
techniques have experienced rapid development. Cluster analysis enables the
identification of homogeneous groups of policyholders or insurance companies
based on a combination of characteristics, including claim frequency, average
claim amount, geographical attributes, and customer profiles. Such segmentation
creates opportunities for the development of differentiated tariff structures and a
more equitable distribution of insurance risk burdens [1, 10]. Recent studies
indicate that cluster-based segmentation improves tariff stability, reduces
discrepancies between expected and actual claim payments, and facilitates the
identification of companies with inefficient portfolio structures [10, 11].

Despite the substantial progress achieved in insurance modeling
methodologies, a considerable proportion of existing research focuses on Western
insurance markets, where extensive telematics and behavioral datasets are
available [3, 5, 12]. In contrast, the Russian OSAGO market is characterized by
limited access to detailed claim-level information, increasing the importance of
approaches based on aggregated statistical indicators. Under such conditions,
econometric methods become particularly valuable, as they enable the
identification of pricing patterns and latent relationships between indicators of an
insurer’s financial stability and service pricing using a relatively small set of key
variables, such as the percentage of settled claims and the average claim payment
amount [8, 9, 14].

Beyond their practical relevance for tariff development, studies in this area also
possess significant theoretical value. Examination of the relationship between
average policy cost and claim payment structure contributes to a deeper
understanding of market equilibrium mechanisms and competitive dynamics

within the insurance industry [4, 14]. Modeling the dependence of insurance policy
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pricing on a combination of macroeconomic and microeconomic factors supports

the development of rational risk management strategies and insurance portfolio
optimization frameworks. Furthermore, contemporary research increasingly
emphasizes the importance of ethical and regulatory considerations, including
requirements for fairness and non-discrimination in algorithmic pricing systems
[15]. These considerations further highlight the relevance of studies aimed at
improving the transparency and economic justification of insurance tariffs,
particularly in compulsory mass-insurance segments, where issues of social equity
and financial sustainability are closely interconnected.

Consequently, current industry trends—including the technological
transformation of insurance markets, intensifying competition, expanding data
availability, and increasing complexity of claim structures—create a growing
demand for comprehensive investigations of insurance pricing mechanisms. The
optimization of insurance service pricing has evolved beyond a purely
profitability-oriented objective and has become an important instrument for
ensuring the sustainable development of the insurance sector. Within this context,
particular attention should be given to approaches that integrate quantitative
analysis, statistical modeling, and grouping techniques, thereby enabling the
identification of stable patterns in policy price formation based on the key
operational characteristics of insurance companies [1, 2, 6, 10].

1. Methods.

The study employed multivariate statistical techniques and econometric
modeling methods for data analysis. At the first stage, cluster analysis was applied
to classify insurance companies according to the similarity of two key indicators:
the percentage of settled claims and the average claim payment amount. A
hierarchical clustering algorithm based on the furthest-neighbor linkage criterion
and the block distance metric was selected, enabling the sequential formation of
clusters without requiring a predefined number of groups. Prior to the analysis, all

variables were standardized using z-score normalization to eliminate the influence
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of differences in measurement scales. Based on the examination of the dendrogram

and within-cluster variance, three clusters were identified, differing in terms of the
relationship between claim frequency and claim severity. This approach made it
possible to reveal the internal structure of the sample and to identify typical
patterns of insurance company behavior in the OSAGO market.

At the second stage of the study, regression models were developed to describe
the relationship between the average insurance policy cost and the selected
explanatory variables within each cluster. Both linear and nonlinear regression
specifications were estimated for every group. Model selection was based on the
coefficient of determination (R?), the standard approximation error, and visual
inspection of residual distributions. In cases where linear specifications did not
provide satisfactory accuracy, exponential and cubic functional forms were
employed to better capture the observed empirical relationships. This approach
improved forecasting performance and enabled a more adequate representation of
the nonlinear effects associated with variations in risk-related parameters and their
impact on insurance policy pricing.

2. Analysis of statistical indicators of insurance companies

The dataset consists of 20 insurance companies (Table 1). For each company i,
the average insurance policy cost, denoted as y; (response variable), and two
explanatory variables are available: x;;, representing the percentage of settled

claims, and x;,, representing the average claim payment amount.

Table 1 - Initial Dataset

Company i Xi1 Xiz | Vi Company i Xi1 Xi2 Vi

Rosgosstrakh 1 | 459 | 248 |17 Rossiya 11| 7,99 13,2 1,8

RESO-Garantia | 2 | 6,11 | 24,2 |32  Renaissance .5 ) 49 | 338 | 34
Insurance

Ingosstrakh | 3 | 6,12 | 28,1 | 34| Moscowlnsurance | 5| gag | 257 | 27
Company

ROSNO 4 | 741 | 254 |33 GUTA Insurance 14 | 4,67 28,8 2,4

Uralsib 5 | 541 | 255 |22 ORANTA 15| 9,88 11,5 2,1
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Spasskie Vorota | 6 | 534 | 204 | 1,9 Ge”eﬂngﬁggame 16| 11,37 | 127 | 32
Russkiy Mir | 7 [11,92| 10,7 [2,2|  Avikos-AFES |17 10,71 | 12,6 | 2,2
Standard- 8 | 657 | 266 |28 Rosstrakh 18| 42 | 267 | 1.8
Reserve
MAX Group 9 | 551 | 258 |23 Energogarant 19 2091 26,6 14
Soglasie 10 | 925 | 16,8 |23 ASKO 20| 503 | 245 | 2

To identify patterns in the formation of OSAGO policy prices across different
insurance companies, a classification procedure was conducted using cluster
analysis techniques [16] implemented in the SPSS statistical software environment.
A hierarchical clustering approach was employed because the optimal number of
clusters was not known a priori, with the range of plausible solutions varying from
two to four clusters. The clustering procedure was performed using the response
variable and the two explanatory variables. The furthest-neighbor method was
selected as the agglomeration criterion, while the block distance metric was used to
measure dissimilarity between observations. To eliminate the influence of
differences in measurement scales, all variables were standardized using z-score
normalization.

Analysis of the dendrogram (Figure 1) indicated that the highest degree of
within-group homogeneity was achieved when the insurance companies were
partitioned into three clusters. The first cluster consisted of eight companies:
Rosgosstrakh, Uralsib, Spasskie Vorota, MAX Group, GUTA Insurance,
Rosstrakh, Energogarant, and ASKO. The second cluster included six companies:
RESO-Garantia, Ingosstrakh, ROSNO, Standard-Reserve, Renaissance Insurance,
and Moscow Insurance Company. The remaining six companies—Russkiy Mir,
Soglasie, Rossiya, ORANTA, General Insurance Alliance, and Avikos-AFES—

formed the third cluster.
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Figure 1 - Dendrogram of Insurance Company Clustering

Following cluster identification, a comparative analysis of the resulting groups
was conducted. Table 2 summarizes the descriptive statistics of the three variables

under consideration, including their mean, minimum, and maximum values for
each cluster.

Table 2 - Descriptive Statistics of the Variables by Cluster

number of
clusters Xitep | Xigmin | Xizmax | Xi2cp | Xizmin | Xizmax | Yizep | Yiomin | Yizmax
1 4,71 2,91 551 |[2539 | 204 28,8 1,96 14 2,4
2 6,25 49 7,41 27,3 24,2 33,8 3,13 2,7 3,4
3 10,19 7,99 1192 | 12,92 | 10,7 16,8 2,3 1,8 3,2

Analysis of the data presented in Table 2 indicates that the first cluster is

characterized by the lowest percentage of settled claims and a moderate level of

average claim payments. Accordingly, this group of companies exhibits the lowest

average OSAGO policy cost among all three clusters. The second cluster is

distinguished by an intermediate level of claim settlement combined with the

highest average claim payment amount. These characteristics result in the highest

average OSAGO policy cost within the sample. The third cluster demonstrates the
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highest claim settlement rate while maintaining the lowest average claim payment

amount. The average policy cost for this group occupies an intermediate position
relative to the other clusters.

Table 2 also provides interval estimates for each variable across all clusters,
allowing a more detailed assessment of the variation range of the analyzed
indicators. Consequently, given known values of the explanatory variables x;
(percentage of settled claims) and x, (average claim payment amount), a particular
insurance company can be assigned to one of the three identified clusters.

For each cluster, linear and nonlinear regression models were developed using
the SPSS statistical software package in order to quantitatively describe the
relationship between the average OSAGO policy cost and the two selected
explanatory variables: the percentage of settled claims (x;) and the average claim
payment amount (x,).

1. Linear Model

For the first cluster, the linear regression model demonstrated a high degree of
agreement with the observed data. The coefficient of determination reached
R? = 0.902, while the relative model error did not exceed 0.3%. These results
indicate that the linear regression equation provides an adequate statistical
representation of the relationship under investigation:

y = 0.395x; + 0.086x, — 2.084
where y denotes the average OSAGO policy cost.

The high value of R? indicates that the linear model explains more than 90% of
the variation in the dependent variable, confirming the statistical significance of
the selected explanatory factors.

2. Nonlinear Model

To obtain a more accurate representation of the relationship between the
variables, the curve-fitting procedure was applied to identify the most appropriate
functional form linking the dependent and explanatory variables.

Dependence on x;.
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The coefficient of determination (R? = 0.64) and a model error of 1.7%

indicate a pronounced exponential relationship. The corresponding model can be
expressed as

y =aexp(x;)+b
This result suggests that an increase in the percentage of settled claims exerts a

nonlinear effect on the average insurance policy cost.
Dependence on x,.
Based on the obtained value of R? = 0.129, a cubic specification was selected:

y = ax; + bxs + cx, + d
Although the coefficient of determination is relatively low, the cubic form

allows nonlinear effects associated with variations in the average claim payment
amount to be incorporated into the model.
3. Combined Nonlinear Model

Taking both explanatory variables into account, a combined nonlinear
regression model was constructed to describe the average policy cost within the
first cluster:

y = 0.04 exp(x;) + 0.07x3 — 0.52x% + 12.513x, — 98.801
The coefficient of determination for this specification is R? = 0.968, which is

close to unity and exceeds the value obtained for the linear model. This finding
indicates the superior adequacy of the nonlinear specification, which more
accurately reproduces the observed data and captures the complex relationships
among the variables.
4. Methodological Significance

The application of the combined regression model provides several
methodological advantages:
1. Quantitative forecasting of OSAGO policy costs for insurance companies
belonging to the first cluster based on known values of x; and x,.
2. ldentification of the dominant functional form associated with each explanatory

factor and assessment of its influence on the dependent variable.
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3. Objective comparison of linear and nonlinear model performance through the

coefficient of determination and model error measures, thereby facilitating the
evaluation of model adequacy.

Regression Analysis for the Second and Third Clusters

Second Cluster

For the second cluster, the linear regression model demonstrated limited
explanatory power:

y = 0.05x; + 0.049x, + 1.475
The coefficient of determination was R? = 0.204, while the relative model

error reached 71%, indicating a poor fit to the observed data.
In contrast, the nonlinear regression model provided a substantially more
accurate description of the observations:

y = 1.05x3 — 19.443x% + 118.586x; + 0.69x, — 236.654
with a coefficient of determination of R? = 0.926.

Therefore, the nonlinear regression specification should be preferred for
forecasting the average OSAGO policy cost within the second cluster. The results
demonstrate that, for this group of insurance companies, the nonlinear model
substantially outperforms the linear alternative in terms of explanatory and
predictive accuracy.

Third Cluster:

For the third cluster, the following linear regression model was obtained:

y =0.275x; + 0.109x, — 1.912
with a coefficient of determination of R? = 0.51 and a relative error of 34.2%.

The nonlinear model is expressed as

y = —0.065x3 + 1.953x, — 12.272
with a coefficient of determination of R? = 0.498, which is slightly lower than

that obtained for the linear specification. Based on these indicators, the linear
model provides a more adequate representation of the observed data.
However, given the relatively limited explanatory power of both models,

forecasting the policy cost for companies belonging to the third cluster is more

137



MockoBckui a3KOHOMUYecKuit xypHail. Ne 5. 2026
Moscow economic journal. Ne 5. 2026
appropriately performed using a nonlinear regression equation estimated from the

complete dataset prior to cluster partitioning:
y = 0.01x3 — 0.035x? + 0.783x; + 0.131x, — 4.354

The application of this model provides a more accurate description of the
relationship between the average policy cost and the explanatory variables, namely
the percentage of settled claims (x,) and the average claim payment amount (x).

The proposed cluster analysis and regression modeling framework can be
applied universally to the valuation of virtually any insurance product.
Implementation of the approach requires only information on the number of
insurance contracts, the number of insured events, and the corresponding claim
payments. Based on these indicators, insurance companies can be classified
according to key performance measures such as the percentage of settled claims
and the average claim payment amount. In the present study, three clusters
characterized by different levels of within-group homogeneity were identified.

For each cluster, the mean, minimum, and maximum values of the analyzed
variables were calculated, providing an objective basis for distinguishing the
characteristics of the identified groups. For the first cluster, the linear regression
model demonstrated a high degree of agreement with the observed data; however,
the combined nonlinear specification provided a more accurate representation of
the underlying relationships, as evidenced by its higher coefficient of
determination. For the second cluster, the linear model proved inadequate, whereas
the nonlinear specification accurately described the observed patterns and can
therefore be employed for policy cost forecasting. In the third cluster, the linear
model provided a better fit than the locally estimated nonlinear alternative;
nevertheless, improved predictive performance can be achieved through the use of
the nonlinear equation estimated from the complete dataset prior to cluster
segmentation.

Consequently, the proposed methodology enables adaptive forecasting of

insurance policy costs according to the cluster membership of a particular
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insurance company while accounting for the specific influence of key explanatory

factors. The combined application of linear and nonlinear regression models
facilitates the selection of the most appropriate specification for describing the
dependence of average policy cost on the percentage of settled claims and the
average claim payment amount. This feature makes the proposed methodology
both universal and practically applicable to the analysis and pricing of a wide range
of insurance products.

Conclusion

The results of the study confirm that insurance service pricing is determined by
a combination of factors related to claim experience, payment structures, and the
characteristics of an insurer’s portfolio. The application of cluster analysis and
regression modeling made it possible to identify stable patterns in the distribution
of insurance companies according to key performance indicators and to establish
typical relationships that define the optimal range of tariff values.

The three identified clusters of insurance companies differ in terms of the
relationship between the percentage of settled claims and the average claim
payment amount. The first cluster is characterized by a low level of claims and
moderate claim payments, corresponding to the lowest average policy cost. The
second cluster exhibits the highest average claim payments and an intermediate
claim settlement rate, resulting in the highest tariff levels. The third cluster
occupies an intermediate position, combining a high claim settlement rate with
relatively low claim severity, which leads to a moderate average policy cost. This
distribution reflects natural market mechanisms in which the level of risk
determines both tariff structures and insurance company strategies.

A comparison of linear and nonlinear regression models revealed that the
relationship between insurance policy cost and the analyzed factors is
heterogeneous in nature. For certain clusters, linear specifications provide an
adequate description of the observed relationships, with policy costs changing

proportionally to payment levels. For other clusters, exponential and cubic models
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produce superior results by accounting for nonlinear effects associated with

changes in risk parameters. These findings demonstrate that insurance pricing
processes cannot be reduced to simple functional relationships and require an
adaptive modeling framework capable of capturing the specific characteristics of
individual market segments and insurance portfolios.

The practical significance of the proposed methodology lies in the possibility
of its direct application by insurance companies. Given information on the
percentage of settled claims and the average claim payment amount, an insurer can
determine cluster membership and estimate the expected policy cost. Such an
approach facilitates tariff optimization, improves the balance between risk and
profitability, and enhances the transparency and predictability of financial
outcomes. The methodology may be implemented as an instrument of internal
analytical control or as a component of strategic portfolio management systems.

The findings support the effectiveness of cluster—regression techniques for the
analysis and forecasting of insurance service pricing. These methods combine
statistical rigor with practical applicability, which is particularly important under
conditions of limited data availability and high market volatility. Future research
may extend the proposed framework by incorporating additional demographic,
macroeconomic, regional, and behavioral factors, as well as by adapting the
methodology to other insurance segments.

More broadly, the results demonstrate that the application of quantitative
analytical methods contributes to improving the economic validity of insurance
tariffs, reducing market inefficiencies, and strengthening the financial stability of
insurance institutions. The systematic use of such tools can promote a balance
between the commercial objectives of insurers and the social function of insurance,
thereby creating the foundation for a more transparent, rational, and sustainable
development of the insurance industry.
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