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The RELIABILITY procedure, a recent addition to
SAS/QC software, providestools for reliability and sur-
vival dataanaysisaswell asfor recurrence dataanaysis.
Y ou can use this procedure to

o construct probability plots and fit life distributions
with right and interval censored lifetime data

o fit regression models, including accelerated life test
models, to combinations of right, left, and interva
censored data

o analyze recurrence data from repairable systems

These tools benefit reliability engineers and industria
statisticians working with product life data and system
repair data. They aso aid workers in other fields, such
as medica research, pharmaceuticals, social sciences,
and business, where survival and recurrence data are
analyzed.

Most practical problems in reliability data analysis in-
volve right censored or interval censored data The
RELIABILITY procedure provides probability plots of
uncensored, right censored, and interval censored data
when al thefailuredatahave common interval endpoints.

Features of the RELIABILITY procedureinclude

o probability plotting and parameter estimation for
the common life distributions: Weibull, exponen-
tia, extreme vaue, norma, lognormal, logistic,
and loglogistic. The data may be complete, right
censored, or interval censored.

o maximum likelihood estimates of distribution pa-
rameters, percentiles, and reliability functions

o both asymptotic normal and likelihood ratio confi-
dence intervalsfor distribution parameters and per-
centiles. Asymptotic normal confidence intervas
for thereliability function are also available.

estimation of distribution parameters by least
sguares fitting to the probability plot

e Weibayes analysis, where there are no failures and
where the data analyst specifies a vaue for the
Weibull shape parameter

estimatesof theresulting distributionwhen specified
failure modes are diminated

plotsof thedataand thefitted relationfor lifeversus
stressin the analysis of accelerated lifetest data

fitting of regression models to life data, where the
life distribution location parameter isalinear func-
tion of covariates. The fitting yields maximum
likelihood estimates of parameters of a regression
model with a Weibull, exponential, extreme value,
norma, lognormal, logistic, loglogistic, or general-
ized gamma distribution. The data can be compl ete,
right censored, |eft censored, or interval censored.
For example, accelerated life test data can be mod-
eled with such aregression mode.

e nonparametric estimates and plots of the mean cu-
mulative function for cost or number of repairs
and associated confidenceintervalsfrom repair data
from systems

Some of the features provided in the RELIABILITY
procedure are available in other SAS procedures.

e You can construct probability plots of life data
with the CAPABILITY procedure; however the
CAPABILITY procedure is intended for process
capability analysis rather than reliability analysis,
and the data must be complete, that is, uncensored.

e The LIFEREG procedure fits regression models
with life distributions such as the Weibull, log-
normal, and loglogistic to left, right, and interval
censored data. The RELIABILITY procedure fits
the same distributionsand regression models as the
LIFEREG procedure and, in addition, provides a
graphical display of life datain probability plots.



The books by Lawless (1982), Nelson (1990), Nelson
(1982), and Trindade and Tobias (1995) provide many
examples taken from diverse fields and describe the
analyses provided by the RELIABILITY procedure. The
books by Nelson emphasize reliability dataanalysisfrom
an engineering viewpoint. The features of the procedure
that deal with analysis of repair data from systems are
based on the work of Nelson (1995), Nelson (1988),
Doganaksoy and Nelson (1991), and Nelson and Do-
ganaksoy (1989), who provide examples of repair data
analysis.

The following examples illustrate some of the analyses
that the RELIABILITY procedure performs.

Analysisof Right Censored Data from a Single Popu-
lation

The Weibull distribution is used in a wide variety of
reliability anadysis applications. This exampleillustrates
the use of the Weibull distribution to model product life
data from a single population using the observed and
right censored lifetimes of 70 diesel enginefansgiven by
Nelson (1982, p. 318).

Some of the fans had not failed at the time the data were
collected, and the unfailed units have right censored
lifetimes. The variable LIFETIME represents either a
failure time or a censoring time in thousands of hours.
The variable CENSOR is equa to O if the value of
LIFETIME is afallure time, and it is equal to 1 if the
valueisa censoring time.

The following statements use the RELIABILITY proce-
dureto produce the graphical output shown in Figure 1.

proc reliability;
distribution weibull;
probplot lifetime*censor( 1) / covb;
inset / cfill=white;

run;

The DISTRIBUTION statement specifies the Weibull
distribution as the distribution for probability plotting
and maximum likelihood (ML) parameter estimation.
The PROBPLOT statement produces a probability plot
for the variable LIFETIME and specifies that the value
of 1 for the variable CENSOR denotes censored obser-
vations. Y ou can specify any value, or group of values,
of the censor-variable (in this case, CENSOR) to indi-
cate censoring times. The COVB option requests the
ML parameter estimate covariance matrix. The INSET
statement controls the appearance of the inset box on
the plot. By default, the inset box is transparent to data
points and grid lines. The INSET statement provides a
white background in the inset box.

The graphical output, displayed in Figure 1, consists of
a probability plot of the data, a ML fitted distribution

line, and confidenceinterval sfor the percentile (lifetime)
values. An inset box containing summary statistics,
Weibull scale and shape estimates, and other information
isplaced on the plot by default. The locationsof theright
censored data values are plotted in an area at the top of
the plot.

Weibull Plot of the Engine Fan Data
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Figurel. Welbull Probability Plot for the Engine Fan
Data

Thetabular output produced by the preceding SAS state-
ments is shown in Figure 2. This consists of summary
data, fit information, parameter estimates, distribution
percentile estimates, standard errors, and confidence in-
tervalsfor all estimated quantities.

Weibull Analysis Comparing Groups of Data

This example illustrates probability plotting and distri-
bution fitting for data grouped by the levels of a special
group variable. The data are from an accelerated life
test of an insulating fluid and are the times to electrical
breakdown of the fluid under different high voltage lev-
els. Each voltagelevel defines a subset of datafor which
aseparate analysisand Weibull plot are produced. These
data are the 26kV, 30kV, 34kV, and 38kV groups of the
data given by Nelson (1990, p. 129). These data are not
censored.

The RELIABILITY procedure plots the data for the
different voltage levels on the same Weibull probability
plot, fitsaseparate distributionto thedataat each voltage
level, and superimposes distribution lines on the plot.

The following statements produce the probability plot
in Figure 3 for the variable TIME at each level of the
group-variableVOLTAGE.
proc reliability data=fluid;
di stribution weibull;

probplot time = voltage / overlay noconf;
run;



Estimation Method
Confidence Coefficient
(oservati ons Used

The RELIABILITY Procedure

Model I nfornation

Input Data Set WORK. FAN
Anal ysis Variabl e LI FETI ME
Censor Vari abl e CENSCR
Distribution Wi bul |

Maxi mum Li kel i hood
95%
70

Summary of Fit

(oservations Used 70
Uncensored Val ues 12
Right Censored Val ues 58
Maxi mum Logl i kel i hood -42.248

Wi bul | Paraneter Estinates

Asynptotic Nornal
95% Confidence Linits

Par anet er Estinmate Std Err Lower Upper
Scal e 26. 2968 12. 2514 10. 5521 65. 5344
Shape 1.0584 0. 2683 0. 6441 1.7394

Qher Wibull Distribution Paraneters

Par anet er Par anet er Val ue
Mean 25. 7156
Mode 1.7039
Medi an 18. 6002

Estimated Covariance Matrix
Wi bul | Paraneters

Scal e Shape
Scal e 150. 09724 -2.66446
Shape -2.66446 0. 07196

Wi bul | Percentile Estinates

Asynptotic Normal
95% Confidence Linits

Per cent age Estimte Std Err Lower Upper
0.1 0. 0385 0. 0503 0. 0030 0.4973
0.2 0.0742 0. 0848 0. 0079 0.6973
0.5 0.1766 0.1644 0. 0285 1. 0954

99 111. 3078
99.9 163. 2651

88. 1380
144. 2641

23.5781
28. 8905

525. 4622
922. 6378

estimate the median life of the insulation at the design
operating temperature of 130°C.

Figure2. Tabular Output for the Fan Data Analysis

The input data set FLUID is specified by the DATA=
option in the PROC RELIABILITY statement. The
PROBPLOT statement option OVERLAY specifies that
plots for the groups are to be overlaid rather than dis-
played separately. The option NOCONF specifies that
no confidence bands are to be plotted, since these can
interfere with one another on overlaid plots; confidence
bands are displayed by default.

A summary tablethat containsinformationfor al groups
is displayed. In addition, information identical to that
in Figure 2 is tabulated for each level of voltage. The
summary tablefor al groupsand the tables for the 26kV
group are shown in Figure 4.

Analysisof Accelerated Life Test Data

The following example illustrates the analysis of an ac-
celerated life test for Class-B electrical motor insulation
using data given by Nelson (1990, p. 243). Forty insu-
lation specimens were tested at four temperatures: 150°,
170°, 190°, and 220°C . The purpose of the test was to
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Figure3. Weibull Probability Plot for the Insulating
Fluid Data
The RELIABILITY Procedure
Model I nformati on
Al Goups
Input Data Set WORK. FLUI D
Anal ysis Variabl e TIME
Di stribution Wi bul |
Estimati on Method Maxi mum Li kel i hood
Confidence Coefficient 95%
(oservations Used 41
Summary of Fit
G oup
(bservations Used 3 26kv
Uncensor ed Val ues 3 26kv
Maxi mum Logl i kel i hood -6.845551  26kv
Wi bul | Paranet er Estinates
Asynptotic Nornal
95% Confidence Linits
Par anet er Estinate Std Err Lower Upper G oup
Scal e 955. 7467 1055. 1862 109. 7941 8319. 6794  26kv
Shape 0. 5452 0. 2857 0.1952 1.5226 26kv
Qher Weibull Distribution Paraneters
Par anet er Paraneter Value G oup
Mean 1649. 4882  26kv
Mode 0.0000 26kv
Medi an 487.9547  26kv
Wi bul | Percentile Estinates
Asynptotic Normal
95% Confidence Linits
Per cent age Estimte Std Err Lower Upper G oup
1 0. 0030 0.0211 0. 0000 2904. 2705 26kv
0.2 0. 0107 0. 0684 0. 0000 2852. 6577  26kv
99.9 33104.1720 62018.1074 841.8262 1301796.28 26kv

Figured. Partial Listing of the Tabular Output for the
Insulating Fluid Data

Ten specimens of the insulation were tested a each
test temperature.  An Arrhenius-lognorma model is
fit to the data in this example. In other words, the



fitted model has the lognormal (base 10) distribution,
and its location parameter ;. depends on the centigrade
temperature TEMP through the Arrhenius relationship

p(x) = Bo + Pz
where

B 1000
YT TEMP 1 273.16

is 1000 times the reciprocal absolute temperature. The
lognormal (base ¢) distributionis aso available.

The following SAS statements fit the Arrhenius
lognormal model and display the fitted modd distribu-
tions side-by-side on the probability plot and the relation
plot shown in Figure 5.

proc reliability data=classb;
distribution |ognornal 10;
freq count;
nodel hours*censor(1) = tenp /
rel ation=arr
obstats( g=.1 .5 .9 control=cntrl );

rpl ot hours*censor(1l) = tenp /
ppl ot
fit=nodel
noconf
relation = arr
pl ot data
plotfit 10 50 90
lupper = 1.e5
sl ower =120;
run;

The PROC RELIABILITY statement invokes the proce-
dure and specifies CLASSB as the input data set. The
DISTRIBUTION statement specifies that the lognormal
(base 10) distribution is to be used for maximum likeli-
hood parameter estimation and probability plotting. The
FREQ statement specifiesthat the variable COUNT isto
be used as a frequency variable; that is, if COUNT=n,
then there are n specimens with thetime and temperature
specified in the observation.

The MODEL statement fits a linear regression equation
for thedistributionlocation parameter as afunctionof in-
dependent variables. In this case, the MODEL statement
also transforms the independent variable through the Ar-
rhenius rel ationship. The dependent variable is specified
as TIME. A vaue of 1 for the variable CENSOR indi-
cates that the corresponding value of TIME is a right
censored observation; otherwise, the value is a falure
time. The temperature variable TEMP is specified as the
independent variable in the model. The MODEL state-
ment option RELATION=ARR specifies the Arrhenius
relationship.

The option OBSTATS requests observation-wise statis-
tics. The options in parentheses following OBSTATS
indicate which statistics are to be computed. In this
case, QUANTILE = .1 .5 .9 specifies that quantiles of
the fitted distribution are to be computed for the value
of temperature at each observation. The CONTROL=
option requests quantiles only for those observations in
which the variable CNTRL has avalue of 1. Thiselimi-
nates unnecessary quantilesinthe OBSTATStable, since
in this case only the quantiles at the design temperature
of 130°C are of interest.

The RPLOT, or RELATIONPLOT, statement displaysa
plot of the lifetime data and the fitted model. The de-
pendent variable TIME, theindependent variable TEMP,
and the censoring indicator CENSOR are the same as
in the MODEL statement. The option FIT=MODEL
specifies that the model fit with the preceding MODEL
statement is to be used for probability plotting and in
therelation plot. The option RELATION=ARR specifies
an Arrhenius scale for the horizontal axis of the relation
plot. The PPLOT option specifies that a probability plot
isto be displayed aongside the relation plot. The type of
probability plot is determined by the distribution named
inthe DISTRIBUTION statement, in this case, alognor-
mal (base 10). Weibull, extreme value, lognormal (base
e), normal, loglogistic, and logistic distributionsare a so
available. The NOCONF option suppresses the default
percentile confidence bands on the probability plot. The
PLOTDATA option specifies that the failure times are
to be plotted on the relation plot. The PLOTFIT option
specifies that the 10th, 50th, and 90th percentiles of the
fitted relationship are to be plotted on the relation plot.
The options LUPPER and SLOWER specify an upper
limit on the life axis scale and alower limit on the stress
(temperature) axis scaein the plots.

The plots produced by the preceding statements are
shown in Figure 5. The plot on the left is an overlaid
lognormal probability plot of the data and the fitted
model. The plot ontherightisarelation plot showingthe
data and the fitted relation. The fitted straight lines are
percentiles of the fitted distribution at each temperature.
An Arrhenius relation fitted to the data, plotted on an
Arrheniusplot, yields straight percentilelines.

Since al the data at 150°C are right censored, there are
no failures corresponding to 150°C on the probability
plot. However, thefitted distributionat 150°C is plotted
on the probability plot.

A partia listing of the tabular output provided is shown
inFigure 6.
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Figure5. ReationPlot for the Class B Insulation Data

The Lognormal Parameter Estimates table contains the
Arrhenius-lognorma model parameter estimates, their
standard errors, and confidenceinterval estimates. In this
table, INTERCEPT is the maximum likelihood estimate
of By, TEMP is the estimate of 31, and Scale is the
estimate of the lognormal scale parameter, o.

The RELIABILITY Procedure
Lognormal Paranet er Estinates

Asynptoti c Nornal
95% Confidence Linits
Par anet er Estimate Std Err Lower Upper
| NTERCEPT -6.0184
TEMP 4.3105
Scal e 0. 2592

0. 9467
0. 4366
0.0473

-7.8740
3.4548
0.1812

-4.1629
5.1662
0. 3708

(bservation Statistics
HOURS CENSCR TEMP COUNT Prob Percentile
130. 00000

130. 00000
130. 00000

0. 1000
0. 5000
0. 9000

21937.5
47134.8
101273.6

(bservation Statistics
Std Error Lower Upper
6959. 1

16125. 4
42060. 7

11780. 6
24106.5
44872. 1

40851. 5
92161. 2
228568. 1

Figure6. MODEL Statement Output for the Class B

Data

The Observation Statisticstabl e providesthe estimates of
the fitted distribution quantiles, their standard errors, and
confidence limits. These are provided only for the value
of 130°C, as specified withthe CONTROL= optioninthe
MODEL statement. The predicted median lifeat 130°C
corresponds to a quantile of 0.5, and is approximately
47,134 hours.

In addition to the MODEL statement output in Figure 6,
theRELIABILITY procedure producestabular output for

each temperature that isidentical to the output produced
withthe PROBPLOT statement. Thisoutput isnot shown
here.

Weibull Analysiswith Interval Data

Nelson (1982, p. 415) provides data for 167 identical
turbine parts. The parts were inspected at certain times
to determine which parts had cracked since the last
inspection. The times at which parts develop cracks are
to be fit with a Weibull distribution.

These data are said to beinterval censored since only the
timeinterval inwhich failuresoccurred isknown, not the
exact failure times. Seventy-three parts had not cracked
at the last inspection, which took place at 63.48 months.
These 73 lifetimes are right censored, since the lifetimes
are only known to be greater than 63.48 months.

The RELIABILITY procedure requiresthat interval data
be read from a SAS data set with a specia structure. All
unitsmust have acommon inspection schedule. The SAS
data set named CRACKS shown in Figure 7 provides
the data with this structure. The variable TIME is the
inspection time, that is, the upper endpoint of each
interval. The variable UNITS is the number of unfailed
units at the beginning of each interval, and the variable
FAIL isthe number of unitswith cracks at theinspection
time.

aBS TIME UNI TS FAI L
1 6.12 167 5
2 19.92 162 16
3 29.64 146 12
4 35. 40 134 18
5 39.72 116 18
6 45.24 98 2
7 52.32 96 6
8 63. 48 90 17

Figure7. Listing of the Turbine Part Cracking Data

The following statements use the RELIABILITY proce-
dure to produce the probability plot in Figure 8 for the
datain CRACKS.

proc reliability data=cracks;

freq fail;

nenter units;

di stribution weibull;

probplot tinme / readout pconfplt noconf;
run;

The FREQ statement specifies that the variable FAIL
provides the number of failuresin each interval. The
NENTER statement specifies that the variable UNITS
provides the number of unfailed units at the beginning
of each interval. The DISTRIBUTION statement spec-
ifies that the Weibull distribution is used for parameter



estimation and probability plotting. The PROBPLOT
statement requests a probability plot of the data.

The PROBPLOT statement option READOUT indicates
that the datain CRACKS are readout (or interval) data.
Theoption PCONFPLT specifiesthaconfidenceintervals
for the cumulative probability of failure areto be plotted.
The confidence intervals for the cumulative probability
are based on the binomial distribution for time intervas
until right censoring occurs. For time intervals after
right censoring occurs, the binomial distribution is not
valid, and a normal approximation is used to compute
confidenceintervals.

The option NOCONF suppresses the display of confi-
dence intervals for distribution percentiles in the proba-
bility plot.
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Figure8. Weibull Probability Plot for the Part Crack-
ing Data

A partid listing of the tabular output produced by the
preceding SAS statements is shown in Figure 9. By
default, the specified Weibull distribution is fitted by
maximum likelihood. The line plotted on the probability
plot and the tabular output summarize this fit. For
interval data, the estimated cumulative probabilities and
associated confidenceinterval saretabulated. In addition,
genera fit information, parameter estimates, percentile
estimates, standard errors, and confidence intervals are
tabulated.

In this example, the number of unfailed units at the
beginning of an interval, minus the number failingin the
interval, isequal to the number of unfailed unitsentering
the next interva. Thisis not aways the case since some
unfailed units might be removed from the test at the
end of an interval; that is, they might be right censored.
The specia structure of the input SAS data set required

for interval dataallowsthe RELIABILITY procedureto
analyze thismore general case.

The RELIABILITY Procedure

Readout Data Non-Paranetric
Qunul ati ve Probability Estinates

Interval Qum 95% Confidence Linits Std
Endpoi nt Prob Lower Upper Err

6.12 0.0299
19.92 0.1257

0. 0098
0.0796

0.0685 0.0132
0.1858 0.0257

63.48 0.5629 0. 4841 0.6394 0.0384

Wi bul | Paraneter Estinates

Asynptotic Nornal
95% Confidence Linits

Par anet er Estimat e Std Err Lower Upper
Scal e 71. 6904 5.3335 61. 9634 82. 9444
Shape 1.4854 0. 1465 1.2242 1.8022

Wi bul | Percentile Estinates

Asynptotic Nornal
95% Confidence Linits
Per cent age Estimat e Std Err Lower Upper
1 0.68534365 0.29999856 0.29060837 1. 6162505
0.2 1.09324644 0.42889769 0.50673205 2.35861884

99.9 263.348061 44.7205353 188.791772 367.347584

Figure9. Partial Listing of the Tabular Output for the

Part Cracking Data

Regression Modeling

This example is an illustration of a Weibull regression
model using aload accelerated lifetest of rolling bearings
with data provided by Nelson (1990, p. 305). Bearings
were tested at four different loads, and lifetimes in 106
of revolutions were measured. An outlier identified by
Nelson (1990) has been omitted from the analysis.

These data are model ed with a Weibull regression model
where the independent variable is the logarithm of the
load. The model is

i = Po+ Brx;

where y; is the location parameter of the extreme value
distributionand

z; = log(load)

for the ith bearing.
Figure 10 shows a partid listing of the bearing data.

The following statements fit the regression model by
maximum likelihood using the Weibull distribution.



proc reliability data=bearing;
distribution weibull;
nodel life = 1load / covb
corrb
obstats

neke ’'nodobstats’ out = RESI DUAL;
run;

aBS LI FE LOAD LLOAD
1 1.67 0. 87 -0.13926
2 2.20 0. 87 -0.13926
3 2.51 0. 87 -0.13926

0. 16551

Figure10. Partid Listing of the Bearing Data

The PROC RELIABILITY statement invokes the pro-
cedure and identifies BEARING as the input data set.
The DISTRIBUTION statement specifies the Weibull
distribution for model fitting. The MODEL statement
specifies the regression model, identifying LIFE as the
variable that providesthe response values (the lifetimes)
and LLOAD as the independent variable (the log |oads).
The MODEL statement option COVB requests the re-
gression parameter covariance matrix, and the CORRB
option requests the correlation matrix. The option OB-
STATS requests atable that containsresidual's, predicted
values, and other statistics. The MAKE statement creates
aSASdataset named RESIDUAL that containsthetable
created by the OBSTATS option.

Figure11 showsapartid listing of thetabular output pro-
duced by the RELIABILITY procedure. The “Weibull
Parameter Estimates’ table containsparameter estimates,
their standard errors, and 95% confidence intervals. In
this table INTERCEPT corresponds to 3o, LLOAD cor-
responds to 31, and SHAPE corresponds to the Weibull
shape parameter. Figure 12 shows a partia listing of the
output data set RESIDUAL.

The value of thelifetime LIFE and thelog load LLOAD
areincludedinthisdataset, aswell as statisticscomputed
fromthefitted model. Thevariable XBETA _isthevaue
of the linear predictor

xi'8 = fo+ LLOADS;

for each observation. The variable SURV_ contains the
value of the reliability function, -SRESID_ contains the
standardized residua, and _ARESID_ containsaresidual
adjusted for right censored observations.

If the fit regression model is adeguate, the standardized
residua swill have a standard extreme val ue distribution.
Y ou can check theresidualsby creating an extreme value
probability plot of theresidualsusingthe RELIABILITY

procedure and the RESIDUAL data set.

The RELIABILITY Procedure
Model I nformati on
Input Data Set WORK. BEARI NG
Anal ysis Variabl e LI FE
Distribution Wi bul |

Wi bul | Paraneter Estinates

Asynptotic Nornal
95% Confidence Linits

Par anet er Estimat e Std Err Lower Upper
| NTERCEPT 0.8323 0. 1410 0. 5560 1.1086
LLCAD -13.8529 1.2333 -16. 2703 -11. 4356
Shape 1.2434 0.1545 0. 9746 1.5862

Figure1ll. AnaysisResultsfor the Bearing Data

BS LI FE LLOAD _XBETA_ _SWRV_ _SRESID_ _ARESID_

1 1.67 -0.13926 2.76147 0. 94077 -2.79592 -2.79592

2 2.20 -0. 13926 2.76147 0.91758 -2.45320 -2.45320

3 2.51 -0. 13926 2.76147 0. 90363 -2.28930 -2.28930

3‘9 0. 456 0. 16551 -1. 46058 0. 09871 0. 83967 0. 83967
Figure12. Partid Listing of RESIDUAL

The following statements create the plot displayed in
Figure 13.
proc reliability data=residual;

distribution ev;
probplot _sresid_;

run;
99.9
99 Location . . . .. —B6.72E-7| .
Scale 1.000
95 | No: of Obs. "~~~ 39"
| No. of Failures : 39|
80 | Conf: Coeff. - 95%
70 AFit- - MES

Percent

Std Resid

Figure13. ExtremeVaueProbability Plot for theStan-
dardized Residuals

Although the estimated location is near zero and the
estimated scale is near one, the plot reveals systematic
curvature, indicating that the Weibull regression model
may be inadequate.



Analysisof Recurrence Data on Repairs

This exampleillustratesanalysis of recurrence datafrom
repairable systems. Repair data analysis differs from
life data andlysis, where units fail only once. As a
repairable system ages, it accumulates repairs and costs
of repairs. The RELIABILITY procedure provides a
nonparametric estimate and plot of the mean cumulative
function (MCF) for the number or cost of repairs for a
population of repairable systems.

The nonparametric estimate of the MCF, the variance of
the MCF estimate, and confidence limits for the MCF
estimate are based on the work of Nelson (1995). The
MCEF, also written as M (¢), is defined by Nelson (1995)
to be the population mean of the distribution of the
cumulative number or cost of repairs a age ¢. The
method does not assume any underlying structurefor the
repair process.

Repair histories of 41 diesd engines in a fleet were
reported by Nelson (1995). The valve seats in these
engines wear out and must be replaced.

The following statements produce the graphical display
in Figure 14.
proc reliability data=valve;
unitid id;
ncfpl ot days*value( -1 );
run;

The UNITID statement specifies that the variable ID
uniquely identifies each system. The MCFPLOT state-
ment requests a plot of the MCF estimates as a function
of theagevariable DAY Sand it specifies—1 asthevalue
of the variable VALUE that identifiesthe end of history
for each engine (system).

In Figure 14, the MCF estimates and confidence limits
are plotted versus system age in days. The end-of-history
agesareplottedin an areaat thetop of theplot. Except for
the last few points, the plot is essentialy a straight line,
suggesting a constant replacement rate.  Consequently
the prediction of future replacements of valve seats could
be based on afitted line.

A partia listing of the tabular output is shown in Fig-
ure 15. It containsasummary of therepair data, estimates
of the MCF, the Nelson (1995) standard errors and con-
fidence intervals for the MCF. MCF estimates, standard
errors, and confidence limitsare shown as missing values
(.) at end of history points, since they are not computed
at these points.
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Figure14. Mean Cumulative Function for the Number
of Repairs

The RELIABILITY Procedure

Repair Data Sunmmary

Input Data Set WORK. VALVE
(oservations Used 89
Nunber of Units 41
Nunber of Events 48

Repair Data Analysis

Appr oxi mat e 95%

Confidence Lints

Age Sanple MCF Std Error Lower Upper Unit ID
61.00
76.00

84.00

0.024
0.049
0.073

0.024
0.034
0.041

-0.023
-0.018
-0.008

0.072 393
0.116 395
0.154 330

667.00
759. 00
761.00

. 327
. 252
. 251

Figure15. Partid Listing of the Output for the Valve
Seat Data

Therehasbeen considerablework in parametric modeling
of the repair process, which requires more assumptions.
Ascher and Feingold (1984) describe parametric models
for repair processes. For example, repairs are sometimes
modeled as a non-homogeneous Poisson process. The
current release of the RELIABILITY procedure does
not include this type of parametric modeling, athough
it is planned for future releases. The MCF plot might
be afirst step in modeling a repair process, but in many
cases, it will providethe required answerswithout further
analysis. An estimate of theM CF for asampl e of systems
will aid engineers in determining the repair rate a any
age and whether the rate increases or decreases with
population age. The estimateis aso useful for predicting
the number of futurerepairs.



Comparison of Two Samples of Repair Data

Nelson (1995) and Doganaksoy and Nelson (1991) show
how the difference of MCFs from two samples can
be used to compare the populations from which they
are drawn. The RELIABILITY procedure provides Do-
ganaksoy and Nelson’ sconfidenceinterval sfor the point-
wise difference of the two MCF functions, which can
be used to assess whether the difference is statistically
significant.

Doganaksoy and Nelson (1991) give an example of two
samples of locomotives with braking grids from two
different production batches.

The following statements reguest the Nel son (1995) non-
parametric estimate and confidence limitsfor the differ-
ence of the MCF functions shown in Figure 16 for the
braking grids.
proc reliability data=grids;
unitid ID;

ncfpl ot days*val ue(-1) =
run;

sanple / ncfdiff;

The MCFPLOT statement requests a plot of each MCF
estimate as a function of age (provided by DAYS) and
it specifies that the end of history for each system is
identified by VALUE equal to —1. The variable SAM-
PLE identifies the two samples of braking grids. The
option MCFDIFF requests that the difference between
the MCFs of the two groups given in the variable SAM-
PLE isto be computed and plotted. Confidence limitsfor
the MCF difference are a'so computed and plotted. The
UNITID statement specifiesthat thevariable ID uniquely
identifies each system.

Figure 16 showsthe plot of the M CF difference function
and pointwise 95% confidence intervals. Since the
pointwise confidence limits do not include zero for some
system ages, the difference between the two populations
isstatistically significant.

A partia listing of the tabular output is shown in Fig-
ure 17. It contains a summary of the repair data for the
two samples, estimates, standard errors, and confidence
intervalsfor the MCF difference.
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Figure16. Mean Cumulative Function Difference
The RELIABILITY Procedure
MCF Difference Data Summary
Input Data Set WORK. GRI DS
Goup 1 Sanpl el
(oservations Used 39
Nurmber of Units 15
Nunber of Events 24
Goup 2 Sanpl e2
(bservations Used 44
Nunber of Units 18
Nunber of Events 26
Sanple MCF Differences
Appr oxi mate 95%
Confidence Lints
MCF
Age Difference Std Error Lower Upper Unit ID
19. 00 -0.06 0. 056 -0.16 0.05 S2-16
22.00 -0.11 0.076 -0.26 0.04 S2-12
33.00 -0.04 0.101 -0.24 0.15 S1-13
625. 00 0. 02 0. 349 -0.66 0.71 S1-07
635. 00 0. 09 0.336 -0.57 0.75 S1-11
650. 00 0.16 0.335 -0.50 0.81 Si1-11

Figurel7. Partid Listingof the Outputfor the Braking
GridsData

Refer ences

Ascher, H. and Feingold, H. (1984), Repairable Systems
Reliability, New York: Marcel Dekker, Inc.

Doganaksoy, N. and Nelson, W. (1991), “A Method
and Computer Program M CFDIFF to Compare Two
Samples of Repair Data,” GE Research & Devel-
opment Center TIS Report 91CRD172, P.O. Box 8,
Schenectady, NY 12301.

Lawless, J.E. (1983), Satistical Models and Methods for
LifetimeData, New Y ork: John Wiley & Sons, (800)
879-4539.

Nelson, W. (1982), Applied Life Data Analysis, New
Y ork: John Wiley & Sons, (800) 879-4539.



Nelson, W. (1985), “Weibull Anaysis of Reliability
Data with Few or No Failures,” Journal of Quality
Technology, 17 (3), 140-146.

Nelson, W. (1988), “Graphical Anaysis of System Re-
pair Data,” Journal of Quality Technology, 20 (1),
24-35.

Nelson, W. (1990), Accel erated Testing: Statistical Mod-
els, Test Plans, and Data Analyses, New Y ork: John
Wiley & Sons, (800) 879-4539.

Nelson, W. (1995), “Confidence Limits for Recurrence
Data--Applied to Cost or Number of Product Re-
pairs,” Technometrics, 37, 147-157.

Nelson, W. and Doganaksoy, N. (1989), “A Computer
Program for an Estimate and Confidence Limits for
the Mean Cumulative Function for Cost or Number
of Repairs of Repairable Products,” GE Research &
Development Center TIS Report 89CRD239, P.O.
Box 8, Schenectady, NY 12301.

Tobias, P.A. and Trindade, D.C. (1995), Applied Reli-
ability, Second Edition, New York: Van Nostrand
Reinhold.

SASisaregistered trademark of SASInstitutelnc. inthe
USA andinother countries. U indicates USA registration.



