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Abstract: Warranty claims and supplementary data contain useful information about product quality and 

reliability. Analysing such data can therefore be of benefit to manufacturers in identifying early warnings of 

abnormalities in their products, providing useful information about failure modes to aid design modification, 

estimating product reliability for deciding on warranty policy, and forecasting future warranty claims needed for 

preparing fiscal plans.  

In the last two decades, considerable research has been conducted in warranty data analysis (WDA) from 

several different perspectives. This paper attempts to summarise and review the research and developments in 

WDA with emphasis on models, methodologies and applications. It concludes with a brief discussion on current 

practices and possible future trends in WDA. 

Keywords: early warning, field reliability estimation, warranty data analysis (WDA), two-dimensional 
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1. Introduction  

A warranty is a contractual obligation incurred by a manufacturer (vendor or seller) in 

connection with the sale of a product. In broad terms, the purpose of warranty is to establish liability 

in the event of a premature failure of an item or the inability of the item to perform its intended 

function
1
. Product warranty is becoming increasingly more important in consumer and commercial 

transactions, and is widely used to serve many different purposes
2-5

.  

A vast literature on warranty can be found, for example, in 1996, Djamaludin et al
6
 listed over 

1500 papers in this area. Recently, research in warranty has attracted even more attention, as can be 

seen from the review papers
5, 7-11

 and the books
12-17

 . 

Warranty data is comprised of claims data and supplementary data. Claims data are the data 

collected during the servicing of claims under warranty and supplementary data are additional data 

(such production and marketing related, items with no claims, etc.) that are needed for effective 

warranty management. Warranty data provide valuable information to indicate product quality and 
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field reliability. Beginning with Suzuki
18, 19

, extensive research on warranty data analysis (WDA) has 

been dome, see 
9, 20-27

, for example. Karim et al
9
, published in 2005, is an excellent review paper on 

warranty claim data analysis. Other review articles on WDA prior to 2005 are references
20, 22, 23, 28-30

. 

Over the last five years, more papers have been published and a comprehensive review paper is 

needed to summarise the state-of-the-art developments in WDA. 

The aim of WDA is to extract useful information and help in decision making by analysing 

warranty data with either statistical or computer algorithms (for example, neural network models). 

Warranty data can be used in many other ways by a manufacturer and include the following: 

 To detect early warning of faulty designs, flawed production lines, defective parts, etc,  

 To provide useful information for product modification and improvement, 

 To estimate and explain the costs of warranty claims,  

 To predict future claims and warranty cost, and 

 To estimate product reliability for deciding on warranty policy and appropriate maintenance 

policy. 

Relating to the five areas discussed above, the main objectives of this paper are (i) to review the 

existing research in WDA and (ii) to suggest new directions for future research based on the trends 

and issues identified.  

The rest of this paper is structured as follows. Section 2 discusses the causes of warranty claims 

and the characteristics of warranty data. Section 3 looks at WDA, the different kinds of models and 

methodologies that have been proposed and studied in the literature. Section 4 explains two tables 

summarising the papers reviewed. Section 5 concludes the paper with a brief discussion on current practices 

and possible future trends in WDA. 

2. Warranty claims 

A typical  lifecycle of failed products is shown in Figure 1, where the process starts from product 

manufacture time and ends at the time when they are returned to the manufacturer.  

Products stored 

in warehouses

Products 

manufactured

Products in 

distributors

End users
Some products 

failed

Failed products 

returned 
 

Figure 1. A typical lifecycle of failed products 

We can express warranty claim data as shown in Table 1, where 𝑟𝑥,𝑦 represents the number of 

claims received on the (𝑥 + 𝑦 − 1)-th day and the claimed items were sold on day 𝑑𝑥 and 

manufactured on day 𝐷𝑥. 

 

Table 1: Part of warranty data 
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Manufacture 

date 

Manufacture 

volume 

Sales  

date 

Sales  

volume 

Claims received (month in service) 

1 2 … 𝑚0 … 𝑛0 − 1 𝑛0 

𝑫𝟏 𝑁1 𝑑𝟏 𝑀1 𝑟11 𝑟12 … 𝑟1,𝑚0
 … 𝑟1,𝑛0−1 𝑟1,𝑛0

 

𝑫𝟐 𝑁2 𝑑𝟐 𝑀2  𝑟21 … 𝑟2,𝑚0−1 … 𝑟2,𝑛0−2 𝑟2,𝑛0−1 

…  …              …  …                ... … … … … 

𝑫𝒎𝟎−𝟏 𝑁𝑚0−1 𝑑𝒎𝟎−𝟏 𝑀𝑚0−1   … 𝑟𝑚0−1,2 … 𝑟𝑚0−1,𝑛0−𝑚0+1 𝑟𝑚0,𝑛0−𝑚0+2 

𝑫𝒎𝟎
 𝑁𝑚0

 𝑑𝒎𝟎
 𝑀𝑚0

    𝑟𝑚0,1 … 𝑟𝑚0,𝑛0−𝑚0
 𝑟𝑚0,𝑛0−𝑚0+1 

Total 𝑴  𝑴 𝒓𝟏 𝒓𝟐 … 𝒓𝒎𝟎
 …

 
𝒓𝒏𝟎−𝟏 𝒓𝒏𝟎

 

 

It should be noted that the quality of warranty data is usually not perfect, as they might be 

 aggregated data: warranty data might only be available in the form of aggregated claims. That is, 

warranty data might be aggregated into groups. For example, a warranty claim analyst might be 

only given the total number of claims for items in age 0-30 days, 31-60 days, etc.  

 delayed data: warranty data can include sales delay and reporting delay. For example, reporting 

delay might be caused by manufacturers who might need time to verify the claims before the 

claims are entered into the database. 

 incomplete censored data: warranty data are commonly right censored data, which is caused by 

the fact that warranty can expire. 

For more detailed discussion on the quality of warranty data and its analysis, the reader is 

referred to Wu
31

. 

Warranty claims might be caused by various forms of failures. For example, Figure 2 shows 

possible causes of warranty claims, which can be roughly categorised into four types of failures: 

hardware failures, software failures, human errors and organisational errors.  

It might be noted that most of publications in the reliability literature simply assume that 

warranty claims are due to hardware and/or software failures. Such an assumption might not 

necessarily hold. For example, an end-user might claim warranty although the item has not failed, or 

an end-user might not claim warranty although the item has already failed, see Wu
32

, for example. 

Warranty 

claims

Product performance

 Hardware failure

 Software failure

 No fault found (NFF)

 Incompatibility with other products

 Failures in configuration and set-

up procedures

Product usability

 Damaged delivery

 Missing accessories

 Poor design of operation manuals

 Not easy to setup and configure

Customers

 Poor knowledge of the product

 Wrong expectation of function

 Abuse of returns process

 Abuse of product

 Failed products not being 

claimed

Customer care team

 Poor organisational product knowledge

 Poor internal training programs

 Poor access to product information 

 Poor screening and question of customer

 

Figure 2. Examples of causes of warranty claims  
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3. Warranty data analysis 

Warranty data analysis can broadly categorised into five areas, as shown in Figure 3. In this 

section, we review existing research in these five areas. 

Warranty data 

analysis

Early detection of 

reliability problems

Suggestion on 

design modification

Field reliability 

estimation

2-D approach

Marginal 

approach

Bivariate 

approach

Composite 

scale approach

Claim/cost 

estimation

Claim/cost 

prediction

1-D approach

 

Figure 3: Analysis of warranty data. 

3.1 Early detection of reliability problems 

The intention of early detection of reliability problems is to provide manufacturers with the 

opportunity to discover early indications of unexpected quality and reliability problems through 

WDA. In essence, this intention can be achieved through detecting abnormal change points in 

warranty data by using a variety of statistical techniques such as control charts or comparing 

probability distributions to the benchmarking distribution, or artificial intelligent techniques.  

When developing an early warning algorithm, we should bear in mind that there are following 

four points deserving attention. 

 New products. New products might have limited warranty claim data. Detecting abnormalities on 

the basis of such small sample size can be troublesome.  

 Non-stationary process. Products that have already been launched might be modified from time 

to time. It is often necessary to assume that the warranty claim process is non-stationary. 

 Common causes. The failure of a type of component that is installed in many different types of 

products can cause more serious problems than those only installed in one type of product. For 

example, a type of AC/DC adaptor might be used in many different types of laptop computers. If 

a large number of claims are due to the failure of the AC/DC adaptor, signalling a warning on 

this component can be important.  

 Text mining. Warranty claims are usually reported by end-users and the failure modes are 

expressed in text documents. Developing algorithms to analyse failure modes from the 

documents is essential. Text mining from computer science can be a useful technique. 

In the literature, a number of techniques have been developed to detect product abnormalities 

from warranty data. Karim et al
33

 propose a method to detect change points from marginal count 
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warranty claims data through modelling and comparing the mean number of failures at the stages of 

the pre- and post- design change point. Wu and Meeker
34

 use statistical detection rules to provide an 

early indication of reliability changes with the Poisson distribution estimation. Grabert et al
35

 develop 

an early detection system using neural networks and probability distribution estimation. Honari and 

Donovan
36

 use control charts to monitor any changes and validate their approach based on both 

artificially generated data and warranty claims data.  

Vittal and Neuman
37

 surveys the emerging science of early detection for the warranty and 

reliability issues. They summarise that three measures should be required to assess the efficacy of any 

“early warning” detection system/algorithm, (1) probability of detection of a change, (2) probability 

of false alarm, and (3) the alarm time (“time to detect” a change). However, in the literature, not all of 

authors use these three measures to assess the efficacy of the techniques/algorithms. 

Techniques used in early detection analysis have a long application history in many other areas 

such as machinery health monitoring. Comparing to machinery health monitoring, early detection of 

reliability problems using warranty data can be more difficult. In machinery health monitoring, an 

item being monitored is usually not modified. In WDA, however, products might be continually 

modified; consequently, warranty claims can be due to a series of changing failure modes of the 

products.    

3.2 Suggestion on design modification 

Warranty data can also be utilised to assist engineers in improving their product design. This can 

be done if failure causes can be analysed and further detected with warranty data.  

It should be noted that both early detection analysis and design modification aim to detect 

abnormalities from warranty data. However, in early detection analysis, timeliness is an important 

factor: it focuses on techniques that can detect abnormalities at the earliest opportunity. As such, on-

line monitoring techniques such as control charts might be pursued. Design modification, however, 

emphases on using warranty databases to aid engineers to change their system design and aims to 

improve the reliability and quality of their products. Hence, timeliness might be less important. 

Majeske et al
38

 and Majeske and Herrin
39

 use graphical tools to compare warranty claims to their 

benchmark data, and suggest that manufacturers should analyze design changes using post hoc tests 

on warranty data. Yang and Cekecek
40

 develop a method of utilizing warranty data to prioritize design 

improvement efforts based on design vulnerability and the feedback from warranty claims data. They 

use cost as a measure of design vulnerability to indicate the weaknesses of the design and provides 

feedback for design improvements, and then use linear programming to prioritise those areas that are 

crucial for improvement, subject to limited budget.  

Modern computing techniques such as data mining and text mining have also been introduced to 

extract meaningful knowledge from databases containing warranty claims. Extracting useful rules 

such as IF-THEN rules can assist engineers in their design analysis (for example, failure analysis). 
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Buddhakulsomsiri et al
41, 42

 uses the elementary set concept and database manipulation techniques to 

search  patterns and relationships among occurrences of warranty claims and create IF-THEN rules, 

where the IF portion includes a set of attributes representing product features (e.g. production date, 

repair date, mileage-at-repair, transmission, engine type, etc.) and the THEN portion  includes a set of 

attributes representing decision outcome (e.g. problem related labour code). These rules are used to 

identify root causes of a particular warranty problem or to develop meaningful conclusions.  

Some manufacturers might have a warranty database and a customer survey database. 

Commonly, the warranty database is maintained by engineering departments, whereas the customer 

survey database is maintained by customer relationship departments. Linking the two databases and 

then analysing them can increase the understanding of both reliability/quality problems and customer 

expectation, which might result in a modification that can satisfy customer needs and improve product 

reliability. Sureka and Varma
43

 develop a rule-based system for extracting named entities from 

customer complaint, technician comments and action taken field of the warranty claim forms. 

3.3 Field reliability estimation  

Estimating the reliability of products from warranty data, or field reliability estimation, is 

important for manufacturers as it can help in various aspects such as selecting warranty policy, 

planning maintenance regimes and preparing spare parts. As warranty data reflect real operating 

environment and usage rate, they are more informative than testing data collected from laboratories. 

As such, estimating product reliability based on warranty data can provide manufacturers with more 

important information. 

When estimating product reliability from warranty claims data, however, we need to notice 
22

 

that: 

 Warranty claims data are usually incomplete. Such incompleteness might result in biased 

inference.  

 Warranty claims data are only collected from the early life of products and might provide little 

direct information about longer term reliability or durability.  

We also need to notice that warranty claims can also contain claims due to human factors
32

.  

Warranty policies can be categorised into one- and two-dimensional. A one-dimensional (1-D) 

policy is characterised by an interval (age only or usage only) as warranty limit. A two-dimensional 

(2-D) policy is represented by a region in the two-dimensional plane: generally one dimension 

representing age and the other representing usage. For different types of products, usage can be 

different, for example, output-based (miles for cars, copies made for photocopier, etc.), time-based 

(fraction of the time used – air-conditioners, heaters, etc.), stress level (used continuously but different 

stress levels – air conditioners on hot or very hot days).  
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In the literature, approaches developed to analysing warranty data collected from the products 

with 1-D or 2-D policies can be different. In the following, we review publications in two aspects: 1-

D and 2-D analysis for field reliability estimation. 

3.3.1 One-dimensional (1-D) approach 

It should be noted that 1-D warranty might also be usage based, for example, the warranty limit 

for a copy machine can be the number of copies that it has made.  

3.3.1.1 Age-based analysis 

In the literature, age-based field reliability estimation has not been the main focuses. This might 

be due to the fact that techniques on estimating field reliability are well established, given complete 

age information. 

Approaches to estimating the lifetime distribution include estimating mixed distributions
44

, 

fitting the Weibull distribution based on a small number of warranty claims
45

, estimating the lifetime 

distribution considering sales delay 
46

, and estimating the intensity of a NHPP (Non-Homogenous 

Poisson Process) for repairable items 
47

. 

3.3.1.2 Usage-based analysis 

Effective estimation of usage-based lifetime distributions for warranty claims requires complete 

information of the usage intensity of all items, including censored and claimed. However, the usage 

intensity distributions of the items failing within the warranty limit might be different from those of 

products surviving the warranty. This causes a problem of obtaining censoring times (or usage 

intensity) for those products that have not reported to the product manufacturer. 

For engineering purposes, usage time is more relevant; and hence, modeling usage accumulation 

is an integral part of reliability analysis. However, for a usage-based analysis, such as of mileage or 

copy number, it is difficult to estimate the lifetime distribution without having censored data (e.g., 

mileage of non- failure automobiles) because the usage time distributions of non-failed products are 

different from those of failed products. 

Starting from Suzuki et al
18, 19

, there are a series of research on estimating product reliability 

when incomplete censored data, ie., incomplete usage data, are presented. Approaches to dealing with 

the case of the incomplete usage data have been studied by references
48-51

. 

One of often used approaches to dealing with incomplete censored data is the supplementary 

data approach. This approach randomly selects a follow-up sample of products from the unfailed 

products under warranty,  obtains their censoring times, usage history and/or any covariate values, and 

then uses a pseudo-likelihood approach to estimating the parameters of survivor distributions. Such a 

follow-up research can be follow-up studies, customer surveys, postal reply cards, and periodic 

inspections. The pseudo-likelihood approaches can be parametric or non-parametric based
18, 19

. The 
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pseudo-likelihood approach can also be extended to analyse claims data with covariate information
48, 

52
.  

When additional field data are available, Oh and Bai
53

 proposes methods of estimating the 

lifetime distribution. Attardi, et al
54

 use a mixed-Weibull regression model to estimate the failure time 

of components of the gear-box mounted on some FIAT automobiles. 

When the usage time of censored items cannot be obtained, Suzuki
55

 proposed to use non-

homogeneous Poisson processes. Suzuki et al
56

 present two methods, parametric and semi-parametric, 

to estimate product field reliability, where non-failure data is not included. 

The usage intensity of products by specific groups of consumers are surveyed and analysed in 

reference
57

. 

However, it has been noted that little attention in the above research has been paid to the causes of 

the warranty claims. Warranty claims of a product can be due to many different failure modes. If one 

is concerned with one of the failure modes, s/he will find that many other failed items may be claimed 

due to the other failure modes. S/He will then have these censored and uncensored observations to 

estimate survivor distributions for the different failure modes. This phenomenon has been observed 

from the warranty database of an automobile manufacturer in the UK.  

3.3.1.3 Co-variate analysis 

Claim frequencies may be relating to many other factors. The following three aspects of data can 

be important and collectable in field-performance studies
48

:  

 Information on types and frequencies of problems (e.g., failures, replacements, etc.) and on time 

patterns of problems (e.g., times to failure, performance degradation over time, life of the 

product, etc.).  

 Manufacturing characteristics of items in use (e.g., model, place or time of manufacture, etc.).  

 Usage intensity and operating conditions (e.g., personal characteristics of users, climatic 

conditions, etc.). 

If only a few separate conditions are of interest, the simplest approach is to estimate the expected 

claims for each condition separately. More generally, covariates can be used to represent various 

factors and build regression models
22

. Covariates may be introduced at an individual unit level or at 

an aggregate claims level. In either case log linear models are convenient 
22

. 

Kalbfleisch and Lawless
48

 suggest procedures for the collection of field data and then use a 

regression model to estimate lifetime distributions from field failure data with supplementary 

information about covariates. Hu and Lawless
52

 develop an estimation procedure with supplementary 

information about covariates and censoring times, suggest a technique for modelling warranty claims 

as truncated data, and assume warranty claims follow a Poisson process. Hu and Lawless
50

 consider 

situations involving a response variable and covariates, both of which are incomplete. They discuss 

two types of pseudo-likelihood estimation and provide methods for non-parametric estimation of 



9 

lifetime distributions. Attardi et al
54

 use a mixed-Weibull regression model for the analysis of 

automotive warranty claims data, assuming that the products are a mixture of weak and strong sub-

populations with respect to their reliabilities. The engine type and car model are used as covariates in 

their regression model. Karim and Suzuki
58

 consider covariates associated with some reliability-

related factors and present a Weibull regression model for the lifetime of the component as a function 

of such covariates. The expectation maximization (EM) algorithm is applied to obtain the maximum 

likelihood estimates of the parameters of the model.  

Regions, in which the products are operated, are considered as impact factors by references
59, 60

. 

3.3.2 Two-dimensional (2-D) Approach  

Much of the literature on warranty analysis considers failure models which are indexed by a 

single variable, such as either age or mileage. There are situations where several characteristics are 

used together as criteria for judging the warranty eligibility of a failed product. For example, for 

automobiles, warranty coverage has sometimes both age and mileage limits, and it is often important 

to develop methods based on both age and usage amounts. 

For items under 2-D warranty policy, Figure 4 shows the possible ages and usage rates of four 

items covered a 2-D warranty policy. Item 1 failed within both the age limit and the usage limit and it 

might be reported to the manufacturer. Item 2 failed within the age limit but beyond the usage limit 

and its warranty expired. Item 3 failed within the usage limit but beyond the age limit, and its 

warranty expired. Item 4 has both the age and usage at failure above the age limit and the usage limit. 

Age 

2

1

4

3

U
s
a

g
e

X

X

X

X

 

Figure 4. Two-dimensional warranty. 

In analysing 2-D warranty data, for example, if we want to estimate the distribution, we need to 

collect data on both the age and usage of products. A complicating issue is that the age and usage 

might be unknown to the manufacturer for some items, for example, the age and usage of items 2, 3, 
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and 4 in Figure 4 might not be available. This poses a challenge that only data of those failed and 

reported items are available, but the  usage for those items whose warranty has expired cannot be 

obtained.  

To analyze 2-D warranty data with unknown censoring times, three approaches have been 

proposed in the literature: marginal approach, bivariate approach, and composite scale approach. The 

marginal approach indirectly fits a joint distribution, the bivariate approach directly estimates a 

bivariate distribution, and the composite scale approach reduces the two-dimensional warranty 

problem to a one-dimensional formulation. 

3.3.2.1 Marginal approach 

The marginal approach assumes that the usage intensity for a customer is constant over the 

warranty period, but varies across the customer population. As a result, the usage rate is a random 

variable. It can be modelled either as a discrete variable (for example, low, medium and high users) or 

as a continuous variable with a density function
61

. A joint distribution can then be calculated from the 

marginal distributions. With this approach, Lawless et al
21

 considers the occurrence of warranty 

claims for automobiles when both age and mileage accumulation affect failure. They discussed 

models to assess the dependence of failures on age and mileage, and to estimate survival distributions 

and rates from warranty claims data using supplemental information about mileage accumulation. 

Davis
62

 discusses a similar approach. Singpurwalla and Wilson
63

 propose an approach for developing 

probabilistic models in a reliability setting indexed by two variables, time and a time-dependent 

quantity such as the amount of use. They used these variables in an additive hazard model. Chukova 

and Robinson
64

 take age and mileage as the usage measure, respectively, and evaluate the mean 

cumulative number of claims or cost of claims and its standard error as functions of the usage 

measure, with both parametric and non-parametric approaches. It presents a model where the usage 

time is a primary variable and the mileage accumulation is estimated from field return data. At each 

time interval the probability of exceeding the upper mileage limit on the warranty is calculated based 

on the mileage distribution and an analytical cumulative distribution function of exceeding the upper 

mileage limit at any point time is constructed. This modeling procedure accounts for an observed 

reduction in the number of warranty claims in the second half of the warranty period. 

3.3.2.2 Bivariate approach 

The bivariate approach is to directly estimate a joint bivariate distribution from warranty data. 

Singpurwalla and Wilson
65

 develop a bivariate failure model for automobile warranty claims data 

indexed by time and mileage with a method to estimate the density function of failure using a log–log 

model. Moskowitz and Chun
66

 assume that the number of failures under the two-dimensional 

warranty policies is distributed as a Poisson process with parameters that can be expressed by a 

regression function of the age and usage amounts of a product. Yang and Nachlas
67

 develop bivariate 
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renewal models and also explain their inclusion in availability models. Pal and Murthy
68

 use 

Gumbel’s bivariate exponential distribution to fit warranty claims. Jung and Bai
69

 consider a bivariate 

approach and assume that age and usage are statistically correlated in a bivariate distribution. Lawless 

and Crowder
25

 present models to assess the dependence on age or usage in heterogeneous populations 

of products, and show how to estimate model parameters based on different types of field data. 

Lawless and Crowder
27

 provide joint models for the recurrent events and usage processes, which 

facilitate analysis of their relationship as well as prediction of failures. 

3.3.2.3 Composite scale approach 

In addition to the above two approaches, Gertsbakh and Kordonsky
70

, and Duchesne and 

Lawless
71

 proposed methods of making an alternative composite scale from age and usage, which 

integrates the two scales (age and usage) to create a single composite scale and failures are modelled 

as a counting process using this composite scale. For example, in Gertsbakh and Kordonsky 
70

, a new 

variable V=T+(1-)U is introduced, where (0,1), the time scale of the variable V is a linear 

combination of the age scale T and the usage scale U, and it does not have a physical meaning. Ahn et 

al
72

 present the power law process with the new time scale as a model for the reliability of a repairable 

system. This approach is used by Iskandar and Blischke
73

 to model the warranty claims from a 

motorcycle manufacturer.  

3.3.3 Some comments 

It should be noted that the warranty policies for the same type of products can be different from 

region to region because the legislations can be different. For example, automobiles with the same 

make may have 1-D warranty, 5 year warranty, say, in one country, but have 2-D warranty, 4 year or 

48,000km, say, in other countries. An interesting question is to sufficiently use the warranty data 

collected from both the countries to estimate survivor distributions. 

Data (for example, covariate data) collected from both the warranty database and the customer 

survey database can also be used to develop field reliability models. 

3.4 Warranty claim prediction  

Warranty claim prediction in general terms is to predict the expected number of claims and/or 

the respective warranty cost at the warranty coverage. Predicting warranty claims can critically 

important for the finance departments of a company in preparing their fiscal plans. It can be found 

that the following techniques have been developed to predict warranty claims. 

Lifetime distributions. This approach is to estimate a time-to-claim distribution. In the literature, 

Kleyner and Sandborn
74

 present a warranty claim forecasting model based on a piecewise application 

of Weibull and exponential distributions, which tries to capture the dynamic characteristic features of 

failure rates in both early failure period and the intrinsic failure period of the bathtub curve. Rai
26
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presents a forecasting model incorporating calendar month seasonality, business days per month for 

authorised service centres, and sales ramp-up in addition to the earlier mentioned variables. 

When fitting a lifetime probability distribution, both the exact number of claims and the exact 

number of unclaimed products should be known. Those two numbers, however, might not be 

available in the reality, due to the incompleteness. 

Stochastic processes. The Poisson process has been the workhorse used in predicting warranty 

claims. The mean number of warranty claims is assumed to be the parameter of the process.  

Kalbfleisch et al
20

 used a log-linear Poisson model to analyse and forecast warranty claims. In their 

work, they modelled warranty claims based on the date of warranty claim rather than the failure date, 

and therefore the reporting lag between occurrence of a claim and its entry to a database was taken 

into consideration. Dynamic linear models with leading indicators are also used in
65

. Kaminskiy and 

Krivtsov
75

 develop warranty claim forecarsting models with the G-renewal process– generalized 

renewal processes introduced by Kijima and Sumita
76

, the ordinary renewal process (ORP) and the 

non-homogeneous Poisson process (NHPP). They found that GRP provides a higher accuracy 

compared to the ORP or the NHPP. Majeske
77

 present a NHPP-based technique that forecasts the total 

number of claims and the timing of claims during the vehicle lifetime. Fredette and Lawless
78

 present 

forecasting methods for warranty claims, using mixed NHPP, and possible heterogeneity among the 

individuals is modelled using random effects. 

The stochastic process approaches might require assumptions such as the claim rates following a 

specific law (for example, NHPP). Such an assumption might be violated, as the quality of 

maintenance might not be difficult to assess
79

. 

Artificial neural networks. Non-parametric approaches such as neural networks have also been 

applied to predict warranty claims. Starting from Wasserman
80

 and Wasserman and Sudjianto
81

, MLP 

(multi-layer perceptron) 
80, 81

 and RBF (radial basis function)
82

 have been used.  

The Kalman filter and time series models. If we simply use the claim rates 𝑟𝑥+𝑦−1 to represent 

warranty claims 𝑟𝑥,𝑦 shown in Table 1, the claim rates of each month can then been seen as time 

series. Techniques used in time series prediction can then borrowed. Singpurwalla and Wilson
65

 

consider using the Kalman filter to build forecasting models. Wasserman
83

 develop linear regression 

models, first-order auto-regression time series models, and also the Kalman filter models to forecast 

warranty claims. In the linear regression models, the number of months in service is used to forecast 

the number of repairs per 1000 items. Wasserman and Sudjianto
81

 further compare linear regression 

models, time series models, the Kalman filter, the orthogonal series, and the MLP from artificial 

neural networks in modelling and forecasting warranty claims, and conclude that the Kalman filter 

model offers a significant improvement over simple linear regression approach, but both the 

orthogonal series and the neural network models outperform the Kalman filter. In the same year, Chen 

et al
84

 propose to model and forecast the number of warranty claims with the Kalman filter. 
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It should be noted that those approaches developed on the basis of repair rates (or claims rates) 

may cause information loss, as they are obtained as a ratio of warranty claims to the number of 

products in service (ie., they integrate two observations into one). 

Nevertheless, one might find two weaknesses existing in the approaches mentioned above: (1) 

they do not consider the fact that warranty claims reported in the recent months might be more 

important in forecasting future warranty claims than those reported in the earlier months, and (2) they 

are developed based on repair rates (i.e, the total number of claims divided by the total number of 

products in service), which can cause information loss through such an arithmetic-mean operation. To 

overcome these two weaknesses, Wu and Akbarov
31

 introduce two different approaches to forecasting 

warranty claims: the first is a weighted support vector regression (SVR) model and the second is a 

weighted SVR-based time series model. These two approaches can be applied to two scenarios: when 

only claim rate data are available and when original claim data are available. Two case studies are 

conducted to validate the two modelling approaches. On the basis of model evaluation over six 

months ahead forecasting, the results show that the proposed models exhibit superior performance 

compared to that of MLP and RBF neural networks and ordinary support vector regression models. 

3.5 Warranty claim estimation  

Estimating the number of warranty claims is another interesting topic. In this area, the Poisson 

process has been the workhorse. 

Kalbfleisch, et al
20

 used a log-linear Poisson model to estimate warranty claims, where the 

Poisson parameter is a function of time in service. Lawless and Kalbfleisch
49

 introduce a moment 

estimator of the expected number of warranty claims for a single product.  

The non-homogeneous Poisson process is one of most widely used techniques in estimating the 

number of warranty claims. Lawless and Nadeau
85

 develop point estimates based on Poisson models 

for the cumulative mean function of warranty claims. Hu and Lawless
86

 present a non-parametric 

approach to estimating the rate and mean function from truncated recurrent event data, assuming the 

observation period for products under warranty is unknown until it experiences at least one claim. For 

aggregated warranty claims data, Lawless
22

 estimates the expected number of claims and also gives 

the variance of the estimate.  

When warranty claims are aggregated, Suzuki et al
23

 and Karim et al
87

 present a non-

homogeneous Poisson process (NHPP) model for repairable products, a multinomial model,  its 

Poisson approximation for nonrepairable products, and then use the EM (Expectation-maximization) 

algorithm to estimate the expected number of claims. Wang et al
88

 and Suzuki et al
23

 use non-

homogeneous Poisson processes to model warranty claims for repairable products. 

Methods developed for estimating warranty claims have been surveyed by Kalbfleisch et al
20

, 

Robinson and McDonald
28

, and Kalbfleisch and Lawless
30

. 
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It might be confusing with the difference between warranty claim estimation and prediction. The 

difference of these two issues lies in
30

: warranty claim estimation is for a hypothetical infinite 

population of items, of which those sold are considered a random sample, whereas in warranty claim 

prediction, the population of items that is eventually sold is finite. 

4. Conclusions and further research 

This paper reviewed the existing work in warranty data analysis. Historically, warranty data 

analysis has been mainly focused on looking for new methods to estimate product field reliability and 

to estimate warranty claims from warranty data with poor quality. However, little attention has been 

paid to develop early warning algorithms and to propose suggestions on design modification, while 

these two areas are extremely important for manufacturers. Unlike warranty prediction or warranty 

estimation that only relate to the finance aspects of a manufacturer, an effective early warranty system 

and effective design modification can mitigate risk on human injuries and significant property losses. 

The well-known crisis of Toyota recall in 2010 might remind us of the importance of the development 

of early warning algorithms.  

The techniques developed in one of the three areas: warranty estimation, warranty prediction and 

field reliability estimation, might be used in the other two areas. For example, techniques used in field 

reliability estimation can also be applied in warranty prediction or warranty estimation. 

There is a need for future research to address the following research questions. 

 The increasing miniaturization of radio frequency (RF) devices and microelectro-mechanical 

systems (MEMS), as well as the advances in wireless technologies, makes it increasingly easier 

to collect data of product performance. Researchers will need to process more data, most of 

which are streamline data. This requires developing more advanced analytical techniques, 

especially covariate analysis, for WDA. 

 Early detection of reliability problems and design modification. Early detection of reliability 

problems requires efficient algorithms, which needs more research. The most important 

challenges might be to detect: (1) critical failure modes that can result in human injuries and 

significant property losses; and (2) common failure modes that can cause failures of many 

different products.  

 Field reliability estimation. Estimating the reliability of newly launched products can be 

beneficial to manufacturers and/or warranty suppliers in their fiscal planning. For those products, 

few warranty data can be collected. Estimating the reliability of such products can be extremely 

difficult.  

 Claim prediction. Existing research on WDA has been concentrated on short term warranty. 

Among various warranties, long term warranty is becoming increasingly more important, due to 

its application to longer-life assets and enhanced customer demand on service from a product 
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instead of procurement of new products, as discussed in a review paper
11

. As such, in recent 

years, some manufacturers such as electronics manufacturers have started contracting long term 

warranties. Apparently, offering long term warranty results in additional complexities. Thus, new 

problems arise for long term warranty. However, analysing claims data of long-term warranty 

has received little attention. For example, the research on warranty prediction reviewed above 

has been only concentrated on short-term, such as 6-month ahead prediction. However, medium-

term and long-term prediction of warranty claims can be more important for manufacturers in 

fiscal planning and should be studied in the future.  

Remarks 

This review does not cover the topic of estimation of warranty cost. The reader is referred to
7,22

 

for information in this area.  

This review has tried to be reasonably complete. However, those papers that are not included 

were either considered not to bear directly on the topic of the review or inadvertently overlooked. My 

apologies are extended to both the researchers and readers if any relevant papers have been omitted. 

For further readings 

The following works are also of interest to the reader: 
89,90,91,92,93,94,95,96,97,98,99

. 
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