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Abstract

The automobile insurance industry plays a pivotal role in the financial system, fostering
economic stability through effective risk management and consumer confidence. Continu-
ous enhancement in price optimisation not only ensures the sustainability of insurers but
also fosters a more competitive, fair, and balanced market, which is vital for a country’s
economic development. The objective of this research is to develop a methodology for
determining the optimal price offered by insurance firms for automobile policies in an
industry where a First Price Sealed Bid auction system operates. A statistical methodology
is employed to ascertain the expected value and standard deviation of the policies on offer
in the public domain, whereby these values are calculated using a heteroskedastic linear
regression estimation methodology. Furthermore, the aforementioned expected values and
standard deviation enable the calculation of the value of the cumulative distribution for
an optimal price set within the public offer. This study demonstrates that identifying the
optimal price that maximizes profits is analogous to establishing an expected market share
for each niche automobile policy market. Moreover, the market share can be calculated
through a straightforward heteroskedastic linear regression estimation for instances where
market shares are below 50%.
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MSC: 91B26; 91B24

1. Introduction

The problem of insurance markets has been a topic of extensive investigation for
several decades. The pioneering contributions of [1,2] illustrate the influence of moral
hazard effects on the probabilities of the occurrence of events, highlighting the challenge of
information asymmetries that can reduce market efficiency [3].

The insurance market problem has both microeconomic and macroeconomic implica-
tions due to the importance of the insurance industry in economic development. Research
by [4-7] shows the effects of the insurance industry on economic growth and the sophis-
tication of the economy. In other contexts, Ippolito [8] show the effects of regulating the
insurance industry and [9,10] analyze how firm-level and macroeconomic variables affect
profitability in the insurance industry. Furthermore, the evidence presented in [11] indicates
that unemployment insurance can influence the entrepreneurial landscape by stimulating
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the emergence of new ventures. These studies provide only a partial view of the influence
of the insurance market on a range of economic activities.

The industrial organization of insurance markets has also been widely studied. For in-
stance, Joskow [12] argues that deregulation can increase efficiency, particularly when
there are many market participants. However, alternative research, as exemplified by
the work of [13,14], indicates that the implementation of deposit regulations engenders
enhanced financial system performance, including increased liquidity and risk taking,
among other effects.

The global insurance market is a vast and dynamic sector that plays a crucial role in
the world economy:. It provides financial security and protection against various risks for
individuals, companies, and organizations. The case study presented in [15] illustrates the
manner in which financial risk is transferred from insurers to policyholders. The work
of [16] examines the nexus between insurance and financial markets, identifying gaps in
the existing insurance literature. In particular, it highlights the role of externalities arising
from endogenous effects that result in underinsurance even for the riskiest individuals.

The insurance industry is a highly complex entity that comprises a multitude of
subtypes. As illustrated in [17], there are considerable discrepancies between the various
types of insurance, underscoring the need to understand the nuances of each sub-industry.

In the field of vehicle insurance, both theoretical and empirical research has been
conducted to develop this body of knowledge. Theoretical research is exemplified by
the works of [18,19], while empirical research is exemplified by [20]. The articles in this
group present models focused on the insurance industry, with a particular emphasis on
agents’ decision-making processes and estimation methods that facilitate empirical analysis.
The assumption made in [21] that the market for insurance companies approximates a
competitive market is based on the premise that there are a large number of companies in
the USA. However, the existence of smaller markets may result in a competitive market
that differs from the norm and, therefore, requires an alternative paradigm of industrial
organization to be applied.

As stated by [22], the capacity to calculate suitable premiums is fundamental to the
adaptation of insurance policies to the inherent risks. This requires the use of a sophisticated
statistical modeling approach, enabling the identification of patterns and trends within
historical claim data. The analysis of such data is pivotal to the calibration of premiumes,
ensuring the fair and accurate representation of the underlying risks.

Optimal pricing of insurance products represents a significant strategic challenge,
given the inherent complexities of the market and the constant interaction between insurers
competing for the same customer base under conditions of incomplete information. In this
context, the study of pricing in competitive markets, such as the one developed by [23],
employs a Bayesian game-theoretic approach to model the decision-making processes of
insurers operating within an uncertain and dynamic environment. This approach consid-
ers uncertainty about market characteristics, such as demand elasticity and competitors’
strategies, and proposes methods to maximize expected utility in stochastic environments.
These contributions are particularly relevant for price bidding systems such as the First
Price Sealed Bid, where optimal pricing strategies must balance competitiveness with
financial sustainability. This paper aligns with the present study by highlighting the impor-
tance of advanced analytical methodologies for optimizing market share and maximizing
profitability in the insurance industry.

The calculation of the premium has traditionally been performed using classical
methods such as Generalized Linear Models (GLM). McCullagh [24] propose that these
models adopt a conventional statistical approach, which assumes that the data emerge
from a specific stochastic model, such as a Gaussian, Gamma or Poisson distribution.
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This method provides a robust foundation for accurate risk estimation and premium
determination. It is therefore unsurprising that there is a substantial body of literature on
pricing in the insurance sector, which emphasizes the use of statistical models. Of these,
GLMs are particularly noteworthy for their robustness and flexibility. As stated by [25],
these models are appealing due to their capacity to estimate parameters in a readily
comprehensible manner and to combine in a multiplicative fashion in order to accurately
predict future costs associated with a customer seeking automobile insurance.

The premium calculated using GLM models represents the portion intended to cover
expected losses and expenses related to potential claims, excluding the insurance com-
pany’s operating expenses, such as taxes, contingencies, and profit margins. However,
as highlighted by [26], there are certain limitations associated with linear models. For ex-
ample, they are unable to capture non-linear relationships, are highly sensitive to outliers,
and require a substantial amount of data to train accurate models with reliable predictions.
Conversely, Nicholson [27] illustrates the intricacies inherent in the estimation of premiums
in the context of catastrophic events, thereby underscoring the inherent complexities of the
challenges confronting the insurance industry and the imperative to address the insurance
problem through the implementation of novel pricing strategies.

The recent developments in the field of telematics have had a profound impact on
the motor insurance industry, enabling insurers to make real-time adjustments to policy
premiums based on the analysis of driving behavior data. The study by [28] illustrates
the additional value of integrating telematic data into pricing strategies. It demonstrates
how the continuous monitoring of driving behavior can result in more precise risk assess-
ments, which in turn leads to more accurate premium calculations. By incorporating these
data, insurers can better align premiums with individual risk profiles, enhancing pricing
precision and fairness. This approach is particularly beneficial in a competitive market,
where pricing flexibility is essential for insurers to maintain profitability while offering
competitive rates.

This research illustrates the close interconnection between the automobile insurance
industry and auction theory, specifically in relation to the pricing of policies displayed
in insurance firms. Auction theory represents a significant and extensively researched
field within the discipline of economics (see details in [29]). In the context of a market
operating via auction, Attar [30] demonstrates the equilibrium conditions that prevail when
the vendor is aware of the product’s characteristics and prospective purchasers present
non-exclusive contract offers. One of the key outcomes is that the vendor may either sell
their entire endowment or forfeit the opportunity entirely. This aspect requires further
investigation through contemporary research on markets utilizing auctions.

We present a novel approach to the estimation of optimal insurance policy pricing
for insurance firms. Our methodology demonstrates that this pricing process is analogous
to that of securing a market share in an industry comprising a limited number of market
participants. This is based on an expected value model of the risks assumed by the insured,
using a straightforward strategy of standardizing the prices offered at public auctions for
the sale of an insurance policy in the automobile industry.

The present research is developed in Section 2 with the Materials and Methods,
wherein the economic model that underlies the research, the research methodology, and the
descriptive analysis of the database are delineated. Section 3 presents the findings of
the research from an econometric and simulation perspective. Section 4 is the discussion
section, and Section 5 contains the conclusions of the research.
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2. Materials and Methods

The automobile insurance market employs an auction mechanism to determine policy
prices, thus giving rise to a competitive problem of pricing. In this context, several insurers
offer policies of comparable coverages, and the customer selects the lowest acceptable
offer. In order to motivate this environment, a parsimonious expected-utility framework is
employed to formalize two objects that are central to the empirical strategy: The customer’s
reservation premium, and the insurer’s expected profit conditional on winning the contract.

Utilizing standard concavity assumptions on utility, the customer’s optimization
problem is shown to imply a well-defined willingness to pay that is contingent on wealth,
coverage, and expected losses. This provides a microfoundation for treating the customer’s
acceptance threshold as a random variable in the market. From the insurer’s perspective,
pricing is a trade-off between margin and the probability of winning the contract.

In a first-price sealed-bid auction, an insurer sells the policy only if its bid is lower than
those of competitors and the customer’s reservation premium. Otherwise, the contract is
not accepted. Incorporating unobservable preventive effort in a reduced-form way reflects
the standard moral-hazard feature of automobile insurance, while keeping the model
intentionally simple because the objective is not to estimate preferences or effort choices.
Instead, the model’s role is to justify the expected-profit representation and the auction-like
win indicator that later allows optimal pricing to be linked to an expected market share.

2.1. Economic Model

We propose a basic economic model in which a rational economic agent is attempting
to maximize a specified utility function. In accordance with [19], we consider that the
economic agent is exposed to two risks with potential losses, L1 and L, associated with
a probability of occurrence, p; and p,, which we associate with the risk of personal and
material injury, respectively. In this sense, the probability ps = pso — p(€s) is characterized
by an intrinsic probability of occurrence of the loss psy that decreases as a function of the
level of effort of the insurance customer. The insurance customer’s maximization problem
is as follows

max{(1—p; —p2)UW — ) + p1U(W — m — w1 Ly)

€1,€2

+ pU(W — 1 —wrL) — c1(€1) —ca(€2) }, @

where U(-) corresponds to the insurance customer’s utility function, which is concave and
twice differentiable; W corresponds to the insurance customer’s original level of wealth;
7t corresponds to the value of the premium that can be contracted; w; and w, correspond
to the percentage of the loss that the insurance customer must have available to obtain
insurance; Finally, ¢1 (e1) and ¢;(e2) correspond to the costs that the economic agent must
incur as a function of the efforts to avoid the loss. The terms c(€1) and cp(€;) represent
reduced-form cost shifters on the insurer side associated with the two types of insurable
events, such as personal injury and material damage. These components consist of expected
indemnity payments and claim-handling expenses.

The insured’s preventive efforts have been shown to affect claim probabilities through
ps(€s), though it is important to note that €, is not observable by insurers at the time of
quoting. In the pricing stage, firms treat claim probabilities as random and use expected
probabilities p; to summarize behavioral risk. These are defined as the expectation of
ps(€s) conditional on observable risk characteristics, integrating over unobserved effort
and severity components. In the context of the First-Price Sealed-Bid mechanism, each firm
determines the value of 77;, representing a trade-off between margin and the probability of
achieving the lowest bid. Consequently, riskier behavior shifts optimal bids upwards and
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can increase dispersion in offers, resulting in the distribution of auction prices becoming an
equilibrium outcome of both competitive bidding and behavior-driven expected costs.

Conversely, the firm is confronted with an asymmetric problem, whereby it is unaware
of the level of effort exhibited by the economic agent. Furthermore, the firm is engaged
in a competitive market environment with another firm, aiming to secure a sale. Initially,
the information available to competing firms in the insurance market is identical, but the
associated costs of the other market participants are not known. The firm’s profit function
for each policy is given by the following equation

E[TI(r; p1, p3)] =(1 = pi — p3) 7+ pi (7t — Ly + w1 Ly)
+p3(m— Ly +walp) — f, 2)

where pj = E(p1) and p; = E(p2) correspond to the probabilities assumed by the firm for
the insured; f corresponds to the fixed costs assumed by the firm for generating the policy.
To make explicit how risk heterogeneity translates into bid heterogeneity, a reduced-
form cost channel is adopted. Let x; denote observable risk characteristics and let €;
capture unobserved preventive effort and other latent behavioral factors affecting claim
probabilities. Insurers cannot observe €; at the quoting stage, so they summarize behavioral
risk through p;(x;) = E[psi(€s;) | x;]. For firm j, define the expected cost component of

policy i as
Cji(xi) = p1(xi) (1 —w1)Ly + p3,(xi) (1 —w2) Lo + fj, (3)

where f; captures firm-specific cost. The effect of behaviour on bids is primarily through
expected-loss costs, rather than through an explicitly parameterized bidding rule.

Nevertheless, in order to sell the policy, the firm needs to offer a price that is lower
than that of the competition and lower than the maximum value that the economic agent is
willing to pay for the insurance, which is equivalent to an auction of the type First Price
Sealed Bid known in the economic literature.

Assuming the existence of a random variable that determines the competitive price
within the industry and that the maximum price assumed by the insurance policy purchaser
is also random, the expected value of the portfolio for the insurance firm is defined in
Equation (4). These relationships serve to determine the value of the portfolio of policies
held by the firm.

N

+ pio(mi — Lo + wala) — f)Liq50) 4)

where Pf = pi1,p31,--., Py and Py = pl,, p5,, ..., PN correspond to the vector of prob-
ability for each type of claim for each potential insured assumed by the firm; 1., corre-
sponds to an indicator function, the value of which is one when the sale is generated by the
firm and zero otherwise (71;(p;, 07, 0***) € {pi,0}) where p;, o = min(py;,024,--.,0N,i)
and p""* correspond to the offers made by the firm, minimum value of competitors, and the
maximum value that the insurance policy purchaser accepts, respectively. It should be
noted that the value is zero in the event that the proposed price exceeds that of the compe-
tition or the offer exceeds the insurance policy purchaser’s willingness to pay, which we

represent by means of the following equation
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max

( max) _ {Pl if min(pi,pllpl ) _ pi.

(i, 07, 0; ®)

0 otherwise

Equations (2) and (4) define the expected value of profit outcomes, not the choice
variables. Specifically, I1 is used to denote the profit associated with policy i, which is
random due to claims, unobserved cost components, and acceptance outcomes. The firm’s
bid premium, denoted by 7;, is a deterministic decision variable that is determined at the
time of bid submission. Consequently, Equation (2) should be interpreted as an expected-
profit mapping, and the Equation (4) as outlined as the expected portfolio value.

The insurance firm’s objective is to maximize the expected value of the benefits.
When quoting a policy, it is reasonable to assume that each client is independent, which
allows each policy to work independently of the other. This assumption leads to the
following expression

7,

N
max E[HTot(nl,...,nN;Pl*,Pz EmaxE (7155 P71, Pi2) | B[ {50 ) (6)

2.2. Bid Price Distribution

It should be noted that the optimization problem is concerned with determining the
optimal price for each of the policies considered independently. If we consider p; and p;
as independent random variables, the probability that the firm is able to sell the policy and

max

incorporate it into its portfolio is given by the following expression

P(rr; > 0) =P(p; < pj,pi < p"™)
=P(p; < p;)P(p; < pj""). 7)

The assumption of randomness in the estimation of bid prices can be supported by the
findings of [31], who shows that there is always a unique symmetric equilibrium and firms
adopt a randomized approach to their behavior. In this context, it is necessary to define
the probability of obtaining the sale of the insurance policy, which is associated with the
probability of the minimum bid value. The distribution of the minimum bid value is given
by the following expression

M

P(p; < min(py;,02i,-- -, oni)) = [ [[1 = Fi(oi)l, (8)
=1

where F;(p;) is used to denote the cumulative probability function of p; for each firm j; M
is used to represent the number of participants in each of the public policy offerings. Using
Equations (7) and (8), and G(p;) = P(p; < p"**), we have the following definition of the
probability of winning the policy auction

M

P(m; > 0) = <H[1 - Fj(Pi)]) [1-G(pi)l- ©)

j=1

This methodology enables the formulation of an algorithmic approach to estimating
the price and market share based on a process of maximizing firms’ profits through the
implementation of different types of policies. The procedure is defined in the following
algorithmic representation of Algorithm 1. In this context, the vector Sample refers to a
vector that accumulates the price of the other firms participating in the auction market.
The value MaxAccept refers to the maximum value that a client would accept on the value

https://doi.org/10.3390 /math14040628


https://doi.org/10.3390/math14040628

Mathematics 2026, 14, 628

7 of 23

of its policy. The vector Value refers to the value of each policy for the firm, which is
dependent on the simulation process. ITyeqn [7T] refers to the average value of the policy at
each possible value of 7r, which gives us its expected value. Share[7] refers to the average
participation of the firm for each value of 7. Ultimately, the maximum profit value for the
firm, which corresponds to a specific market share (Share*), is represented by 7.

Algorithm 1 Estimation of optimal price and market share.

Require: py, po, L1, Ly, wy, wo, Tlorids Number of firms (M), Sample of prices distribution
(D prices), Maximum accepted value distribution (®y4x), Number of repetitions (R), fixed
cost ().
for each 7 € 714,y do

count < 0
fori =1to R do
forj=1to Mdo
Sample[j] chrices
end for
MaxAccept < Ppyax
if min(Sample, MaxAccept, 77) = 77 then
Value[i] = (1 — p1 — p2) 7t + p1(mr — Ly + wiLq) + pa(m — Ly + wpLp) — f
count < count + 1
else
Value[i] =0
end if
end for
ITean [7t] =mean(Value)
Share[7r] = count/M
end for
* < max(Teqn)
Share* <— Share[ ]

Table 1 presents the parameters of two distinct policy types for use in a simulation that
involves a vector of 1000 for each auction policy and 10,000 repetitions, using a Monte Carlo
simulation strategy. The simulation is based on the assumption that there are a total of
eight firms participating in the market, with the prices bid by each firm following a normal
distribution. Additionally, the customer’s maximum acceptable value is generated from a
non-negative distribution for the simulation, to ensure economic plausibility. These baseline
distributions were used exclusively for the Monte Carlo simulation in the implementation
of Algorithm 1. The Normal specification (truncated at zero) is adopted as a benchmark to
generate competitor bids and customers’ maximum acceptable values, and it is not essential
for the empirical implementation, where we work with the observed bid distributions
after standardization rather than imposing a parametric family. Furthermore, empirical
evidence suggests that the standardized densities of the logarithmic transformation of
bids are approximately unimodal and symmetrical in our data. Throughout this study,
the normal distribution is parameterized as N(, ¢%), where the second parameter denotes
the variance.

Figure 1 illustrates the profit-maximizing price of the firm, conditional on the required
market share that maximizes the expected value of its portfolio for each policy type (a).
The market share data (b) enable us to ascertain the maximum value of the distribution
associated with a standard normal distribution (c). Ultimately, the price can be recovered for
inhomogeneous price distributions through the inverse of the standardization process (d).
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Table 1. Simulation parameters.

Parameter Value Parameter Value
Number of firms 8 Ly 300
Sample distribution N(110,100) Ly 400
Maximum accepted value distribution ~ N(130,100) Ly 400
P 0.2 Ly g 400
PZ,]‘ 0.1 wll]' 0.2
P1,k 0.1 ZUZ’]' 0.2
PZ,k 0.1 wllk 0.2
c 3 wo i 0.2

1.00

050 B
0.50

|
|
) ! Tygek >
Typek . I Type j (1°0.83)

%0 00 o
Price of the insurance policy

Expected profit of firm
Cumulative market share

0.00

-2 0 2
Standardised price of the insurance policy

I Optimal price (Type j) » Optimal price (Type k) 1 Type  threshold . Type k threshald

(a) (b)

0.004
0.003
0.002

1 0001
Typek . Typej
0.00 1
% 100 M0
Price of the insurance policy

0.000

Expected market share of firm
Standardised distribution

; T 1
Standardised price of the insurance policy

1 Optimal price (Type j) » Optimal price (Type k) 1 Type ] cutoff » Type k cutoff

(c) (d)

Figure 1. Representation of the optimal response of prices offered based on industry standard-
ised prices. The segmented line corresponds to type j and the dotted line to type k. (a) Profits of the
firm as a function of price. (b) Cumulative market share distribution. (c) Market share in terms of
policy price. (d) Optimal response.

2.3. Data and Summary Statistics

To verify the theoretical approach, we provide the details of the data used for the
analysis. For this research, we used data from vehicle insurance quotes made in a massive
distribution channel. The end customer requests a quote and can observe multiple price
offers for comparable coverages across insurers. Our sample therefore represents the
competitive pricing environment within a single broker distribution channel. The data
used are anonymous and were obtained by obtaining car insurance quotes on an insurance
broker’s website between 1 January and 31 December 2024 (Public access to databases and
technical information is available in the following repository https://github.com/rolando-
rubilar /Insurance- Automobile).

A summary of the descriptive statistics of the variables used in this research is pre-
sented in Tables 2 and 3.

Table 2. Descriptive statistics for continuous variables of the sample of risks.

Continuous Variables

Variable Number of Risks Mean St. Dew.
Antiquity 40.168 5.89 3.24
Valuation 40.168 13,487,928.72 8,445,219.82
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Based on the descriptive statistics of the sample, the average age of the vehicles is
5.89 years. The average valuation of the vehicles is 13,487,928.72 U.M (U.M. corresponds to
the local currency units used, where 1000 U.M. ~ 1 USD).

Regarding vehicle age, older vehicles are associated with lower quoted prices. In the
case of the commercial value variable, vehicles with higher commercial values tend to
receive higher quoted premiums, consistent with higher expected repair or replacement
costs and, more generally, greater potential claim severity for newer and more valuable cars.

Table 3. Descriptive statistics for discrete variables of the sample of risks.

Categorical Variables

Variable Number of Risks %
Age
Al 2 0.005%
A2 2.124 5.288%
A3 8.663 21.567%
A4 16.512 41.107%
A5 12.007 29.892%
A6 339 0.844%
A7 521 1.297%
Gender
Female 25.449 63.36%
Male 14.719 36.64%
Civil Status
Cs1 1.205 3.00%
CS2 27.193 67.70%
CS3 3.147 7.83%
CS4 4.530 11.28%
CS5 4.093 10.19%
Credit Score
C1 28.867 71.87%
C2 11.301 28.13%
Properties
P1 21.186 52.74%
P2 11.518 28.67%
P3 7.464 18.58%
Engine Capacity
EC1 11.385 28.34%
EC2 20.871 51.96%
EC3 7912 19.70%
Vehicles
A\ 15.927 39.65%
V2 14.239 35.45%
V3 10.002 24.90%
Claims History
CH1 18.939 47.15%
CH2 10.709 26.66%
CH3 5.497 13.69%
CH4 5.023 12.50%

Categorical variables are coded as mutually exclusive groups. Ageis coded as Al (date
of birth not recorded), A2 (21-30), A3 (31-40), A4 (41-50), A5 (51-60), A6 (61-70), and A7
(71-80). Civil Status is coded as CS2 (married), CS3 (divorced), CS4 (single), CS5 (widowed),
and CS1 (not available in the broker database, hence “unknown”). Credit Score is coded
as C1 (“good payers”) and C2 (“bad payers”). Claims History is coded as CH1 (no claims
history available), CH2 (one claim in the last four years), CH3 (two or three claims), and CH4

https://doi.org/10.3390 /math14040628


https://doi.org/10.3390/math14040628

Mathematics 2026, 14, 628

10 of 23

(four or more claims). Properties is coded as P1 (not available/unknown), P2 (one property),
and P3 (more than one property). Vehicles is coded as V1 (not available/unknown), V2
(one vehicle), and V3 (more than one vehicle). We treat “unknown” categories (e.g., CS1, P1,
V1) as an explicit level rather than dropping observations, and their prevalence is reported
in Table 3 (The term “unknown’ is recorded in the database when the policy applicant does
not declare that variable in the application. In the numerical estimates, the designation
“unknown” is considered an additional category).

With regard to the age variables used in the analysis, the most represented groups
in the sample are Groups A5 and A6, corresponding to persons aged 51-60 and 61-70,
respectively. It is also observed that 63.36% of the insured correspond to women and
that 67.70% belong to the marital status Group CS2, which comprises those insured who
are married.

We can also observe that the sample contains approximately 71.87% of policyholders
belonging to Group C1 of the Credit Score, which corresponds to “good payers”, while
only 28.13% correspond to “bad payers”, which means that they can obtain lower rates,
meaning that they represent a lower risk of unpaid policies.

Regarding the variable of number of properties, we have that the majority of poli-
cyholders belong to Group P1, which indicates those policyholders who are not in the
database to obtain the number of properties.

The Engine Capacity variable indicates that the sample is mainly divided between
Groups EC1 and EC2, which correspond to vehicles with low and medium engine capacity,
respectively. The remaining Group EC3 corresponds to those vehicles with a high engine
capacity. For this variable, prices tend to be lower for low and medium engine capacity
vehicles, while they tend to be higher for high engine capacity vehicles, since they represent
a higher risk.

The number of vehicles variable indicates that most of the sample is concentrated in
Group V2, which corresponds to those policyholders who have 1 vehicle, while the second
largest group is Group V1 which shows those policyholders who are not in the database to
obtain the number of vehicles. The remaining but not smaller group Group V3 indicates
those policyholders who have more than one vehicle.

Looking at claims history, a key variable in assessing future risk, the majority of the
sample belongs to the Group CH1. This category represents policyholders for whom no
claims history is available in the database. Group CH2 includes those with one claim in
the last four years, while Group CH3 includes those with two or three claims in the same
period. Finally, Group CH4 consists of policyholders with four or more claims in the last
four years. In particular, premiums tend to be lower for people with a confirmed history
of one claim in four years. Conversely, premiums are higher for those with no claims
history in the database, although not as high as for those with two or more claims in the
specified period.

2.4. Estimation Methods

For the purposes of this research, we will not assume a specific price distribution of
the policies on offer. If we assume that, for each policy quote, competitors offer a price
independent of each other, then we can standardize the offers made by the competing firms,
knowing the mean () and variance (¢2) of each policy. However, in the empirical case it
is normal that we do not know the values of mean and variance, so it is necessary to use
estimated values of mean and variance, which allows us to generate the following definition

Xji =1Inpjj,
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. Xji— X;

StdPricej; = s (10)
where X; represents the average value of the logarithm of all auction participants in i
insurance type, s; represents the standard deviation of the logarithm of the participants in
auction of 7 insurance type. Equation (10) enables us to undertake an empirical research
to ascertain the optimal price above which the maximum profit can be obtained, on the
assumption that the minimum price offered is the price that the economic agent is willing
to accept.

As illustrated in Figure 2, the figure displays the standardize price densities of the
eight firms operating within the insurance market. It is observed that certain firms maintain
a consistent pricing strategy of offering lower prices, a practice that has been demonstrated
to affect their market share. In contrast, other firms adopt a higher pricing approach on
average, a strategy that often leads to the emergence of niche markets characterized by a
comparatively modest market share. This finding indicates that certain firms specialize in
specific policies, while others employ a pricing strategy with the aim of capturing a greater
market share.

) -1 0 1 z 2 - 0 1 2
Standardised policy price Standardised policy price
(a) Density of firm 1. (b) Density of firm 2.
15 15
210 210
05 05
0.0 0.0
-2 -1 0 1 2 -2 -1 0 1 2
Standardised policy price Standardised policy price
(c) Density of firm 3. (d) Density of firm 4.
15 15
§ 1.0 g\ 1.0
05 05
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-2 -1 0 1 2 -2 -1 0 1 2
Standardised policy price Standardised policy price
(e) Density of firm 5. (f) Density of firm 6.
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a a
[ 05
0.0 00
-2 -1 0 1 2 -2 -1 0 1 2
Standardised policy price Standardised policy price
(g) Density of firm 7. (h) Density of firm 8.

Figure 2. Standardised price density of market participating firms. Differing histogram colours
represent different firms in the figure.
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As can be seen in Figure 3, the distribution of the lowest bid value in each auction
is shown (a), as well as the distribution of the second lowest bid value (b). Furthermore,
the distribution of the mean value between the minimum value and the second minimum
value is displayed. The dotted line corresponds to the 80th percentile of the distribution,
which attempts to define a strategy in which 20% of the market share is obtained.

-2 1 0 -2

- -1
Standardised policy price Standardised policy price

(a) Density of minimum bid value. (b) Second minimum bid value.

2.0
15

1.0

Density

0.5

0.0

-2 -1 0
Standardised policy price

(c) Mean of minimum and second minimum bid value (A = 0.5).

Figure 3. Standardised price density of value of winning firms’ bids. Different colours in the
histograms represent the minimum bid value, the second minimum value, and a linear combination

of the two.

It is important to note that the difference between the lowest and second lowest bid
value is beneficial to the economic agent. This is because, assuming that the second lowest
price is lower than the maximum acceptance price, the economic agent would be willing
to accept a higher price to buy the policy. Therefore, the optimal pricing strategy should
correspond to a convex combination between the minimum value and the second minimum
value, as represented by the following relationship

popt — /\*pmin + (1 _ /\*)pznd (11)
where p™" corresponds to the empirically observed minimum standardized price; p?"¢
corresponds to the second minimum standardized value; A* corresponds to the optimal
value of parameter to be empirically obtained. The parameter A is instrumental in regulating
the premium update in Algorithm 1. A higher A implies larger adjustments in the quoted
premium in response to the estimated win probability trade-off. This can be interpreted as
placing relatively more weight on market gains versus short margin. In practice, the value
of the parameter A does not have to be chosen ad hoc. Insurance companies are able to
estimate or calibrate it using historical bid data by matching observed premium adjustment
dynamics and target win rates, or selecting A to maximize performance according to a
business objective.

We will use a heteroskedastic linear regression estimation method (see [32,33]) to
estimate the mean and standard deviation of logarithm of bid price as a preliminary
strategy for validating the elements necessary for standardizing the policies offered in the
market. The conditional mean of log prices is modeled linearly in covariates, while the
conditional variance is specified as an exponential function of selected regressors. In this
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context, we will proceed to project the mean value of the prices of the policies offered
in the market, which will then be used as a variable for the estimation of the standard
deviation. The Normality assumption applies to the conditional regression disturbances
used for likelihood-based estimation, not to the unconditional market distribution of bids.
We define the specific model of the mean of industry prices for policy as follows

Y; =Bo + B1Antiquity; + By log(Valuation;) + B3Gender;

M
+ BaScore; + PsClaims; + Y Bsx; + €;, (12)
5=6

O'iz,y =exp(a + ag Antiquity; + ap log(Valuation;)),

where Y; corresponds to the natural logarithm of mean price of policy 7 across the industry,
with the X; = Y; value representing the expected value of the natural logarithm of the
specific policy; 0; y corresponds to the modeling of variance as a function of explanatory
variables «’s.; B = Bo, B1, ..., Bm corresponds to the vector of parameters of the model,
considering the time fixed effects and the respective control variables; & = o, a1, a3 corre-
sponds to the vector of parameters of the variance; €; corresponds to the error term of the
estimated model in Equation (12). The following specification is presented for the purpose
of calculating the standard deviation

Z; =70 + 11 Antiquity; + yp log(Valuation;) + y3Gender;

M
+ v4Score; + ysClaims; + Y ysxi +¢;, (13)
5=6

‘Tiz,z =exp(dy + 01 Antiquity; + 6, log(Valuation;)),

where Z; correspond to standard deviation of the natural logarithm of price of policy i
across the industry; ¥ = 79, 71,-..,Ym corresponds to the vector of parameters of the
model, considering the time fixed effects and the respective control variables; § = Jy, 1, 52
corresponds to the vector of parameters of the variance; €; corresponds to the error term of
the estimated model in Equation (13). The variance function includes only Antiquity and
log(Valuation) in order to keep the scale equation parsimonious and easily interpretable,
and because these are the main continuous covariates available in the present setting.
From an economic perspective, older vehicles and higher valuations are naturally associ-
ated with greater uncertainty in terms of claim severity and repair costs. The remaining
controls are kept in the mean equation and standard deviation equation to keep the re-
gression compact and readable. This is done in order to avoid over-parameterization of
the heteroskedastic component, and to ensure the preservation of estimation stability and
transparency. The following variables have been integrated into both models:

e Antiquity; corresponds to the difference between the year of the quotation date and
the year of manufacture of the insured vehicle in policy .

e log(Valuation;) corresponds to the natural logarithm of the commercial value of the
insured vehicle in policy i.

*  Gender; corresponds to the gender of the insured of policy i. For gender modeling it
takes value 1 when the insured is male and 0 otherwise.

®  Score; corresponds to the credit rating of the economic agent in the financial system of
policy i. In particular, economic agents are divided into two groups, where Group 1
(C1) corresponds to “good payers” and Group 2 (C2) corresponds to “bad payers”.
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*  Claims; corresponds to a variable that divides economic agents into 4 groups according
to their accident and insurance history. Group 1 (CH1) corresponds to persons with
no recorded insurance or traffic accident history; Group 2 (CH2) corresponds to
policyholders who had 1 claim in the last 4 years; Group 3 (CH3) indicates those
policyholders who had between 2 and 3 claims in the last 4 years; Group 4 (CH4)
indicates those policyholders who had 4 or more claims in the last 4 years

*  The variables designated as x are those that will be employed in the various specifica-
tions for each policy i. These include variables such as:

- Civil status of persons separated into 4 groups.

—  The amount of properties owned by the insurance customer separated into
3 groups.

-  Engine capacity of the insured vehicle.

—  Total number of vehicles of the insurance customer.

The results yielded by the models specified in Equations (12) and (13) allows us to
establish the following relationships, which are used to standardize the estimated prices
described in Equation (10).

3. Results

Two models will be used for the estimation of the mean value of the logarithm policy
price, as well as two models for the estimation of the standard deviation value of the
logarithm policy price. In both the initial model of the mean value of the logarithm policy
price and the first model of the standard deviation value of the logarithm policy price,
the variables of Antiquity, Valuation, Gender, Credit Score, and Claims are considered as
independent variables, without control variables. The second model of the mean price
and standard deviation prices considers the same variables, but with the control variables,
in order to ascertain the model’s robustness in the context of incorporating control variables.
In order to estimate the parameters of the model, a sample will be drawn from the original
data set. This sample will be equivalent to 80% of the original data, with the remaining
20% being reserved for the evaluation of the empirical strategy, considering the bids in
which the eight insurance companies participated, which ensures that winning probabilities
and market-share mappings are computed on a comparable competitive set. To mitigate
sensitivity to a single split, we also report results under repeated splits and summarize
out-of-sample metrics across repetitions. This approach will allow for the observation of
the robustness of the empirical strategy to different values of A.

Table 4 reports the regression results for the mean value of the logarithm policy price
(column 1 and column 2), exhibiting high levels of significance for almost all variables in
the model, except for Gender in the regression in column 1, whether or not controls are
considered. Conversely, the null hypothesis of constant variance is rejected, indicating
that modeling with variance dependent on the defined variables is preferable to a model
without such consideration.

The LR tests reported at the bottom of Table 4 reject the homoskedastic linear model
in all cases, supporting the use of a heteroskedastic (log-location-scale) specification. In the
scale equation (Columns 3-4), Antiquity and log(Valuation) exhibit statistically signifi-
cant effects on dispersion, with magnitudes and significance levels that may change once
controls are included, consistent with heterogeneity in pricing uncertainty across observ-
able segments.

Similarly, columns 3 and 4 of Table 4 show the results of the standard deviation of
the logarithm of prices. It can be observed that in model 3, neither the antiquity nor the
Claims (NH) variable is significant, which changes when considering the control variables
in model 4, showing a high level of significance. Additionally, the null hypothesis of
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constant variance is rejected, indicating that a model that incorporates variance modeling

is preferable.

Table 4. Regression of the mean and standard deviation of the offered price.

Mean of log(price) SD of log(price)
Model 1 Model 2 Model 3 Model 4
Antiquity —0.0292 *** —0.0235 *** —0.000317 0.00101 *
(—19.39) (—27.04) (—0.65) (1.83)
log(Valuation) 0.280 *** 0.304 *** —0.0134 *** —0.00792 *
(30.19) (42.42) (—4.31) (—1.69)
Gender (male) 0.0111 0.0293 *** 0.00424 0.00953 ***
(1.24) (6.44) (1.46) (3.33)
Score —0.241 *** —0.219 *** —0.0651 *** —0.0646 ***
(—25.15) (—41.78) (—21.32) (—20.13)
Claims (G2) 0.0544 *** 0.0536 *** —0.00494 —0.00578
(4.29) (8.66) (—1.19) (—1.48)
Claims (G3) 0.108 *** 0.0974 *** 0.0110 ** 0.00944 **
(7.85) (14.55) (2.45) (2.24)
Claims (NH) —0.0706 *** —0.0808 *** —0.00403 —0.00738 **
(—7.09) (—14.68) (—1.24) (—2.12)
Constant —3.934 *** —3.538 *** 0.508 *** 0.510 ***
(—25.11) (—24.94) (9.60) (5.61)
In(c?)
Antiquity —0.0134 * 0.0172 ** —0.0494 *** —0.0469 ***
(—1.81) (2.28) (—6.80) (—6.34)
log(Valuation) 0.126 *** 0.381 *** —0.271 *** —0.199 ***
(2.93) (8.95) (—6.31) (—4.50)
Constant —4.461 *** —10.22 *** —0.0342 —-1.372*
(—6.18) (—14.35) (—0.05) (—1.86)
LR test vs.
linear model
Controls No Yes No Yes
Observations 5419 5419 5419 5419
x2(2) 22.06 84.39 58.42 42.98
Prob > x? <0.001 <0.001 <0.001 <0.001

Note: *p < 0.1; * p < 0.05; ™ p < 0.01.

As the dependent variable is log(price), the coefficients in the location equation can be
directly interpreted in economic terms. In the context of continuous regressors in levels,
B is defined as a semi-elasticity, implying that a one-unit increase in the regressor results
in an approximate change of 100 x 8 percent in the expected price. For log(Valuation),
the coefficient is defined as an elasticity, indicating that a 1% change in valuation is as-
sociated with a f% change in the quoted premium. In the case of categorical variables,
percentage differences are reported relative to the omitted baseline category, which repre-
sent percentage variations in price. This approach integrates statistical significance with
economically meaningful magnitudes, thereby offering a comprehensive framework for
analyzing economic phenomena.

Some covariates include an “unknown” level because the broker platform does not
record the attribute for a subset of quotes. We retain “unknown” as an explicit category
to avoid sample selection. Consequently, these indicators capture the component related
to limited information, while any residual unobserved heterogeneity associated with
missingness is absorbed by the intercept and the disturbance. This may result in a slight
increase in uncertainty in predictions.
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In order to evaluate multicollinearity in the covariates of the mean of log(price)
equation, variance inflation factors (VIF) are computed, with time fixed effects excluded.
The findings suggest that there is minimal collinearity for the primary continuous pre-
dictors, with VIF values of 3.79 for log(Valuation) and 1.95 for Antiquity. The VIF values
for most of the categorical controls are less than 7. Higher VIF values are predominantly
observed between the age-group and civil-status indicators, which is expected given the
overlap in information between demographic groupings and the baseline category. It
is important to note that, while multicollinearity may inflate standard errors for some
categorical coefficients, it does not appear to compromise the identification of the key
continuous variables. Furthermore, coefficient magnitudes are interpreted with this in
mind. In order to verify that the parsimonious variance specification is not driven by
collinearity, the same VIF diagnostic is performed for the standard deviation of log(price)
equation. The VIF values remain low for the variables that enter the variance function,
with Antiquity presenting a VIF of 1.95 and log(Valuation) a VIF of 3.79, suggesting that
the component is not materially affected by multicollinearity.

Table 5 summarizes the out-of-sample predictive performance across the Monte Carlo
replications for both components of the log-location—scale specification. For the location
(mean) equation, the MAE averages 0.112 (S.D. 0.002), with RMSE averaging 0.143 (S.D.
0.003), and relatively tight ranges across replications, indicating stable predictive accuracy
under resampling. For the scale (standard deviation) equation, performance is similarly
stable, with mean MAE 0.067 (S.D. 0.001) and mean RMSE 0.088 (S.D. 0.002). Negative log-
likelihood values for both components also vary modestly across replications, suggesting
that the fitted conditional distributions remain well-behaved out of sample. Overall, these
results provide evidence that the estimated location and scale components generalize con-
sistently beyond a single split, supporting the robustness of the empirical implementation.

Table 5. Summary statistics of performance metrics (Monte Carlo replications).

Metric Mean S.D. Min Max
MAE_media 0.1124480 0.0021003 0.1063342 0.1197531
RMSE_media 0.1430223 0.0028706 0.1353635 0.1530711
NLL_media —0.5324092 0.0213740 —0.5887069 —0.4554694
MAE_sd 0.0672068 0.0013578 0.0631012 0.0715035
RMSE_sd 0.0883735 0.0021128 0.0817736 0.0952797
NLL_sd —1.0102120 0.0251761 —1.0885630 —0.9280388

Table 6 reports out-of-sample experiments using test data that were not used to
estimate the regression parameters. The columns correspond to the target market share
levels s € {0.20,0.30,0.40, 0.50}, while the rows correspond to the candidate values of the
convex-combination parameter A. Each cell reports the market share achieved 5(A) implied
by the auction rule in the test sample. We highlight the values of A that minimize |S(A) — s|
for each target share, consistent with the selection rule in Equation (14). As expected,
the optimal A increases with the target market share. Performance deteriorates for higher
target shares (above 50%), where the mapping from premiums to win probabilities becomes
more sensitive to tail estimation error.

*(s) = in|5(A) — 14
A*(s) = argmin|s(A) —s|, (14)
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Table 6. Results comparing market shares and a lambda value. The value in bold represents the A
value closest to the theoretical result.

Market Share
0.20 0.30 0.40 0.5
A =0.00 0.11 0.14 0.17 0.20
A =0.25 0.19 0.21 0.24 0.26
A =0.50 0.25 0.30 0.33 0.36
A=0.75 0.30 0.34 0.39 0.45
A =1.00 0.32 0.39 0.45 0.50

4. Discussion

The framework developed in this paper is intended for use in quotation channels
where price competition is transparent and data-rich, such as online broker markets. In such
markets, customers can observe multiple competing offers for comparable insurance cov-
erages, and insurers can routinely approximate competitors” quote distributions through
periodic quote sampling. In such an environment, price standardization is naturally im-
plemented within relatively homogeneous product segments. This is precisely the setting
in which bid distributions are meaningful and comparable. The conditioning information
used in our empirical implementation corresponds to variables that are typically available
in this channel, but not necessarily for other industries.

However, in market structures with lower price transparency or a smaller number of
active competitors, observed price distributions may be less comparable across firms and
influenced by pricing frictions. In regulated environments or those with restrictions on
price reassessment, strategic adjustment is limited. Our framework should be used as a
benchmarking tool for competitive positioning. The approach in this article is most directly
applicable to transparent multiple-quotation channels. In that sense, other structures
require consideration of differences in competition intensity, information frictions and
regulatory constraints on pricing.

In contrast to [30], who demonstrates that the seller either sells their entire endowment
or not at all, this research demonstrates that the optimal response of auto insurance market
players is not total market capture. Rather, it is partial market share that is optimal from a
short-run resource maximization perspective.

It is crucial to consider the approximation of an industrial organization problem with
a limited number of bidders in the market, which contrasts with other research such as
that conducted by [21], which is based on markets with a substantial number of market
participants. Furthermore, our methodological approach allows for the generalization
to a competitive market by considering markets with a larger number of participants,
thereby enabling us to ascertain the number of participants that generates zero profits in
the insurance market.

The methodology presented in this research provides an implementation of a strategy
for the determination of a price that maximizes the firm’s profit, conditioned on the firm'’s
internal costs that are unknown to all other firms. Nevertheless, the results presented in
Table 6 indicate that the heteroskedastic regression procedure encounters difficulties when
estimating large market shares, thereby limiting its applicability to relatively competitive
scenarios with relatively low market shares of market participants.

Furthermore, the estimation considered time effects as a fixed effect in models 2 and
3. Although this captured the time effects, it also masked some autoregressive effects
that could be addressed through ARIMAX (see [34,35]), GARCH (see [36-38]), and other
methodologies that allow the time effect to be a variable in the model, thereby capturing
the effects of changes in monetary policy or time effects of the capital markets. In the
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context of our estimation, observations are conducted over a short period, which presents
challenges in the estimation of factors associated with economic cycles or structural changes.
Consequently, these behaviors fall outside the scope of the research objectives.

The findings of this study demonstrate the efficacy of employing statistical techniques
to determine the most advantageous pricing in an automobile insurance market that
operates under a first-price sealed-bid setting. In this context, the use of models based
on heteroskedastic regression estimation to calculate the expected value and standard
deviation of the policies offered has been demonstrated to be an effective strategy for the
maximization of profits. The results indicate that optimal pricing is analogous to estimating
the expected market share for each policy segment, particularly in niches where market
shares are less than 50%. In this sense, the results shown in Table 6 should be interpreted as
an empirical guideline rather than a theoretical threshold. In order to predict a large market
share, it is necessary to operate on the lower tails of the competitors’ bid distribution.
In this area, small location-scale estimation errors can have a significant impact on win
probabilities. This approach emphasizes the necessity for the application of other robust
models, such as generalized linear models (GLMs), which can more accurately describe
the relationships between explanatory variables and pricing outcomes. Furthermore, they
provide a robust foundation for optimizing pricing strategies in the competitive context of
the insurance market.

In alignment with this perspective, generalized linear models (GLMs) have been exten-
sively acknowledged for their ability to encapsulate intrinsic risk heterogeneity within the
insurance market, as evidenced by prior studies [24]. By incorporating key variables such
as driver age, claims history and geographic factors, GLMs allow for accurate estimates
of claims frequency and severity, which is crucial for adjusting rates in a competitive and
sustainable manner. The results of this research reinforce the importance of addressing tech-
nical challenges, such as extra dispersion, by using appropriate distributions (e.g., Poisson
or Gamma), demonstrating that classical methodologies remain applicable and effective
even in markets with complex dynamics. This contributes significantly to improving price
accuracy and risk management.

Nevertheless, the findings also underscore a significant drawback of the heteroskedas-
tic regression, particularly in contexts where price estimation is conducted in markets
with a high degree of market concentration. The modeling of large market share values,
where a single firm dominates the market, presents a significant challenge in terms of
accuracy. This issue can be attributed to the challenges associated with accurately estimat-
ing low-value policies within the sample and to the assumptions of independence and
absence of intertemporal considerations of insurance companies, which do not align with
the characteristics of a competitive market. These limitations are particularly evident in
markets where market shares exceed 50%, resulting in a significant discrepancy between
the heteroskedastic regression model estimates and the empirical observations. Conversely,
when market shares are below 50%, the experimental model aligns more closely with
empirical observations, indicating that the heteroskedastic regression approach may be
applicable in less concentrated markets.

Conversely, the findings underscore the need to transcend conventional methodologies
and embrace hybrid approaches that integrate machine learning models. This approach
is consistent with the one proposed by [26], in which the authors emphasize how contem-
porary machine learning techniques, such as boosting or automatic feature selection, can
reinforce traditional methodologies, markedly enhancing predictive capability in highly
competitive contexts. The integration of these approaches could assist in overcoming the
constraints of the model, thereby enhancing insurers’ capacity to predict optimal prices
and respond more efficiently to emerging risk dynamics.
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The findings of this study are in accordance with the principles of game theory as
outlined by [23], particularly with regard to the complexities of pricing strategies in markets
characterized by incomplete information. The application of this framework demonstrates
the crucial role of uncertainty in insurers’ strategic decision-making processes, including the
estimation of competitors’ pricing strategies and the assessment of customers” demand elas-
ticity. The results provide further evidence of the value of probabilistic and game-theoretic
approaches, indicating that optimal pricing in first-price sealed-bid systems necessitates a
sophisticated balance between competitiveness and profitability. By employing analogous
analytical techniques, this study demonstrates that aligning pricing strategies with the
objective of optimizing market share and financial sustainability is not only theoretically
sound, but also practically applicable in real-world contexts. These findings emphasize
the need for insurers to adopt advanced strategic frameworks that take into account both
stochastic market conditions and the dynamic interaction between market participants.

Furthermore, in the context of first-price auction systems, the practice of bid shading is
emerging as a pivotal competitive strategy, offering a sophisticated approach to optimizing
pricing in competitive markets. By strategically reducing premiums and maintaining a
surplus above break-even level, insurers can secure market share without compromising
financial sustainability. These findings underscore the value of integrating theoretical
auction models with empirical tools to enhance insurers’ responsiveness and optimize their
market share in dynamic and competitive environments.

As [28] notes, the incorporation of telematic data into pricing strategies represents a
significant advancement in the motor insurance industry. By leveraging real-time driving
behavior data, insurers can improve their ability to assess risk, leading to more precise and
equitable premium calculations. This approach is aligned with the increasing need for adap-
tive pricing mechanisms that respond dynamically to market conditions and customers’
specific risk profiles. In highly competitive markets, such as those utilizing auction-based
systems, the incorporation of telematic data could further refine risk estimates, conferring
an advantage upon insurers. These developments underscore the need to integrate emerg-
ing technologies with established methodologies to effectively navigate the complexities of
modern insurance markets.

In this context, Nicholson [27] identifies several critical issues facing the insurance
industry, including increasing competitive pressures, the effects of digitalization and the
need to adapt to evolving risk patterns. These challenges emphasize the importance of
developing advanced and flexible analytical tools that allow insurers to dynamically adjust
their pricing. In the context of the first price sealed auction, the utilization of such tools
could facilitate the expeditious response of insurers to market movements, thereby enabling
the optimization of their participation in specific niches. The combination of traditional
statistical methodologies with modern technological tools enables insurers to better meet
the major challenges they face. This improves both the accuracy of their pricing and their
ability to compete effectively in an increasingly digitalized and dynamic environment. It
also enables them to achieve their sales and profitability targets. In this way, insurers can
ensure the financial sustainability of the auto line of business.

The pricing environment considered in this study should be interpreted within the
regulatory and competition-policy constraints that typically govern automobile insurance
markets. In many legal systems, premiums are subject to regulations designed to protect
consumers, requirements regarding the filing of rates, and restrictions on pricing. These
factors may limit the degree of flexibility that a fully dynamic “auction-like” interpretation
would imply. Consequently, the present framework is best regarded as a tool for the struc-
turing of competitive quoting and benchmarking within regulated posted-price channels,
rather than as a prescription for unconstrained bidding. Furthermore, the mechanism is
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predicated on independent pricing decisions based on observed quotes, thus obviating
the need for coordination or information exchange across firms. However, it is important
to note that practical deployment in concentrated markets must remain consistent with
applicable antitrust and regulatory standards. In more restrictive regimes, the approach
may be used primarily for scenario analysis and risk-adjusted pricing guidance.

It should be noted that this study is subject to a further limitation, namely that
it focuses on a short-term model, with the evaluation of each policy conducted within
the same period. This restricted approach precludes the possibility of considering the
impact of longer-term pricing strategies, such as those employed in policy renewal games,
which could have a considerable impact on the competitiveness of insurers. Moreover,
practical implementation must take into account the regulatory and competition policy
constraints specific to each jurisdiction, such as filed rate requirements, consumer protection
rules, oligopolistic conditions, and restrictions on price adjustments, which may limit the
degree of flexibility implied by a purely auction-based approach. As a potential solution,
we propose extending the model to incorporate intertemporal discounting, which could
facilitate a more precise evaluation of pricing decisions over time. This extension would be
beneficial not only for the automobile insurance sector, but also for other sectors, such as
interest rate pricing in annuities, where long-term dynamics play a pivotal role.

A second limitation is related to the tractability assumption adopted in Section 2.2,
where the minimum competitor bid and the consumer’s maximum acceptable price are
treated as independent variables when computing acceptance and winning probabilities.
In practice, these objects may be correlated because both can be jointly driven by observed
and unobserved factors. In the event of such dependence, the independence-based decom-
position may have a significant impact on the implied win probabilities and, consequently,
the quantitative mapping from premiums to expected market shares. It is suggested that
a natural extension for future research would be to relax this assumption by specifying a
joint distribution. This could be achieved via a copula or by conditioning on a richer set
of observables.

Closely related, our framework is inherently static. The model’s emphasis on within-
period pricing has the effect of abstracting from key long-run drivers of profitability in
insurance markets. This includes factors such as customer retention, switching costs and
customer lifetime value. Furthermore, the model does not take into account evolving
market conditions over time, such as changes in risk composition, competition intensity
and macro shocks. Additionally, it does not encapsulate the dynamics inherent in the
renewal process of insurance policies, wherein insurers engage in recurrent interactions
with policyholders, and the determination of optimal pricing is contingent upon the value
of the ongoing relationship. The extension of this approach to a multi-period setting,
incorporating state variables to track customer history and market conditions, as well as
retention probabilities and an intertemporal objective with discounting, would facilitate the
selection of premiums through a trade-off between current margins and expected future
value and market share.

5. Conclusions

This research presents a methodology for estimating the profit-maximizing price
for firms participating in the automobile insurance market in the context of First Price
Sealed Bid. The objective of the firm is to maximize profits, which is achieved through
the implementation of a short-term model that considers the probability of occurrence of
personal and material accidents.

In addition to its methodological contributions, this study underscores the pivotal role
of the automobile insurance industry as a foundational element of the financial sector in a
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multitude of economies. Automobile insurance serves not only to protect individuals and
businesses against potential financial losses, but it also makes a significant contribution
to overall economic stability by enabling risk sharing and building consumer confidence.
In many countries, the automobile insurance market constitutes a substantial component
of the general insurance sector, serving as a primary driver of premium income and
employment. As vehicles remain a fundamental aspect of personal mobility and commercial
activity, optimizing pricing strategies in this sector have significant implications. Improved
pricing methodologies ensure the sustainability of insurers and promote fair competition,
which is essential to maintain policyholder confidence and the overall health of the financial
ecosystem. This emphasizes the crucial necessity of cultivating a culture of continuous
innovation and utilizing sophisticated analytical tools to address the evolving challenges
confronting this vital sector.

Moreover, it was demonstrated that the issue of identifying the maximum bid price
that yields the greatest profits for the firm is equivalent to that of determining the proportion
of the market that maximizes the firm’s profits. This was achieved by standardizing the
prices of public offers made by insurance companies. The objective was to identify the
value that could be offered in the market that would maximize the firm’s total profits.
It was assumed that public offers respond to a random variable that is independent of
the historical behavior of the firms. Should the assumption of independence between
companies’ policy offerings be invalidated, a potential line of research emerges, linking
elements of industrial organization with elements of stochastic processes. This could have
significant implications for practitioners in the automobile insurance industry, as well as in
other industries exhibiting analogous behavior, such as annuities.

The strategy of profit maximization through market share pricing was successful in
that the simulation allows for standardized pricing of the automobile insurance policy,
based on public independent variables of the ordering customers. This pricing strategy is
valid for market shares of less than 50%. It should be noted that all policy segments were
assumed to have an equivalent cost structure, which may not be entirely accurate. This
limitation suggests a potential avenue for further research, whereby specific market niches
could be segmented using private information from insurance companies.
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