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In the complex landscape of actuarial science and general insurance, the Bonus-Malus System (BMS) stands as 

one of the most critical mechanisms for assessing risk and ensuring premium equity. Derived from Latin, where 

"Bonus" means good and "Malus" means bad, this system is designed to reward policyholders who demonstrate 

safe behavior while penalizing those who frequently file claims. This in-depth technical analysis explores the 

theoretical underpinnings of BMS, specifically focusing on the contributions found in academic literature such as 

the works of Giacomo Padova, and the mathematical modeling required to maintain a balanced insurance portfolio.

Foundational Principles of Experience Rating

Experience rating is the practice of adjusting a policyholder's future premium based on their past claim history. The 

primary objective is to achieve actuarial fairness. In a standard pool of insured individuals, there is significant 

heterogeneity; some drivers are inherently more cautious than others. A flat premium for everyone would lead to 

adverse selection, where low-risk drivers subsidize high-risk drivers, eventually causing the former to leave the

pool.

The Bonus-Malus System addresses this by categorizing policyholders into various levels or classes. New

policyholders usually enter at a neutral starting class. Each year, if a policyholder does not file a claim, they

transition to a "Bonus" class, receiving a discount. Conversely, filing one or more claims results in a move to a

"Malus" class, triggering a premium hike. This dynamic adjustment serves as a tool for both risk classification and

behavioral incentive.

The Mathematical Framework: Markov Chains and Transition Matrices

To analyze the long-term stability and efficiency of a Bonus-Malus System, actuaries rely heavily on Markov Chain 

theory. A BMS is typically modeled as a discrete-time Markov chain where the states represent the premium 

classes. The probability of moving from state i to state jdepends solely on the current state and the number of

claims recorded during the period.

Transition Probabilities

Let k be the number of claims in a year. The probability of having k claims is often modeled using a Poisson 

distribution for simplicity, or a Negative Binomial distribution to account for over-dispersion (where the variance 

exceeds the mean). The transition rules of the system define a transition matrix P. For a system with n classes, the 

element p_{ij} of the matrix represents the probability that a policyholder in class i will move to class jin the next

period.

Mathematical representation of the Poisson model for claim frequency:

•  P(K=k) = (e^-;²�¢�»^k) / k!

Where ;²�†Æ�Ö&F�• represents the expected number of claims per year. In a heterogeneous population, ;²�—2�G&V�FVB��2�



a random variable following a Gamma distribution, leading to the Negative Binomial model which provides a more

realistic fit for empirical insurance data.

Stationary Distributions

A crucial aspect of BMS design is the stationary distribution (<�•. Over several years, the distribution of 

policyholders across classes tends to stabilize. Actuaries calculate this using the equation <��Ò�ÀP. Understanding the

stationary distribution allows insurers to predict long-term revenue and ensure that the system does not lead to

"Bonus Hunger," where almost all policyholders end up in the highest discount class, potentially leading to

insolvency if not managed correctly.

Analyzing the Works of Giacomo Padova and Actuarial Models

The academic discourse, including references to Giacomo Padova, often focuses on the optimization of these 

systems. The research delves into how various transition rules affect the efficiency of the BMS. A key metric used 

here is the Loimaranta Efficiency, which measures the sensitivity of the average premium to changes in the claim

frequency.

Research suggests that a high-efficiency system should respond quickly to changes in a driver's risk profile. If a 

driver’s underlying risk increases, the system should ideally move them to a malus class immediately. However, real-

world systems must balance this with customer retentionstrategies. Extreme volatility in premiums can lead to

high churn rates.

Technical Breakdown of Efficiency Metrics



Metric Name Definition Technical Significance

Average Premium The weighted sum of premiums 
based on the stationary distribution.

Determines the expected revenue per 
policy in the long run.

Loimaranta Efficiency The elasticity of the mean premium 
with respect to the claim frequency.

Indicates how well the system 
penalizes/rewards changes in risk.

Coefficient of Variation Standard deviation of premiums 
divided by the mean.

Measures the spread and fairness of 
the premium distribution.

Transition Speed Number of steps required to reach the 
lowest/highest class.

Impacts how fast a new driver is 
integrated into the risk model.

Procedural Execution: Designing a Robust BMS

Implementing a Bonus-Malus System requires a step-by-step algorithmic approach to ensure the system is both

competitive and mathematically sound. As highlighted in technical studies regarding vehicle insurance simulations,

the following workflow is typically adopted:

Step 1: Data Collection and Distribution Fitting

Collect historical data on claim frequency and severity. Use statistical tests (like Chi-square or Kolmogorov-

Smirnov) to determine if the claim frequency follows a Poisson or Negative Binomial distribution. Determine the 

Prior Premium(Base Premium) using Generalized Linear Models (GLM) based on rating factors like age, vehicle

type, and location.

Step 2: Defining the Class Structure

Establish the number of levels (e.g., Class 1 to Class 20). Assign a Premium Relativityto each class. For

example, Class 1 might have a relativity of 200% (Malus), while Class 20 has a relativity of 50% (Maximum Bonus).

Step 3: Establishing Transition Rules

Define the movement logic. A common rule is the -1/+2 rule: a claim-free year moves you down 1 class (better 

bonus), while each claim moves you up 2 classes (malus penalty). More sophisticated systems use Hungerford’s 

rules or optimal rules derived from Bayesian estimators.

Step 4: Simulation and Stress Testing

Perform Monte Carlo simulationsto observe how a cohort of 10,000 drivers moves through the system over 20

years. This helps identify if the system is too generous (everyone stays in the bonus zone) or too harsh (the "Malus

Trap").

Comparative Analysis of Global BMS Models

Different jurisdictions employ varying philosophies regarding Bonus-Malus. The following table compares the typical

structures found in European and Asian markets, often discussed in technical comparative studies.



Feature Standard European Model Asian/Indonesian Model 
(Asuransi Kendaraan)

Theoretical Optimal 
Model

Number of Classes Typically 18-22 Levels Often 4-7 Levels Variable (up to 30)

Starting Class Middle (e.g., Class 10) Class 1 (Base) Bayesian Calculated

Maximum Discount 50% - 70% 25% - 40% Risk-Dependent

Penalty for 1 Claim +2 to +4 Classes Return to Base/Step Up Exact Bayesian Adjustment

Efficiency Moderate to High Lower (Simplified) High (Complex)

Addressing Theoretical and Operational Challenges

Despite their mathematical elegance, Bonus-Malus Systems face several real-world challenges. One of the most 

prominent is Claim Suppressionor "Bonus Hunger." This occurs when a policyholder incurs a small loss but

chooses not to file a claim because the resulting premium increase (malus) would exceed the cost of the repair.

While this reduces the insurer's administrative costs, it creates a bias in the data used for future risk modeling.

Common Operational Failures and Solutions

•  System Errors in Calculation: As noted in technical logs (e.g., Perl/Mason stack traces in insurance software), 

errors often occur during the execution of batch premium updates. Solution: Implement transactional integrity 

checks and automated regression testing for the transition logic.

•  The "Ageing" Problem: Older drivers with decades of claim-free history have the same bonus as a 5-year 

claim-free driver. Solution: Introduce "Super-Bonus" levels or incorporate secondary experience factors.

•  Data Fragmentation: If a driver switches insurers, their history might be lost. Solution: Centralized insurance 

databases (like those used in the UK or Italy) to allow "Bonus Portability."

Integration with Modern Machine Learning

The next frontier in BMS, often touched upon in recent discussions regarding Giacomo Padova's theoretical 

frameworks, is the integration of Telematics. Instead of waiting for a claim to occur (backward-looking), insurers 

can now adjust premiums based on real-time driving behavior (forward-looking). Parameters such as hard braking, 

cornering speed, and night driving are fed into Recurrent Neural Networks (RNNs)to predict the probability of a

claim before it happens.

However, the traditional Markovian BMS remains the backbone of the industry because it is transparent and legally

defensible. Combining Markovian structures with Bayesian updates provides a robust framework that satisfies both

regulatory requirements and actuarial precision.

Synthesis of Bonus-Malus Implications

The Bonus-Malus System is more than just a pricing strategy; it is a sophisticated mathematical engine that

balances the financial stability of the insurer with the behavioral incentives of the insured. By utilizing Markov

Chains, actuaries can project the long-term viability of these systems, ensuring that premiums remain competitive

yet sufficient to cover future liabilities. The transition rules, whether the simple -1/+2 rules or the complex Bayesian

models discussed in academic literature, define the "personality" of the insurance product.



As the industry moves toward greater digitalization, the principles laid out in the study of BMS—accuracy, fairness,

and predictive modeling—remain paramount. Whether through the study of Giacomo Padova's PDFs or the

implementation of complex simulation scripts, the goal remains the same: to create a system where risk is

quantified correctly and safety is rewarded proportionally. The continued refinement of these systems, taking into

account both frequency and severity of claims, ensures that the insurance industry can adapt to evolving

transportation trends and maintain its role as a stabilizer of economic risk.
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