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ABSTRACT

Sources of data on field reliability or performance of manufactured products include field
tracking (follow-up) studies, warranty and failure reports, and surveys. We discuss these sources
in relation to the estimation of failure time distributions and event rates. Important issues include
missing information, reporting delays, the need to combine information from different sources,
and the possibility of selection bias.



1 Introduction

The ultimate test of a manufactured product is how well it performs in the field, that is,
in the hands of the customer. Accordingly, the collection and analysis of data on the field
performance or reliability of products is important to manufacturers and consumers alike.
Such data can be used in many ways by a manufacturer, including (i) to assess field reliability
and make comparisons with engineering predictions, (ii) to provide information for product
modification and improvement, (iii) to assess the effect of design changes, (iv) to estimate
and explain warranty costs, and (v) to aid in the design of warranty, maintenance and parts
replacement programs. Nevertheless, many manufacturers pay insufficient attention to the
collection of field performance data. One reason is that comprehensive data are often seen
as expensive to obtain; another may be a lack of familiarity with methods for response-
selective observational schemes and for combining information from different sources. For
some problems methodology indeed needs to be developed.

This paper deals with reliability, which is an important component of field performance.
Our objective is to discuss some methodologic issues and to illustrate them via specific prob-
lems. Our illustrations involve automobiles, but the issues and methods are quite general.
In keeping with a broad orientation, the emphasis will be on laying out feasible approaches
rather than on their detailed examination. Section 2 considers some general issues. Section
3 deals with the use of warranty data, and Section 4 with surveys. Section 5 concludes the

paper with brief remarks on some other topics.

2 Some General Issues

To focus discussion, yet still allow for a broad range of applications, we will set up a little
terminology. We suppose that individual units of a product enter service over a calendar
time period, taken without loss of generality to be (0,7"). By time T' a total of N units have

entered service, at calendar times z1,...,zy; these are referred to as the entry times. The



reliability of a product is usually assessed in terms of events such as failures, repairs, and
part replacements, and in terms of time averages such as availability. To limit the discussion
we will consider only (i) lifetimes or times to failure for units (or parts thereof), and (ii)
repeated events such as repairs. Another concept with which we shall deal only indirectly
is deterioration, or wear; our discussion of wear will here be limited to its relationship to
lifetime.

We have referred to the occurrence of failures and other events. An important point con-
cerns the time scales on which such events are considered and, in particular, the distinction
between calendar time and an operational or usage time for a product. Many products are
used intermittently, and it is often natural to define a (nondecreasing) process W(z) that
represents the total “usage” time for a unit up to calendar time z. Probabilities or rates of
occurrence of failures and other events usually depend both on calendar time and the usage
time process. Depending on one’s objectives and the process in question, analysis may focus
on calendar time, usage time, or both. In many studies, however, the difficulty of obtaining
accurate information about a unit’s usage time process limits what can be done.

Automobiles provide examples of points just made. Typical lifetime variables in this case
would be the time until initial front brake pad replacement or the time until initial head
lamp replacement. Repairs on systems such as the emission control and electrical systems
‘are examples of repeated events. The typical usage time variable would be mileage, and
failure or repair rates are likely to depend both on the age of the car (calendar time) and
its usage process (i.e. mileage accumulation process). Note that the complete usage process
contains a great deal of information, for example on periods when the car is or is not in use,
on speed and acceleration when in use, and so on. Of course, except in the rare circumstance
where a car is monitored continuously, we usually have a quite incomplete record of its usage
process.

A general theoretical treatment of failures or repeated events for unit ¢ is best given

in terms of joint processes N;(z), W;(z), Z;(z), where z represents calendar time, N;(z) is



a right-continuous counting process that indicates failure or counts repeated events, W;(z)
is the usage time process, and Z;(z) represents covariates, some of which may be time-
dependent. The intensity function \;(z) for N;(z) at time z may depend on the history
H, = {N;(s),Wi(s), Zi(s) : 0<s<z},ie. wehave

. Pr{Ni(z 4+ Az) — N;(z) =1 | H,}
= lim .
Az—0 Az

Ai(:;; H,) (2.1)

For the most part, however, we will consider very special cases of (2.1) and will not rely on
the general formulation.

Information on field reliability is obtained in various ways. Longitudinal field tracking
or followup studies where a group of units is closely monitored over time are of course ideal,
since they provide maximal information and may be analyzed with an array of well known
methods (e.g. Kalbfleisch and Prentice 1980, Lawless 1982, Cox and Oakes 1984, Andersen
and Borgan 1985). Studies of this type are sometimes conducted by companies who designate
and track a group of units; they tend to be expensive on a per unit basis, and the groups
are usually small. Users of large fleets of units (e.g. car rental agencies) sometimes obtain
similar but less complete information from maintenance and repair records.

Warranty or failure record data are a much larger source of information for many prod-
ucts. Manufacturers who support a warranty plan usually collect details about repairs or
claims under the warranty. For example, with automobiles the date of sale of the car, the
date and type of repair, and the mileage at repair, are routinely obtained. There are, how-
ever, problems with warranty or failure record data; the exact number and the ages of units
in service at any point in time are often unknown, and the values of covariates are missing
entirely or known only for units with claims or repairs and not for other units. In addition,
the data bases maintained by many companies are accounting-driven and not set up to fa-
cilitate statistical analysis. As a result, it is necessary to supplement warranty or failure
record data with information from other sources. Kalbfleisch and Lawless (1988) discuss

some aspects of this problem, and others are discussed in Section 3. See also Robinson and

McDonald (1987).



Surveys and cross-sectional samples are another source of information. Some surveys are
conducted on an industry-wide basis; for example, companies such as Rogers Research and
J.D. Power and Associates conduct surveys and sell information on product performance
and customer perceptions to automobile makers. Information about reliability from such
studies is usually rather limited. Cross-sectional samples or surveys to assess reliability are
also carried out by manufacturers, often in response to a perceived problem. For example,
Kalbfleisch and Lawless (1991a) discuss a car study on brake pad wear wherein car owners
were randomly sampled from those having purchased cars from selected dealers over a partic-
ular time period. Potential problems with such studies include the possibility that selection
for the study is response-related, and that data may be heavily censored or truncated. Data
that are essentially cross-sectional are also sometimes available from repair or maintenance
shops; Erto (1989) provides an example.

It is a high priority for manufacturers and users of products that information be obtained
economically. Timeliness is also important: manufacturers in particular want to know about
reliability problems and general performance as early as possible. Warranty, failure record
data and survey data are cheaper to obtain than longitudinal followup data, and it is of great
interest to develop methods that utilize them. The remainder of the article deals with these
areas. Because many different situations can arise in practice we will not attempt a general
treatment, but will instead focus on a few specific problems. These do, however, illustrate

the main issues.

3 Uses of Warranty Data

3.1 Cumulative Claims Analysis In Calendar Time

For some purposes analyses of warranty claims in calendar time are very useful. We consider
a discrete time framework where units enter service on calendar days ¢ = 0,1,...,7. (Anal-

ogous continuous time results can be given, but most data of this type are given in terms of



days or weeks.) Let N, be the number of units entering service on day z, and assume that
the expected number of warranty claims for a single unit ¢ days after it enters service (i.e.
at “age” t)is A\ (t = 0,1,...); Ay = T4 _o Ay is the expected number of claims up to age
t, per unit. In most applications A; is small and can be interpreted as the probability of a
claim at age t.

Suppose that data are available up to day T and that the N,’s and the number ng; of
age t claims on units which entered service on day z are known; note that 0 <z +1¢ < T.

Since FE(ng) = Ny\;, we may estimate \; by

o T-t T—t
Ay = Z nzt/ Z Ng, (3'1)
=0 =0
giving A, = ¥, Au. Such estimates are very useful to manufacturers for comparing war-

ranty claims experience for different groups of units, for assessing design changes, for pre-
dicting warranty claims, and so on. For example, Figure 1 shows estimates A, for a system
on a particular car model. The data were obtained over an 18 month period during which
approximately 37,000 cars entered service (were sold), generating about 5800 claims. The
cars have been stratified according to which of six 2 month periods they were produced in.
Figure 1 shows the striking fact that for one period (mid-November to mid-January), the
cars produced have substantially higher warranty claims.

We remark that since car warranties involve both a mileage and age limit, and because
cars may be temporarily or permanently withdrawn from service for certain reasons, A
underestimates the repair rate for age ¢, which is of particular interest to reliability engineers.
What it estimates is );, the expected number of age ¢t warranty claims. For ages ¢ that are
not too large, this will usually be close to the repair rate.

Confidence limits for A, or prediction limits for total claims can be obtained by assuming a
distribution for the n;’s and using maximum likelihood, or directly from (3.1) with minimal
assumptions. Extensions to allow covariates or to relax the assumption that the \;’s are
constant over calendar time are also straightforward. In practice, unfortunately, the simple

methods above can rarely be used. We note two main problems, and some remedies.
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1. There are usually delays in the reporting of warranty claims. For example, with the
car data associated with Figure 1 delays of 20-60 days were the norm. Reasons for such
delays are that claims must be verified before entry into the data base used for analysis,
and this takes time. In addition, information has to be passed’from the party making
the claim to the manufacturer, and once at the company the claims information is
often passed from one information system to another. Such delays are similar to those

encountered in other areas such as insurance and disease reporting (see Kalbfleisch and

Lawless 1991D).

One way to deal with reporting delays is to discard recently reported cases; this is unde-
sirable if information is wanted promptly. Another approach is to introduce reporting

delay probabilities,
fr = Pr(a claim is reported r days after it occurs), r=0,1,2,...

and to obtain the data n;;, = the number of age t claims that have a reporting delay
of r days, for units which entered service on day . The model previously used is now
replaced by E(ng,) = NoAif, (0 <z 4+t 47 < T), and if the f,’s are known, A, is
estimated by

T-t
)‘t = Z Z na:t'r/ Z NrFT—t—x, (32)
z4+r<T-—t z=0

where F, = Y77 _o fu- The estimates (3.2) are obtained under a Poisson model for the
ngtr’s (see Kalbfleisch, Lawless and Robinson 1991, who discuss reporting delays at

some length), but are valid more generally. The estimates A; in Figure 1 are based on

(3.2).

2. The N,’s are often unknown. With expensive products such as cars, manufacturers
are often informed more or less immediately when units are sold. However, for many

products neither retailers or buyers may be compelled to inform the manufacturer of



dates of sale. When a warranty claim is made, the date of sale usually must be verified,

but the total numbers entering service in different time periods is unknown.

In this case, let N = Y"I_ N, r, = N,/N and 6; = N);. Then (ignoring reporting
delays for simplicity) E(ng) = r.0; (0 < z +t < T), where ¥%_,r, = 1, and the
ry’s and 0;’s are estimable. If the n,’s are independent Poisson random variables
this problem is in fact identical to one for triangular contingency tables (e.g. Bishop,

Fienberg and Holland 1975, section 5.2) and to nonparametric estimation problems

with truncated data (e.g. Kalbfleisch and Lawless 1991b). Closed forms exist for these

estimates: if R, = o _, 7, then
. T d;
BR=T0-%) 2=01,.,T-1 (3.3)
I=z+1 Nl
~ T—t A
0,5 = ant/RT—h t= ].,...,T (3.4:)
=0
where
T—1 I T-1
d = ant, D, = Z ant-
t=0 =0 t=0

If the total number of units N entering service over (0,7) is known, we can also
estimate \; = N~10;; in any case we can estimate \;/Ar. In most situations N can be
estimated from other sources, and uncertainty about N can be taken into account when
confidence limits for A; or prediction limits are obtained. We remark in passing that a
Poisson model for the n,;’s is frequently not adequate (nor is it for the ng,’s discussed
previously); although (3.3) and (3.4) are valid provided E(n.:) = ri0;, a choice of
model or variance function that allows extra-Poisson variation is usually needed. A

discussion of this topic will be given elsewhere.

3.2 Usage Time Analysis

It is often important to understand the relationship of failures or other events to the usage

time process, and we will comment on this problem in Section 5. Here we consider the
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analysis of failures in terms of usage time; such analyses are especially important when
accumulated usage time is a major determinant of failure. Furthermore, in-house testing
and analysis of product reliability is usually in terms of usage time variables, as opposed to
calendar time.

Warranty data provide information about failures or repairs in terms of usage time. We
consider a simple but useful class of models to illustrate key ideas. We will work with
continuous time and assume that the time to some specific event such as a first failure is of
interest; covariates are ignored. Let T; denote the elapsed usage time at which this event
occurs for unit 7. Thus, if the unit enters service at calendar time z; and the failure occurs at
calendar time z}, then T; = W;(z}). We assume also that the observational scheme implied
by the warranty plan and the calendar time z* at which the data are obtained determine
an upper limit 7; which functions as a censoring time for 7;. In other words, T} is known
exactly only if T; < 7;. For example, if the warranty plan were of unlimited duration, then
we would have 7; = W;(z*). If the warranty was as for most cars, say with a calendar time
(age) limit of 2 years and a mileage (= usage time) limit of 20,000 miles, then we would have
7; = min[W;(z*), W;(z; + 2),20000].

Our objective will be to estimate the marginal distribution function F(t) of usage time at
failure. Throughout most of the remaining discussion we make the rather strong assumption
that T; and 7; are independent (7; L 7;). This holds, for example, when the hazard function
(2.1) for failure is of the form g(W;(z))W;(z) and is a reasonable assumption for certain
types of products. (In this case T; is independent of the unit’s usage history process; for
further discussion see Section 5.) Now, consider N units entering service over (0,z*); for

each there is a pair (T}, 7;). If N is known and min(7;,7;) and é; = I(T; < 7;) are observed

for each 2 = 1,..., N, then the usual censored data likelihood function applies, i.e.
L= IT @) I F(m) (3.5)
;=1 ;=0

where f and F' are the marginal density and survivor function for T. Parametric or non-

parametric estimation can be based on (3.5), as is well known.

8



In practice, the 7;’s are not observed for units that do not fail under warranty (i.e. with

8; = 0), so that (3.5) cannot be used. We discuss some alternatives:

1. Use only the truncated data T;, given T; < 7;, for units observed to fail. This gives the

likelihood

s i)
L= 6£[1 o0 (3.6)

This can be quite uninformative with parametric models unless a substantial number of
F(1;)’s are large (close to one); see Kalbfleisch and Lawless (1988). Nonparametrically,
only the conditional distribution F(t)/F(Tmax) is estimable (e.g. Woodroffe 1985),

where Tmax = max(7;). If the 7;’s are not observed for items that fail, this approach is

of course unavailable.

2. Suppose that the marginal density for the 7;’s is known, f.(-). Then
Pr(Ty > 1) = / " () Fu)du
0

and inference may be based on the likelihood function

Ly =[] f&) II Pr(T; > ). (3.7)

§;i=1 8;=0

This assumes that N is known. In practice, f.(-) has to be estimated; with products
such as automobiles this may be done through surveys or followup studies. In some
cases it may be possible to estimate f.(-) from the warranty data. For example, it is a
reasonable approximation for some products to assume that W;(t) = a;(t—z;)I(t > z;),
i.e. that usage time accumulates linearly at rate a;, where the ;s (2 = 1,...,N) are
independent random variables. The distribution of the 7;’s then follows from that of

the «;’s.

3. Supplement the failure times ¢; for units that fail with 7;’s from a random sample of
the unfailed units. Suzuki (1985ab) and Kalbfleisch and Lawless (1988) discuss this

approach and propose pseudo-likelihood estimation methods. An alternative is the
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case cohort approach of Prentice (1986), for which a cohort of units is followed up and
their 7;’s determined. Both approaches need further study in the case where entry

times zi,...,zn are not known for all units.

The approach adopted depends upon what type of information is conveniently avail-
able. Note that when covariates are included in the models for T; or 7;, similar problems
arise due to the fact that covariate values are generally unavailable for units that do
not fail. This requires that we model the covariate distribution or use supplemen-
tary sampling of unfailed units. Kalbfleisch and Lawless (1988) deal with one type of

situation.

Finally, we can develop similar approaches in cases where T; is not independent of the .
usage process, so that T; and 7; are not independent. For example, (3.7) could be replaced
by

H ft: | W) H Pr(T; > 7;) (3.8)

§;i=1 §;=0

where W; = {W;(z) : = > 0} is the complete usage history for unit . Note that
Pr{Ti > .} = Ew{F(r: | Wi)} (3.9)

so that a usage process model is needed. Alternatively, we could model the joint distribution

of T; and 7; in (3.8), 7; being a function of W,.

4 Cross Sectional Samples and User Surveys

Surveys of units randomly selected from those in the field are another source of information.
Mail or telephone surveys are often used to assess customers’ reactions to a product. Al-
though these may generate information about product performance, they are rarely designed
to provide accurate quantitative information about reliability. We will therefore discuss only

surveys in which response bias is a non-problem and where fairly accurate information can

10



be obtained about a unit’s entry time and its repair or maintenance history prior to the time

of sampling. We discuss a number of points rather than attempt a comprehensive treatment.

1. If the objective is to estimate a failure time distribution, we can usually assume that
as a minimum we will observe the entry time z;, the current elapsed time 7; (calendar
or usage time) being used as the primary failure time variable, and whether or not
failure has occurred prior to the time unit ¢ is sampled. This provides so-called current
status data (e.g. Diamond and McDonald 1991), which has been studied a good deal in
demography and epidemiology. If we also observe the failure time T; whenever it occurs
prior to sampling (i.e. T; < 7;), then we have a standard censored sample. With either
current status or censored data, the possibility that T; and 7; are not independent
should be considered. Since the 7;’s are available for all units sampled, checks on
independence are possible (e.g. see Tsai 1990, Kalbfleisch and Lawless 1991ab, Keiding
1991b). Keiding (1990, 1991a) gives a general discussion of cross sectional sampling in
demography and epidemiology that is helpful.

2. If samples are selected from records indicating service entry times of all field units,
then it may be advantageous to select a sample stratified on entry time. With many
products the manufacturer does not have such records for more than a fraction of the
units. In this case, the method of sample selection needs more care; units for which

there are recorded entry times may not be representative of the general field population.

3. Sometimes the amount of deterioration or wear in a unit or system can be measured at
sampling. If the wear process is well understood it may be possible to impute a time
to failure. Kalbfleisch and Lawless (1991a) discuss a study on the lifetime of car brake

pads where this was possible.

4. The possibility of selection bias requires careful consideration. For example, as units
age there may be a selection effect created by units with poorer reliability records being

withdrawn from service. Vardi (1988) considers a special instance of this in connection
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with measured deterioration. When times between events are of interest, for example
the time between repairs or replacements of a particular part, problems of length bias

can arise (e.g. Cox 1969, Vardi 1982) under certain observation schemes.

5. For determining deterioration or wear patterns, cross-sectional surveys are considerably
less informative, but cheaper, than studies which ‘observe’ a unit on two or more
occasions. Costs and broad objectives usually determine the type of study, but a

careful examination of some specific problems would be useful.

5 Additional Remarks

The reliability or performance of a unit usually depends on the usage pattern for the unit
and on various other factors, as indicated in (2.1). We have not pursued general modelling
issues here, but will make some brief comments in the context of failures.

Suppose that the calendar time of a failure on unit ¢ is denoted by X; and the usage time
at failure by T;; for simplicity we continue to ignore covariates. We note first that if the

hazard function for X; (see (2.1)) has the form
hx,(z; Hy) = g(Wi(z))W{(2), (5.1)
where g¢(-) is a positive-valued function, then
Pr(T; 2 t | W) = exp{-G(¢)},

where G(t) = f; g(u)du. Thus T; L W; and usage time is fully informative about failure.
More generally, we might search for a time parameter, defined in terms of z and W;(z), that
has this property. If

hx,(z; Hy) = h(z, Wi(z)), (5.2)

where W;(z) = {W;(s) : 0 < s < z}, then if
Y= : h d
i /0 (s, W(s))ds

12



is strictly increasing in z, ¥; = Y3, is such a variable.
In practice, we can formulate parametric models (5.2) and use some criterion to select
a model from the parametric family. For example, Oakes (1989) considers a family where

(5.2) is of the general form
hx,(z; H;) = (cos 8 + W/(z)sin 0)h(z cos§ + W;(z) sin ),

and chooses 8 by fitting parametric models h(z; 3) (e.g. Weibull) via maximum likelihood.
Farewell and Cox (1979) consider another approach. The formulation of models of this type,
and methods for choosing among them, deserves further study. It seems best to do this in
the context of problems with quite clear objectives.

Finally, we have focussed here on failures and repeated events, and types of data that
provide information about them. We have not discussed environmental factors or other
covariates to any extent, but these can usually be incorporated in models (2.1) in straight-
forward ways. Accelerated failure time and multiplicative or additive hazard models yield
familiar approaches. Other issues not discussed are multivariate aspects of reliability or
product performance; these include relationships among different performance measures for
a specific unit, and relations between different components or subsystems of a unit. A

treatment of these problems is beyond the scope of the present article.
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