Probability:
The Mathematics
of Randomness

-rhe theory of probability is the mathematician’s description of random variation.
This chapter introduces enough probability to serve as a minimum background for
making formal statistical inferences.

The chapter begins with a discussion of discrete random variables and their
distributions. It next turns to continuous random variables and then probability
plotting. Next, the simultaneous modeling of several random variables and the
notion of independence are considered. Finally, there is alook at random variables
that arise as functions of several others, and how randomness of the input variables
istranglated to the output variable.

5.1 (Discrete) Random Variables

5.1.1

The concept of arandom (or chance) variable is introduced in general termsin this
section. Then specialization to discrete cases is considered. The specification of a
discrete probability distribution viaa probability function or cumulative probability
function is discussed. Next, summarization of discrete distributions in terms of
(theoretical) meansand variancesistreated. Then the so-called binomial, geometric,
and Poisson distributions are introduced as examples of useful discrete probability
models.

Random Variables and Their Distributions

It is usualy appropriate to think of a data value as subject to chance influences.
In enumerative contexts, chance is commonly introduced into the data collection
process through random sampling techniques. M easurement error is nearly alwaysa
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Definition 1

Definition 2

Definition 3

Definition 4

factor in statistical engineering studies, and the many small, unnameabl e causes that
work to produce it are conveniently thought of as chance phenomena. In analytica
contexts, changes in system conditions work to make measured responses vary, and
thisis most often attributed to chance.

A random variable is a quantity that (prior to observation) can be thought
of as dependent on chance phenomena. Capital letters near the end of the
alphabet are typically used to stand for random variables.

Consider a situation (like that of Example 3 in Chapter 3) where the torques
of bolts securing a machine component face plate are to be measured. The next
measured value can be considered subject to chance influences and we thus term

Z = the next torque recorded

arandom variable.

Following Definition 9 in Chapter 1, a distinction was made between discrete
and continuousdata. That terminology carriesover to the present context andinspires
two more definitions.

A discrete random variable is one that has isolated or separated possible
values (rather than a continuum of available outcomes).

A continuous random variable is one that can be idealized as having an
entire (continuous) interval of numbers asits set of possible values.

Random variables that are basically count variables clearly fall under Defi-
nition 2 and are discrete. It could be argued that all measurement variables are
discrete—on the basis that all measurements are “to the nearest unit.” But it is often
mathematically convenient, and adequate for practical purposes, to treat them as
continuous.

A random variable is, to some extent, a priori unpredictable. Therefore, in
describing or modeling it, the important thing isto specify its set of potential values
and the likelihoods associated with those possible values.

To specify a probability distribution for arandom variable is to give its set
of possible values and (in one way or another) consistently assign numbers
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between 0 and 1—called probabilities—as measures of the likelihood that
the various numerical values will occur.

The methods used to specify discrete probability distributions are different
from those used to specify continuous probability distributions. So the implications
of Definition 4 are studied in two steps, beginning in this section with discrete
distributions.

Discrete Probability Functions
and Cumulative Probability Functions

The tool most often used to describe a discrete probability distribution is the prob-
ability function.

A praobability function for a discrete random variable X, having possible
values x;, X,, . .., isanonnegative function f (x), with f (x;) giving the prob-
ability that X takesthe value x; .

This text will use the notational convention that a capital P followed by an
expression or phrase enclosed by brackets will be read “the probability” of that
expression. In these terms, a probability function for X isafunction f such that

f(X) = P[X =X]

That is, “ f (x) isthe probability that (the random variable) X takes the value x."

A Torque Requirement Random Variable

Consider again Example 3 in Chapter 3, where Brenny, Christensen, and Schnei-
der measured bolt torques on the face plates of a heavy equipment component.
With

Z = the next measured torque for bolt 3 (recorded to the nearest integer)

consider treating Z as a discrete random variable and giving a plausible proba-
bility function for it.

The relative frequencies for the bolt 3 torque measurements recorded in
Table 3.4 on page 74 produce the relative frequency distribution in Table 5.1.
This table shows, for example, that over the period the students were collecting
data, about 15% of measured torques were 19 ft Ib. If it is sensible to believe
that the same system of causes that produced the data in Table 3.4 will operate
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Example 1
(continued)

to produce the next bolt 3 torque, then it also makes sense to base a probability
function for Z on the relative frequencies in Table 5.1. That is, the probability
distribution specified in Table 5.2 might be used. (In going from the relative
frequenciesin Table 5.1 to proposed values for f (z) in Table 5.2, there has been
some dlightly arbitrary rounding. This has been done so that probability values
are expressed to two decimal places and now total to exactly 1.00.)

Table 5.1

Relative Frequency Distribution for Measured Bolt 3

Torques

z, Torque (ft 1b)

Frequency  Relative Frequency

11 1 1/34 ~ .02941
12 1 1/34 ~ .02941
13 1 1/34 ~ .02941
14 2 2/34 ~ .05882
15 9 9/34 ~ .26471
16 3 3/34 ~ .08824
17 4 4/34 ~ 11765
18 7 7/34 ~ .20588
19 5 5/34 ~ 14706
20 1 1/34 ~ .02941
34 1
Table 5.2
A Probability Function
forz
Torque  Probability
z f(2
11 .03
12 .03
13 .03
14 .06
15 .26
16 .09
17 12
18 .20
19 15
20 .03
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The appropriateness of the probability function in Table 5.2 for describing Z
depends essentially on the physical stability of the bolt-tightening process. But
there is a second way in which relative frequencies can become obvious choices for
probabilities. For example, think of treating the 34 torques represented in Table 5.1
as a population, from which n = 1 itemisto be sampled at random, and

Y = thetorque value selected

Then the probability function in Table 5.2 is aso approximately appropriate for Y.
This point is not so important in this specific example as it is in general: Where
one value isto be selected at random from a population, an appropriate probability
distribution isonethat is equivalent to the population rel ative frequency distribution.

Thistext will usually express probabilitiesto two decimal places, asin Table5.2.
Computations may be carried to several more decimal places, but final probabilities
will typically be reported only to two places. Thisis because numbers expressed to
more than two places tend to look too impressive and be taken too seriously by the
uninitiated. Consider for example the statement “ There is a.097328 probability of
booster engine failure” at acertain missile launch. This may represent the results of
some very careful mathematical manipulations and be correct to six decimal places
in the context of the mathematical model used to obtain the value. But it is doubtful
that the model used is a good enough description of physical reality to warrant that
much apparent precision. Two-decimal precision isabout what iswarranted in most
engineering applications of simple probahility.

Theprobability function shownin Table5.2 hastwo propertiesthat are necessary
for the mathematical consistency of a discrete probability distribution. The f (2)
values are each in the interval [0, 1] and they tota to 1. Negative probabilities or
ones larger than 1 would make no practical sense. A probability of 1 is taken as
indicating certainty of occurrence and a probability of O as indicating certainty of
nonoccurrence. Thus, according to the model specified in Table 5.2, since the values
of f(z) sumto 1, the occurrence of one of thevalues 11, 12, 13, 14, 15, 16, 17, 18,
19, and 20 ft Ib is certain.

A probability function f (x) gives probabilities of occurrencefor individua val-
ues. Adding the appropriate val ues gives probabiliti es associated with the occurrence
of one of a specified type of value for X.

Consider using f (z) defined in Table 5.2 to find
P[Z > 17] = P[the next torque exceeds 17]
Adding the f (z) entries corresponding to possible values larger than 17 ft Ib,

P[Z > 17) = f(18) + f(19) + f(20) = .20+ .15+ .03 = .38

The likelihood of the next torque being more than 17 ft Ib is about 38%.
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Example 1
(continued)

Example 2

Definition 6

If, for example, specifications for torques were 16 ft b to 21 ft Ib, then the
likelihood that the next torque measured will be within specificationsis
P[16<Z<21]=f(16)+ f(17) + f(18) + f(19) + f(20) + f(21)
= .09+ .12+ .20+ .15+ .03+ .00
= .59

In the torque measurement example, the probability function is given in tabular

form. In other cases, it is possible to give aformulafor f (x).

A Random Tool Serial Number

The last step of the pneumatic tool assembly process studied by Kraber, Rucker,

and Williams (see Example 11 in Chapter 3) was to apply a serial number plate

to the completed tool. Imagine going to the end of the assembly line at exactly

9:00 A.M. next Monday and observing the number plate first applied after 9:00.
Suppose that

W = thelast digit of the serial number observed

Suppose further that tool serial numbers begin with some code specia to the
tool model and end with consecutively assigned numbers reflecting how many
tools of the particular model have been produced. The symmetry of this situation
suggests that each possible value of W (w = 0, 1, ..., 9) is equally likely. That
is, aplausible probability function for W is given by the formula

A forw=0,12...,9

f(w) = .
0 otherwise

Another way of specifying adiscrete probability distribution is sometimes used.

That isto specify its cumulative probability function.

The cumulative praobability function for arandom variable X is a function
F (x) that for each number x gives the probability that X takesthat value or a
smaller one. In symbols,

F(x) = P[X <x]
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Since (for discrete distributions) probabilities are cal culated by summing values
of f(x), for adiscrete distribution,

Foo=) f2

zZ<X

(The sum is over possible values less than or equal to x.) In this discrete case, the
graph of F(x) will be a stair-step graph with jumps located at possible values and
equal in size to the probabilities associated with those possible values.

Values of both the probability function and the cumulative probability function
for the torque variable Z are given in Table 5.3. Values of F(2) for other z are
also easily obtained. For example,

F(10.7) = P[Z <10.7] =0
F(16.3) = P[Z < 16.3] = P[Z < 16] = F(16) = .50
F(32) = P[Z < 32] = 1.00

A graph of the cumulative probability function for Z is given in Figure 5.1. It
shows the stair-step shape characteristic of cumulative probability functions for
discrete distributions.

Table 5.3
Values of the Probability Function and Cumulative
Probability Function for Z

z,Torque f(2=P[Z=2 F@=P[Z2<7

11 .03 .03
12 .03 .06
13 .03 .09
14 .06 A5
15 .26 41
16 .09 .50
17 A2 .62
18 .20 .82
19 A5 97

20 .03 1.00
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Example 1
(continued)

Definition 7
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Figure 5.1  Graph of the cumulative
probability function for Z

Theinformation about a discrete distribution carried by its cumul ative probabil -
ity function is equivalent to that carried by the corresponding probability function.
The cumulative version is sometimes preferred for table making, because round-off
problems are more severe when adding several f (x) terms than when taking the
difference of two F(x) values to get a probability associated with a consecutive
sequence of possible values.

Summarization of Discrete Probability Distributions

Amost al of the devices for describing relative frequency (empirical) distributions
in Chapter 3 have versions that can describe (theoretical) probability distributions.

For adiscrete random variable with equally spaced possible values, aprobabil-
ity histogram gives a picture of the shape of the variable's distribution. It is made
by centering abar of height f (x) over each possible value x. Probability histograms
for the random variables Z and W in Examples 1 and 2 are given in Figure 5.2.
Interpreting such probability histogramsis similar to interpreting relative frequency
histograms, except that the areas on them represent (theoretical) probabilitiesinstead
of (empirical) fractions of data sets.

It is useful to have a notion of mean value for a discrete random variable (or its
probability distribution).

The mean or expected value of a discrete random variable X (sometimes
called the mean of its probability distribution) is

EX=) xfx) (5.1)

EXisread as*"the expected value of X,” and sometimes the notation w is used
in place of EX.
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Probability Distribution for Z Probability Distribution for W
f(w)

f(2

11 12 13 14 15 16 17 18 19 20 z 01 2 3 456 78 9w

Figure 5.2 Probability histograms for Z and W (Examples 1 and 2)

Example 1
(continued)

(Remember the warning in Section 3.3 that 1« would stand for both the mean of a
population and the mean of a probability distribution.)

Returning to the bolt torque example, the expected (or theoretical mean) value of
the next torqueis

EZ:sz(z)

= 11(.03) + 12(.03) + 13(.03) + 14(.06) + 15(.26)
+ 16(.09) + 17(.12) + 18(.20) + 19(.15) + 20(.03)
> =16.35ftlb

This value is essentially the arithmetic mean of the bolt 3 torques listed in
Table 3.4. (The dlight disagreement in the third decimal place arises only because
therelative frequenciesin Table 5.1 were rounded dlightly to produce Table 5.2.)
Thiskind of agreement provides motivation for using the symbol ., first seenin
Section 3.3, as an alternative to EZ.

Themean of adiscrete probability distribution hasabalance point interpretation,
much like that associated with the arithmetic mean of a data set. Placing (point)
masses of sizes f (x) at points x along a number line, EX is the center of mass of
that distribution.
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Example 2 Considering again the serial number example, and the second part of Figure 5.2,
(continued) if a balance point interpretation of expected value is to hold, EW had better turn
out to be 4.5. And indeed,

EW=0(1 +1(.1) +2(.1) +--- +8(.1) + 9(.1) =45(.1) =45

It was convenient to measure the spread of a data set (or its relative frequency
distribution) with the variance and standard deviation. It is similarly useful to have
notions of spread for a discrete probability distribution.

Definition 8 The variance of adiscrete random variable X (or the variance of its distribu-
tion) is

VarX =Y (x —EX)? f(x) (=X x*f(x) — (EX)?) (5.2)

The standard deviation of X is +/Var X. Often the notation o2 is used in
place of Var X, and o isused in place of «/Var X.

The variance of arandom variable is its expected (or mean) squared distance
from the center of its probability distribution. The use of 2 to stand for both the
variance of a population and the variance of a probability distribution is motivated
on the same grounds as the double use of 1.

Example 1 The calculations necessary to produce the bolt torque standard deviation are
(continued) organized in Table 5.4. So

> o = VarZ = V4.6275 = 2.15ft b

Except for a small difference due to round-off associated with the creation of
Table 5.2, this standard deviation of the random variable Z is numerically the
same as the population standard deviation associated with the bolt 3 torques in
Table 3.4. (Again, thisis consistent with the equival ence between the population
relative frequency distribution and the probability distribution for Z.)
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Table 5.4
Calculations for VarZ
z f(2 (z-16.352% (z—16.35%f(2)
11 .03 28.6225 .8587
12 .03 18.9225 5677
13 .03 11.2225 .3367
14 .06 5.5225 3314
15 .26 1.8225 4739
16 .09 1225 .0110
17 12 4225 .0507
18 .20 2.7225 .5445
19 15 7.0225 1.0534
20 .03 13.3225 .3997
Var Z = 4.6275
Example 2 To illustrate the aternative for calculating a variance given in Definition 8, con-
(continued) sider finding the variance and standard deviation of the serial number variable W.

Table 5.5 shows the calculation of 3~ w? f (w).

Table 5.5
Calculations for 3~ w?f(w)

fw) w?f(w)

N

0.0
1
4
9

16

2.5

3.6

4.9

6.4

8.1

© O ~NOoO UM WNEO|E
RPFRPRPRRPRRPRPPRPBR

28.5
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Example 2
(continued)

Independent
identical success-
failure trials

Binomial
random
variables

Then
VarW = Z w? f (w) — (EW)?2 = 28.5 — (4.5)> = 8.25

so that

> vVarW = 2.87

Comparing the two probability histogramsin Figure 5.2, notice that the distribu-
tion of W appears to be more spread out than that of Z. Happily, thisis reflected
in the fact that

vVVarW =287 > 215 =+Var Z

The Binomial and Geometric Distributions

Discrete probability distributions are sometimes developed from past experience
with aparticular physical phenomenon (asin Example 1). On the other hand, some-
times an easily manipulated set of mathematical assumptions having the potential
to describe a variety of real situations can be put together. When those can be ma-
nipulated to derive generic distributions, those distributions can be used to model
a number of different random phenomena. One such set of assumptions is that of
independent, identical success-failuretrials.

Many engineering situations involve repetitions of essentially the same “go—no
go” (success-failure) scenario, where:

1. Thereisaconstant chance of a go/success outcome on each repetition of the
scenario (cal this probability p).

2. The repetitions are independent in the sense that knowing the outcome of
any one of them does not change assessments of chancerelated to any others.

Examples of this kind include the testing of items manufactured consecutively,
where each will be classified as either conforming or nonconforming; observing
motorists as they pass a traffic checkpoint and noting whether each istraveling at a
legal speed or speeding; and measuring the performance of workersin two different
workspace configurations and noting whether the performance of each is better in
configuration A or configuration B.

In this context, there are two generic kinds of random variables for which
deriving appropriate probability distributionsis straightforward. Thefirst isthe case
of a count of the repetitions out of n that yield a go/success result. That is, consider
avariable

X = the number of go/success resultsin n independent identical
success-failuretrials

X hasthe binomial (n, p) distribution.



Definition 9

5.1 (Discrete) Random Variables 233

The binomial (n, p) distribution is a discrete probability distribution with
probability function

n!
— _p*@-p"* forx=0,1,...,n
fx)y =1 xt(n—x)! FE=D (5.3)

0 otherwise

for n apositiveinteger and 0 < p < 1.

Equation (5.3) iscompletely plausible. Init thereisonefactor of p for eachtrial pro-
ducing a go/success outcome and one factor of (1 — p) for each trial producing ano
go/failure outcome. Andthen!/x! (n — x)! termisacount of the number of patterns
inwhich it would be possible to see x go/success outcomesin n trials. The name bi-
nomial distribution derivesfrom the fact that thevalues f (0), f (1), f(2),..., f(n)
are the termsin the expansion of

(p+@—-p)"

according to the binomial theorem.

Take the time to plot probability histograms for several different binomial
distributions. It turns out that for p < .5, the resulting histogram is right-skewed.
For p > .5, the resulting histogram is left-skewed. The skewness increases as p
moves away from .5, and it decreases as n is increased. Four binomial probability
histograms are pictured in Figure 5.3.

(%) f(x) f(x)

T >
nn
on

01 2 3 4 5 X 01 2 3 4 5 X 01 2 3 4 5 X

012 3 456 7 8 910 x

Figure 5.3  Four binomial probability histograms
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Example 3

The binomial
distribution and
simple random
sampling

The Binomial Distribution and Counts of Reworkable Shafts

Consider again the situation of Example 12 in Chapter 3 and a study of the
performance of aprocessfor turning steel shafts. Early in that study, around 20%
of the shafts were typically classified as “reworkable.” Suppose that p = .2 is
indeed a sensible figure for the chance that a given shaft will be reworkable.
Suppose further that n = 10 shafts will be inspected, and the probability that at
least two are classified as reworkable is to be evaluated.

Adopting a model of independent, identical success-failure trials for shaft
conditions,

U = the number of reworkable shaftsin the sample of 10
isabinomial random variablewithn = 10and p = .2. So

P[at least two reworkable shafts] = P[U > 2]
=f@+fQ+---+ 110
=1—(f) + f(1)

_q_ (10 o g0, 10 S 1g9
=1 <O! 101 (.D°(.8)" + 1ol (.27(.8) >

= .62

(Thetrick employed here, to avoid plugging into the binomial probability function
9 times by recognizing that the f (u)’s have to sum up to 1, is a common and
useful one.)

The .62 figure is only as good as the model assumptions that produced it.
If an independent, identical success-failure trials description of shaft production
fails to accurately portray physica redlity, the .62 value is fine mathematics
but possibly a poor description of what will actually happen. For instance, say
that due to tool wear it is typical to see 40 shafts in specifications, then 10
reworkable shafts, a tool change, 40 shafts in specifications, and so on. In this
case, the binomia distribution would be a very poor description of U, and the
.62 figure largely irrelevant. (The independence-of-trials assumption would be
inappropriate in this situation.)

There is one important circumstance where a model of independent, identical

success-failuretrialsisnot exactly appropriate, but abinomial distribution can still be
adequate for practical purposes—that is, in describing the results of simple random
sampling from a dichotomous population. Suppose a population of size N contains
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afraction p of type A objects and a fraction (1 — p) of type B objects. If asimple
random sample of n of theseitemsis selected and

X = the number of type A itemsin the sample

strictly speaking, x isnot abinomia random variable. But if n isasmall fraction of
N (say, lessthan 10%), and p is not too extreme (i.e., is not closeto either O or 1),
X isapproximately binomial (n, p).

Simple Random Sampling from a Lot of Hexamine Pellets

In the pelletizing machine experiment described in Example 14 in Chapter 3,
Greiner, Grimm, Larson, and Lukomski found a combination of machine settings
that allowed them to produce 66 conforming pellets out of a batch of 100 pellets.
Treat that batch of 100 pellets as a population of interest and consider selecting
asimple random sample of sizen = 2 from it.

If one defines the random variable

V = the number of conforming pelletsin the sample of size 2

the most natural probability distribution for V is obtained as follows. Possible
valuesfor V are0, 1, and 2.

f(0) = P[V =0]
= P[first pellet selected is nonconforming and
subsequently the second pellet is aso nonconforming]
f(2) =P[V =2]

= P[first pellet selected is conforming and
subsequently the second pellet selected is conforming]

fD)=1-(fO0+ f(2)

Then think, “In the long run, the first selection will yield a nonconforming pellet
about 34 out of 100 times. Considering only cases where this occurs, in the long
run the next selection will also yield a nonconforming pellet about 33 out of 99
times” That is, asensible evaluation of f (0) is

f(0) 34 33 =.1133

~ 100 99
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Example 4 Similarly,
(continued)

66 65

—— . _— =4
100 99~ %

f(2)

and thus
f(1) =1- (1133 + .4333) = 1 — .5467 = .4533

Now, V cannot be thought of as arising from exactly independent trials. For
exampl e, knowing that thefirst pellet sel ected was conforming woul d reduce most
6

peopl€e's assessment of the chance that the second is also conforming from WGO to

%. Nevertheless, for most practical purposes, V can be thought of as essentially
binomial withn = 2 and p = .66. To see this, note that

2!
ﬁ(.34)2(.66)0 =.1156 ~ f(0)

2!
M(.34)1(.66)1 = .4488 ~ f (1)

2!
m(.34)0(.66)2 = 4356~ f(2)

Here, nisasmall fraction of N, p isnot too extreme, and abinomial distribution
is adecent description of avariable arising from simple random sampling.

Calculation of the mean and variance for binomial random variablesis greatly
simplified by the fact that when the formulas (5.1) and (5.2) are used with the
expression for binomial probabilities in equation (5.3), simple formulas result. For
X abinomia (n, p) random variable,

Mean of the

n
n!
binomia/ (n, p) p=EX=) x———p"1-p"*=np (5.4)

distribution XXZ(:) x!(n — x)!

Further, it is the case that

Variance of the

n
o n! _
binomial(np) ot =VaIX =) (=M PA- P =med - (59
X=!
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Returning to the machining of steel shafts, suppose that a binomial distribution
withn =10and p = .2 is appropriate as amodel for

U = the number of reworkable shaftsin the sample of 10
Then, by formulas (5.4) and (5.5),

EU = (10)(.2) = 2 shafts
VVarU = /10(.2)(.8) = 1.26 shafts

A second generic type of random variable associated with a series of indepen-
dent, identical success-failuretrialsis

X = the number of trials required to first obtain a go/success result

X has the geometric (p) distribution.

The geometric (p) distribution is a discrete probability distribution with
probability function

1-p*t forx=12,...
umz{ PE=1 orx==4 (5.6)

otherwise

forO<p<1.

Formula (5.6) makes good intuitive sense. In order for X to take the value x,
there must be x — 1 consecutive no-go/failure results followed by a go/success. In
formula (5.6), there are x — 1 terms (1 — p) and one term p. Another way to see
that formula (5.6) is plausibleisto reason that for X asaboveandx =1, 2, ...

1-FxX)=1-P[X <X]
= P[X > x]
= P[x no-go/failure outcomesin x trials]

That is,

1-Fx) =1—p) (5.7)
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1 2 3 45 6 7 8 9 1011 12 13 X

Figure 5.4 Two geometric probability histograms

by using the form of the binomia (x, p) probability function given in equation
(5.3). Then for x=2,3,..., fTX)=FX)—-FX—-1)=—-1-FX)+ 1-
F (x — 1)). This, combined with equation (5.7), gives equation (5.6).

The name geometric derives from the fact that the values f (1), f (2), f(3),...
aretermsin the geometric infinite series for

1

1T a-p

The geometric distributions are discrete distributions with probability his-
tograms exponentially decaying as x increases. Two different geometric probability
histograms are pictured in Figure 5.4.

The Geometric Distribution and Shorts in NiCad Batteries

In “A Case Study of the Use of an Experimental Design in Preventing Shorts
in Nickel-Cadmium Cells’ (Journal of Quality Technology, 1988), Ophir, El-
Gad, and Snyder describe a series of experiments conducted in order to reduce
the proportion of cells being scrapped by a battery plant because of internal
shorts. The experimental program was successful in reducing the percentage of
manufactured cells with internal shorts to around 1%.
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Suppose that testing begins on a production run in this plant, and let
T = thetest number at which thefirst short is discovered

A model for T (appropriate if the independent, identical success-failure trials
description is apt) is geometric with p = .01. (p is the probability that any
particular test yields a shorted cell.) Then, using equation (5.6),

P[thefirst or second cell tested has thefirst short] = P[T =1or T = 2]
f()+ 1@

(.01) + (.0H(1 - .01)
= .02

Or, using equation (5.7),

P[at least 50 cells are tested without finding a short] = P[T > 50]
=(1-.0n%®
= .61

Like the binomia distributions, the geometric distributions have means and
variancesthat are simplefunctions of the parameter p. Thatis, if X isgeometric (p),

Mean of the 0 1
geometric (p) uw=EX= pr(l —p*t=Z= (5.9)
distribution =1 P
and
Variance of the ) 1\2 1—
geometric (p) o?=Va X = Z (x — —) p(l—p*t= 2p (5.9
distribution — p p
Example 5 In the context of battery testing, with T as before,

(continued)

1
= — = 100 batteries

ET .01
[(1-.01
VVaT = % = 99.5 batteries
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Example 5
(continued)

5.1.5

Definition 11

Formula (5.8) isanintuitively appealing result. If thereisonly 1 chancein 100 of
encountering a shorted battery at each test, it is sensible to expect to wait through
100 tests on average to encounter the first one.

The Poisson Distributions

As discussed in Section 3.4, it is often important to keep track of the total number
of occurrences of some relatively rare phenomenon, where the physical or time
unit under observation has the potential to produce many such occurrences. A case
of floor tiles has potentially many total blemishes. In a one-second interval, there
are potentialy a large number of messages that can arrive for routing through a
switching center. And a 1 cc sample of glass potentially contains alarge number of
imperfections.

So probability distributions are needed to describe random counts of the number
of occurrences of a relatively rare phenomenon across a specified interval of time
or space. By far the most commonly used theoretical distributions in this context
are the Poisson distributions.

The Poisson (1) distribution is a discrete probability distribution with prob-
ability function

e\
fo=1 > forx=0,1,2,... (5.10)

0 otherwise

for » > 0.

The form of equation (5.10) may initially seem unappealing. But it is one that
has sensible mathematical origins, is manageable, and has proved itself empirically
useful in many different “rare events’ circumstances. One way to arrive at equation
(5.10) is to think of a very large number of independent trials (opportunities for
occurrence), where the probability of success (occurrence) on any oneisvery small
and the product of the number of trials and the success probability is A. One is
then led to the binomial (n, %) distribution. In fact, for large n, the binomial (n, %
probability function approximates the one specified in equation (5.10). So one
might think of the Poisson distribution for counts as arising through a mechanism
that would present many tiny similar opportunities for independent occurrence or
nonoccurrence throughout an interval of time or space.

The Poisson distributions are right-skewed distributions over the values x =
0,1,2, ..., whose probability histograms peak near their respective A’s. Two dif-
ferent Poisson probability histograms are shown in Figure 5.5. A is both the mean



Mean of the
Poisson (1)
distribution

Variance of the
Poisson (1)
distribution
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£(x)

01 2 3 456 7 8 91011 X

Figure 5.5 Two Poisson probability histograms

and the variance for the Poisson (A) distribution. That is, if X has the Poisson (1)
distribution, then

o0 e—)\.)\’X
uw=EX= = (5.12)
x!
x=0
and
oo Ze—)\)\‘X
Var X =) (x—2) = (5.12)

x=0 A

Fact (5.11) is helpful in picking out which Poisson distribution might be useful in
describing a particular “rare events’ situation.

The Poisson Distribution and Counts of «-Particles

A classical dataset of Rutherford and Geiger, reported in Philosophical Magazine
in 1910, concernsthe numbersof «-particlesemitted from asmall bar of polonium
and colliding with ascreen placed near the bar in 2,608 periods of 8 minutes each.
The Rutherford and Geiger relative frequency distribution has mean 3.87 and a
shaperemarkably similar to that of the Poisson probability distribution with mean

A = 3.87.
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Example 6
(continued)

Example 7

Inaduplication of the Rutherford/Geiger experiment, areasonable probabil-
ity function for describing

S = the number of «-particles striking the screen in an additional
8-minute period

isthen

s!

—3.87 S
ﬂ fors=0,1,2,...
f(s) =
0 otherwise

Using such amodel, one has (for exampl€)

P[at least 4 particles are recorded]

= P[S=1]

=f@H+ 1B+ 6+
=1—-(fO+fQD+ 2+ f(J)

—3.87 0 —3.87 1 —3.87 2 —3.87 3
e 3.87 e 3.87 e 3.87 e 3.87
_ 1_( (387° €387  e3¥(387)7 e 3( ))
o! 1 2! 3!

=.5%4

Arrivals at a University Library

Stork, Wohlsdorf, and McArthur collected data on numbers of students entering
the ISU library during various periods over a week’s time. Their data indicate
that between 12:00 and 12:10 PM. on Monday through Wednesday, an average
of around 125 students entered. Consider modeling

M = the number of students entering the ISU library between 12:00 and
12:01 next Tuesday

Using a Poisson distribution to describe M, the reasonable choice of A would
seemto be

_ 125 students

= —— (1 minute) = 12.5 students
10 minutes ( )
For this choice,
EM = A = 12.5 students

YVarM = VA = V12,5 = 3.54 students



P[10 < M < 15]
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and, for example, the probability that between 10 and 15 students (inclusive)
arrive at the library between 12:00 and 12:01 would be evaluated as

f(10) + f(11) + f(12) + f(13) + f(14) + f(15)
eﬂﬁﬁam+eﬂﬂn@“+eﬂﬁu5ﬂ

10!

11! 12!

e 12.5(12.5) 15

e 12.5(12.5) 13
+ +

.60

—125 14
€ 12.5
( ) n

13! 141 15!

Section 1 Exercises

1. A discrete random variable X can be described
using the probability function

X 2 3 4 5 6

fx) 1 2 3 3 1

(&) Make aprobahility histogram for X. Also plot
F(x), the cumulative probability function
for X.

(b) Find the mean and standard deviation of X.

In an experiment to evaluate anew artificial sweet-
ener, ten subjects are al asked to taste cola from
three unmarked glasses, two of which contain reg-
ular cola while the third contains cola made with
the new sweetener. The subjects are asked to iden-
tify the glass whose content is different from the
other two. If there is no difference between the
taste of sugar and the taste of the new sweetener,
the subjects would be just guessing.

(8) Make atable for a probability function for

X = the number of subjects correctly
identifying the artificially
sweetened cola

under this hypothesis of no difference in taste.

(b)

If seven of the ten subjects correctly identify
the artificial sweetener, is this outcome strong
evidence of ataste difference? Explain.

3. Suppose that a small population consists of the

N
@

(b)

©

=6vaues2, 3,4,4,5,and 6.
Sketch arelative frequency histogram for this
population and compute the population mean,
., and standard deviation, o .
Now let X = the value of a single number se-
lected at random from this population. Sketch
aprobability histogram for thisvariable X and
compute EX and Var X.
Now think of drawing asimple random sample
of sizen = 2fromthissmall population. Make
tablesgiving the probability distributionsof the
random variables

X = the sample mean
S? = the sample variance

(Thereare 15 different possibleunordered sam-
plesof 2 out of 6 items. Each of the 15 possible
samplesis equally likely to be chosen and has
itsown corresponding X and s?.) Usethetables
and make probability histogramsfor these ran-
dom variables. Compute EX and Var X. How
do these compare to i and o2?
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4. Sketch probability histogramsfor the binomial dis-

tributionswithn =5and p = .1, .3,.5, .7, and .9.
On each histogram, mark the location of the mean
and indicate the size of the standard deviation.

. Suppose that an eddy current nondestructive eval-
uation technique for identifying cracks in critical
metal partshasaprobability of around .20 of detect-
ing asingle crack of length .003in. in acertain ma-
terial. Supposefurther that n = 8 specimensof this
material, each containing a single crack of length
.003 in., are inspected using this technique. Let W
bethe number of these cracksthat are detected. Use
an appropriate probability model and evaluate the
following:

(8 P[W=3]

(b) P[W =< 2]

(o EW

(d) Va W

(e) the standard deviation of W

. In the situation described in Exercise 5, suppose
that a series of specimens, each containing a sin-
gle crack of length .003 in., are inspected. Let Y
be the number of specimens inspected in order to
obtain the first crack detection. Use an appropriate
probability model and evaluate all of thefollowing:
(& PIY =5]

(b) P[Y <4]

(c) EY

(d) VarY

(e) the standard deviation of Y

. Sketch probability histograms for the Poisson dis-
tributions with means A = .5, 1.0, 2.0, and 4.0. On

10.

11.
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each histogram, mark the location of the mean
and indicate the size of the standard deviation.

. A process for making plate glass produces an av-

erage of four seeds (small bubbles) per 100 square

feet. Use Poisson distributions and assess proba-

bilities that

(a) a particular piece of glass 5 ft x 10 ft will
contain more than two seeds.

(b) aparticular piece of glass5ft x 5ftwill con-
tain no seeds.

. Transmission line interruptions in a telecommu-

nications network occur at an average rate of one

per day.
(8) Use aPoisson distribution as a model for

X = the number of interruptions in the next
five-day work week

and assess P[X = Q].
(b) Now consider the random variable

Y = the number of weeks in the next four
in which there are no interruptions

What is a reasonable probability model for
Y?Assess P[Y = 2].
Distinguish clearly between the subjects of prob-
ability and statistics. Is onefield a subfield of the
other?

What is the difference between a relative fre-
quency distribution and aprobability distribution?

5.2 Continuous Random Variables

It is often convenient to think of a random variable as not discrete but rather
continuousin the sense of having awhole (continuous) interval for its set of possible
values. The devices used to describe continuous probability distributions differ from
the tools studied in the last section. So the first tasks here are to introduce the
notion of a probability density function, to show its relationship to the cumulative
probability function for acontinuous random variable, and to show how it isused to
find the mean and variance for a continuous distribution. After this, several standard
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continuous distributions useful in engineering applications of probability theory will
bediscussed. That is, thenormal (or Gaussian) exponential and Weibull distributions
are presented.

Probability Density Functions
and Cumulative Probability Functions

The methods used to specify and describe probability distributions have parallelsin
mechanics. When considering continuous probability distributions, the analogy to
mechani cs becomes especially helpful. In mechanics, the properties of acontinuous
mass distribution are related to the possibly varying density of the mass across its
region of location. Amounts of mass in particular regions are obtained from the
density by integration.

The concept in probability theory corresponding to mass density in mechanics
is probability density. To specify a continuous probability distribution, one needs
to describe “how thick” the probability isin the various parts of the set of possible
values. The formal definitionis

A probability density function for a continuous random variable X is a
nonnegative function f (x) with

/oo fx)dx =1 (5.13)

e e]

and such that for all a < b, oneiswilling to assign P[a < X < b] according
to

b
Pla< X <b]= f f (x) dx (5.14)

A generic probability density function is pictured in Figure 5.6. In keeping with
equations (5.13) and (5.14), the plot of f(x) does not dip below the x axis, the
total areaunder the curvey = f (x) is1, and areas under the curve above particular
intervals give probabilities corresponding to those intervals.

In direct analogy to what isdonein mechanics, if f (x) isindeed the“density of
probability” around x, then the probability in an interval of small length dx around
X is approximately f (x)dx. (In mechanics, if f (x) is massdensity around x, then
themassin aninterval of small length dx around x isapproximately f (x) dx.) Then
to get a probability between a and b, one needs to sum up such f(x) dx values.
f; f (x) dx isexactly thelimitof > f (x) dx valuesasdx getssmall. (In mechanics,

f; f (x) dx isthe mass between a and b.) So the expression (5.14) is reasonable.
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Example 8

f(x)
Shaded area gives
P[2<X<6]

Total area under
thecurveis 1

0 2 6 10 14 18 22 X

Figure 5.6 A generic probability density function

The Random Time Until a First Arc in the Bob Drop Experiment

Consider once again the bob drop experiment first described in Section 1.4 and
revisited in Example 4 in Chapter 4. In any use of the apparatus, the bob isamost
certainly not released exactly “in sync” with the 60 cycle current that produces
the arcs and marks on the paper tape. One could think of arandom variable

Y = thetime elapsed (in seconds) from bob release until the first arc

as continuous with set of possible values (0, e%)-

What isaplausible probability density function for Y? The symmetry of this
situation suggests that probability density should be constant over the interval
(0, 6—10) and O outside the interval. That is, for any two values y; and y, in
(0, 6—10), the probability that Y takes a value within a small interval around y, of
length dy (i.e., f(y,)dy approximately) should be the same as the probability
that Y takes avalue within asmall interval around y, of the same length dy (i.e.,
f (y,) dy approximately). Thisforces f (y,) = f(y,), Sothere must be aconstant
probability density on (0, &).

Now if f(y) isto havetheform

c for0<y<2
f(y) = o®
0 otherwise

for some constant c (i.e., isto be as pictured in Figure 5.7), in light of equation
(5.13), it must be that

00 0 1/60 00 C
1=/ f(y)dy:/ 0dy+/ cdy+/ Ody = —
—00 —00 0 1/60 60

That is, ¢ = 60, and thus,
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f(y)

Total areaunder the
graph of f(y) must be 1

A

]
0 1 y
6

(=}

Figure 5.7 Probability density function
for Y (time elapsed before arc)

60 for0<y< &
f(y) = { % (5.15)

0 otherwise

If the function specified by equation (5.15) is adopted as a probability density for
Y, itisthen (for example) possible to calculate that

1 1/100 0 1/100
PlY < — :/ f(y)dy:/ 0dy+/ 60dy = .6
100 —00 —00 0

One point about continuous probability distributionsthat may at first seem coun-
terintuitive concerns the probability associated with a continuous random variable
assuming aparticular prespecified value (say, a). Just as the mass a continuous mass
distribution places at asingle point is 0, so also is P[ X = a] = 0 for a continuous
random variable X. This follows from equation (5.14), because

P[anga]:/ f(x)dx =0

a

One consequence of this mathematical curiosity is that when working with contin-
uous random variables, you don’t need to worry about whether or not inequality
signs you write are strict inequality signs. That is, if X is continuous,

Pla<sX<bl=Pla<X<bl=Pla<sX<bl=Pla<X<h]

Definition 6 gave a perfectly general definition of the cumulative probability
function for a random variable (which was specialized in Section 5.1 to the case
of adiscrete variable). Here equation (5.14) can be used to express the cumulative



248 Chapter 5 Probability: The Mathematics of Randomness

Cumulative probability
function for a
continuous variable

Another relationship
between F(x) and f(x)

Example 8
(continued)

probability function for a continuous random variable in terms of an integral of its
probability density. That is, for X continuous with probability density f (x),

X

—00

(5.16)

F(x) isobtained from f (x) by integration, and applying the fundamental theorem
of calculus to equation (5.16)

d
5 FoO =100 (5.17)

That is, f(x) isobtained from F (x) by differentiation.

The cumulative probability function for Y, the elapsed time from bob release
until first arc, is easily obtained from equation (5.15). For y < 0,

F(y):P[YSY]:fy f(t)dt:/y 0dt =0

andfor0 <y < &,

y 0 y
F(y)=P[YSY]=/ f(t)dt:/ Odt+/ 60dt = 0+ 60y = 60y
0

—00 —00

andfory > &,

y 0 1/60 y
F(y)=P[Y§y]=/ f(t)dt:/ 0dt+/ 60dt+/ odt =1
0 - 0 1/60

— o0

That is,
0 ify<o0
F(y) =13 60y if0<y=<1/60
1 if 6_10 <y

A plot of F(y) isgiven in Figure 5.8. Comparing Figure 5.8 to Figure 5.7
shows that indeed the graph of F(y) has slope O for y <O and y > % and
slope60for 0 < y < &. Thatis, f(y) isthe derivative of F(y), as promised by
equation (5.17).
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F(y)

I
0 1 y
6

o

Figure 5.8 Cumulative probability
function for Y (time elapsed before arc)

Figure 5.8 is typical of cumulative probability functions for continuous distri-
butions. The graphs of such cumulative probability functions are continuous in the
sense that they are unbroken curves.

Means and Variances for Continuous Distributions

A plot of the probability density f (x) isakind of idealized histogram. It hasthe same
kind of visual interpretations that have already been applied to relative frequency
histograms and probability histograms. Further, it is possible to define a mean and
variance for a continuous probability distribution. These numerical summaries are
used in the same way that means and variances are used to describe data sets and
discrete probability distributions.

The mean or expected value of a continuous random variable X (sometimes
called the mean of its probability distribution) is

EX = /Oo x f(x)dx (5.18)

o0

Asfor discrete random variables, the notation 1 is sometimes used in place of
EX.

Formula (5.18) is perfectly plausible from at least two perspectives. First, the
probability in a small interval around x of length dx is approximately f (x)dx.
So multiplying this by x and summing as in Definition 7, one has > x f (x) dx,
and formula (5.18) is exactly the limit of such sums as dx gets small. And second,
in mechanics the center of mass of a continuous mass distribution is of the form
given in equation (5.18) except for division by atotal mass, which for a probability
distribution is 1.
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Example 8
(continued)

Definition 14

Example 8
(continued)

Thinking of the probability density in Figure 5.7 as an idealized histogram and
thinking of the balance point interpretation of the mean, it is clear that EY had
better turn out to be 1—20 for the elapsed time variable. Happily, equations (5.18)
and (5.15) give

00 0 1/60 00
M:EY:/ yf(y)dy:/ y-Ody+/ y - 60dy + y - 0dy
—00 —00 0 1/60
B 2‘1/60_ 1 e
B o 120

“Continuization” of the formula for the variance of a discrete random variable
produces a definition of the variance of a continuous random variable.

The variance of a continuous random variable X (sometimes called the vari-
ance of its probability distribution) is

Var X = /oo(x — EX)% f (x) dx (: /Oo x2f (x)dx — (EX)2> (5.19)

o0

The standard deviation of X is +/Var X. Often the notation o2 is used in
place of Var X, and o isused in place of +/Var X.

Return for afinal timeto the bob drop and the random variable Y. Using formula
(5.19) and the form of Y’s probability density,

) 0 1 2 1/60 1 2
o =VarY=f_Oo<y—m) -0dy+‘/0 <y—ﬁ)) - 60dy

1 3,1/60
160 120 3

YRR
—3\120

So the standard deviation of Y is

0




5.2.3

Definition 15

Normal distribution
mean and variance

5.2 Continuous Random Variables 251

The Normal Probability Distributions

Just as there are a number of standard discrete distributions commonly applied to
engineering problems, there are also a number of standard continuous probability
distributions. Thistext hasalready alluded to the nor mal or Gaussian distributions
and made use of their propertiesin producing normal plots. Itisnow timetointroduce
them formally.

The normal or Gaussian (i, o) distribution is a continuous probability
distribution with probability density

1
f(x) = —Ze—“—mz/zﬂ2 for all x (5.20)

2no

foro > 0.

It is not necessarily obvious, but formula (5.20) does yield a legitimate proba-
bility density, in that the total area under the curvey = f (x) is 1. Further, itisaso
the case that

EX = /oo X 2 gy n
—  \/270?

and

* 1
Var X = / (X — )2 w20 gy _ 52
—o0 2no?

That is, the parameters i and o' used in Definition 15 are indeed, respectively, the
mean and variance (as defined in Definitions 13 and 14) of the distribution.

Figure 5.9 isagraph of the probability density specified by formula (5.20). The
bell-shaped curve shown there is symmetric about x = 1 and has inflection points
at u — o and u + o. The exact form of formula (5.20) has a number of theoretical
origins. It isaso aform that turns out to be empirically useful in a great variety of
applications.

In theory, probabilities for the normal distributions can be found directly by
integration using formula (5.20). Indeed, readers with pocket calculators that are
preprogrammed to do numerical integration may find it instructive to check some
of the calculations in the examples that follow, by straightforward use of formulas
(5.14) and (5.20). But the freshman calculus methods of evaluating integrals via
antidifferentiation will fail when it comes to the normal densities. They do not have
antiderivativesthat are expressiblein terms of elementary functions. I nstead, specia
normal probability tables are typically used.



252

Chapter 5 Probability: The Mathematics of Randomness

Definition 16

Relation between
normal (., %)
probabilities and
standard normal
probabilities

f(x)

I I I I |
U-20 py—-o U U+0 U+20 X

Figure 5.9 Graph of a normal probability density
function

The use of tables for evaluating normal probabilities depends on the following
relationship. If X isnormally distributed with mean 1 and variance o2,

b (b—w)/o
1 wie 1
Pla< X <b] = / S ety / L 7?24 (521)
a /2ro? (a—wjo 21

where the second inequality follows from the change of variable or substitution
zZ= X;—“ Equation (5.21) involves an integral of the normal density with =0
and o = 1. It saysthat evaluation of all normal probabilities can be reduced to the
evaluation of normal probabilities for that special case.

The normal distribution with 4 = 0and o = liscalled the standard normal
distribution.

The relationship between normal (u, 02) and standard normal probabilities
is illustrated in Figure 5.10. Once one redlizes that probabilities for al normal
distributions can be had by tabulating probabilities for only the standard normal
distribution, itisarelatively simple matter to usetechniques of numerical integration
to produce astandard normal table. The onethat will be used in thistext (other forms
arepossible) isgivenin Table B.3. It isatable of the standard normal cumulative
probability function. That is, for values z located on the table's margins, the entries
in the table body are

z

@@:F@:/ e /2t

—o0 V 27'[

(® isroutinely used to stand for the standard normal cumulative probability function,
instead of the more generic F.)
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Normal
(H, 09 PlasX<bh]
M
| L 1 I I
u-20 u-o a u u+o b p+20 x

Figure 5.10 lllustration of the relationship between normal (i, o?) and
standard normal probabilities

Standard Normal Probabilities

Suppose that Z is a standard normal random variable. We will find some proba-
bilitiesfor Z using Table B.3.
By astraight table look-up,

P[Z < 1.76] = ®(1.76) = .96

(The tabled value is .9608, but in keeping with the earlier promise to state final
probabilitiesto only two decimal places, the tabled value was rounded to get .96.)
After two table look-ups and a subtraction,

P[.57 < Z < 1.32] = P[Z < 1.32] — P[Z < .57]
= ®(1.32) — B(.57)
= .9066 — .7157
= .19

And asingle table look-up and a subtraction yield aright-tail probability like
P[Z> -89 =1—-P[Z<-.89]=1-.1867= .81

As the table was used in these examples, probabilities for values z located
on the table's margins were found in the table’s body. The process can berunin
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Example 9
(continued)

P[.57<Z<132]=.19
P[Z<1.76] = .96

I l l I L1 1 I I B I
-2 -1 0 1 1762 -2 -1 0 571132 2

P[Z> 7 =.025

-1 0 1 2 -2 -1 0 1 2
-89 -z z

Figure 5.11 Standard normal probabilities for Example 9

reverse. Probabilities located in the table’s body can be used to specify values z
on the margins. For example, consider locating a value z such that

Pl[-z<Z <27 =.95

z will then put probability 152 = .025 in the right tail of the standard normal
distribution—i.e., be such that ®(z) = .975. Locating .975 in the table body, one
seesthat z = 1.96.

Figure5.11 illustrates all of the calculations for this example.

Thelast part of Example 9 amounts to finding the .975 quantile for the standard
normal distribution. In fact, the reader is now in a position to understand the origin
of Table 3.10 (see page 89). The standard normal quantiles there were found by
looking in the body of Table B.3 for the relevant probabilities and then locating
corresponding z's on the margins.

In mathematical symbols, for @ (z), the standard normal cumulative probability
function, and Q,(p), the standard normal quantile function,

P(Q(p) =p

5.22
Q,(®(2) =2 &2

Relationships (5.22) mean that Q, and & are inverse functions. (In fact, the rela-
tionship Q = F 1 is not just a standard normal phenomenon but is true in general
for continuous distributions.)

Relationship (5.21) shows how to use the standard normal cumulative probabil-
ity function to find general normal probabilities. For X normal (i, o?) and avalue
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X associated with X, one converts to units of standard deviations above the mean
via

z-value for a value X — w
x of a normal (., %) Z=
random variable

(5.23)

and then consults the standard normal table using z instead of x.

Example 10 Net Weights of Jars of Baby Food

g J. Fisher, in his article “Computer Assisted Net Weight Control” (Quality
Progress, June 1983), discusses the filling of food containers by weight. In
& the article, there is a reasonably bell-shaped histogram of individual net weights
) of jars of strained plums with tapioca. The mean of the values portrayed is about
137.2 g, and the standard deviation is about 1.6 g. The declared (or label) weight
on jars of this product is 135.0 g.

Suppose that it is adequate to model

W = the next strained plums and tapiocafill weight

with anormal distribution with © = 137.2 and o = 1.6. And further suppose the
probability that the next jar filled is below declared weight (i.e., P[W < 135.0])
isof interest. Using formula (5.23), w = 135.0 is converted to units of standard
deviations above 1« (converted to a z-value) as

1350 137.2

=-138
16

Then, using Table B.3,
P[W < 135.0] = ®(—1.38) = .08

Thismodel puts the chance of obtaining a below-nominal fill level at about 8%.

As a second example, consider the probability that W is within 1 gram of
nominal (i.e., P[134.0 < W < 136.0]). Using formula (5.23), both w, = 134.0
and w, = 136.0 are converted to z-values or units of standard deviations above
the mean as

134.0 — 137.2
7= " = 200

136.0 — 137.2
== T __75
2 1.6
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Example 10
(continued)

Normal p=137.2, o = 1.6 density Standard normal density

P[W< 135.0] = .08 P[Z<-1.38] = .08

134 136 138 140 -2
135 137.2 -1.38
Normal p = 137.2, 0 = 1.6 density Standard normal density

P[134.0 < W< 136.0] = .20 P[2.0<Z< —75] = .20

I I I N N N B
134 136 138 140 —2
137.2

0
-75

Figure 5.12  Normal probabilities for Example 10

So then
P[134.0 < W < 136.0] = ®(—.75) — ®(—2.00) = .2266 — .0228 = .20

The preceding two probabilitiesand their standard normal counterparts are shown
in Figure 5.12.

The calculations for this example have consisted of starting with al of the
guantities on the right of formula (5.23) and going from the margin of Table B.3
to its body to find probabilities for W. An important variant on this processisto
instead go from the body of the table to its margins to obtain z, and then—given
only two of the three quantities on the right of formula (5.23)—to solve for the
third.

For example, suppose that it is easy to adjust the aim of the filling process
(i.e., the mean p of W) and one wants to decrease the probability that the next
jar is below the declared weight of 135.0 to .01 by increasing w. What is the
minimum w that will achieve this (assuming that o remainsat 1.6 g)?

Figure 5.13 shows what to do. © must be chosen in such a way that w =
135.0 becomes the .01 quantile of the normal distribution with mean . and
standard deviation o = 1.6. Consulting either Table 3.10 or Table B.3, it is easy
to determine that the .01 quantile of the standard normal distributionis

z=Q,(.01) = —2.33
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Normal density withmean= p, 0 =1.6

P[W< 135.0] = .01

l
135.0 u w

Figure 5.13 Normal distribution and
PIW < 135.0] = .01

Soin light of equation (5.23) one wants

135.0— u
—2.33 =
16
i.e,
> uw=138.7g

Anincrease of about 138.7 — 137.2 = 1.5 ginfill level aimisrequired.

In practical terms, the reduction in P[W < 135.0] is bought at the price
of increasing the average give-away cost associated with filling jars so that on
average they contain much more than the nominal contents. In some applications,
thistype of cost will be prohibitive. There is another approach open to a process
engineer. That is to reduce the variation in fill level through acquiring more
precise filling equipment. In terms of equation (5.23), instead of increasing u
one might consider paying the cost associated with reducing o. The reader is
encouraged to verify that a reduction in o to about .94 g would also produce
P[W < 135.0] = .01 without any changein p.

As Example 10 illustrates, equation (5.23) isthe fundamental relationship used
in problems involving normal distributions. One way or another, three of the four
entries in equation (5.23) are specified, and the fourth must be obtained.

The Exponential Distributions (Optional)

Section 5.1 discusses the fact that the Poisson distributions are often used as models
for the number of occurrences of arelatively rare phenomenon in aspecified interval
of time. The same mathematical theory that suggests the appropriateness of the
Poisson distributionsin that context al so suggests the usefulness of the exponential
distributionsfor describing waiting times until occurrences.
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Definition 17

Mean of the
exponential ()
distribution

Variance of the
exponential («)
distribution

Exponential («)
cumulative probability
function

Theexponential («) distribution isacontinuous probability distribution with
probability density

1
- forx >0
foo=1{ «a (5.24)

0 otherwise

foro > 0.

Figure 5.14 shows plots of f (x) for three different values of «. Expression
(5.24) isextremely convenient, and it isnot at all difficult to show that « is both the
mean and the standard deviation of the exponentia («) distribution. That is,

1
M:EX:/ x—e ¥ dx = o
0 o

and

o 1
o’ = Var X :f (X —a)’=e X dx = o?
0 o

Further, the exponential («) distribution has a simple cumulative probability
function,

- 0 ifx<0 (5.25)
X) = .
1—e X/ if x>0
f(x)
T } |

10 2.0 3.0 4.0 5.0 X

Figure 5.14  Three exponential probability densities
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The Exponential Distribution and Arrivals at a University Library

Recall that Stork, Wohlsdorf, and McArthur found the arrival rate of students at
the ISU library between 12:00 and 12:10 PM. early in the week to be about 12.5
students per minute. That translates to a 715 = .08 min average waiting time
between student arrivals.

Consider observing the ISU library entrance beginning at exactly noon next
Tuesday and define the random variable

T = thewaiting time (in minutes) until the first student passes through the door

A possible model for T isthe exponentia distribution with « = .08. Using it, the
probability of waiting more than 10 seconds (% min) for thefirst arrival is

1 1
P [T > 6} =1-F (6) =1-(1-eV/09%) = 12

Thisresult is pictured in Figure 5.15.

f(©)

Figure 5.15 Exponential probability for
Example 11

The exponential distribution is the continuous analog of the geometric distribu-
tion in several respects. For one thing, both the geometric probability function and
the exponential probability density decline exponentialy in their arguments x. For
another, they both possess a kind of memoryless property. If the first successin a
series of independent identical success-failure trials is known not to have occurred
through trial t,, then the additional number of trials (beyond t,) needed to produce
the first success is a geometric (p) random variable (as was the total number of
trials required from the beginning). Similarly, if an exponential («) waiting timeis
known not to have been completed by time t,, then the additional waiting time to



260

Chapter 5 Probability: The Mathematics of Randomness

5.2.5

Definition 18

Weibull («, B)
probability
density

Weibull (a, B)
mean

Weibull («, B)
variance

completion is exponential (). This memoryless property is related to the force-of-
mortality function of the distribution being constant. Theforce-of-mortality function
for adistribution isaconcept of reliability theory discussed briefly in Appendix A .4.

The Weibull Distributions (Optional )

TheWeibull distributions generalize the exponential distributions and provide much
more flexibility in terms of distributional shape. They are extremely popular with
engineers for describing the strength properties of materials and the life lengths of
manufactured devices. The most natural way to specify these distributionsisthrough
their cumulative probability functions.

The Weibull («, 8) distribution isa continuous probability distribution with
cumul ative probability function

0 ifx<0O
F(X) = (5.26)

1— g’ ifx >0

for parametersae > Oand 8 > 0.

Beginning from formula (5.26), it is possible to determine properties of the
Weibull distributions. Differentiating formula (5.26) produces the Weibull (c, 8)
probability density

0 ifx <0

f(x) = (5.27)
ﬁﬂx’f’*le*(x/”‘)'8 ifx >0
o

Thisin turn can be shown to yield the mean

4 =EX=ql (1+%) (5.28)

and variance

o2 = Var X = a? [r (1+ g) . (r (1+ %))Z] (5.29)
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median
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f(x)
|
5.0 X
|
5.0 X
f(x)
30
i p=4
/—or =5
20
=10
L v
10 K o =40
0 | | | |
1.0 2.0 3.0 4.0 5.0 X

Figure 5.16  Nine Weibull probability densities

where I'(x) = foo"t><*1e*t dt is the gamma function of advanced calculus. (For
integer valuesn, I'(n) = (n — 1)!.) Theseformulasfor f (x), u, and o2 are not par-
ticularly illuminating. Soit isprobably most helpful to simply realizethat 8 controls
the shape of the Weibull distribution and that « controlsthe scale. Figure 5.16 shows
plotsof f(x) for severa («, B) pairs.

Note that 8 = 1 gives the special case of the exponentia distributions. For
small 8, the distributions are decidedly right-skewed, but for 8 larger than about
3.6, they actually become left-skewed. Regarding distribution location, the form of
the distribution mean given in equation (5.28) is not terribly revealing. It is perhaps
more helpful that the median for the Weibull («, 8) distributionis

Q(.5) = e (3P (5.30)
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So, for example, for large shape parameter g the Weibull median is essentidly «.
And formulas (5.28) through (5.30) show that for fixed 8 the Weibull mean, median,
and standard deviation are all proportional to the scale parameter «.

Example 12 The Weibull Distribution and the Strength of a Ceramic Material

Thereport “ Review of Workshop on Design, Analysis and Reliability Prediction
for Ceramics—Part 11" by E. Lenoe (Office of Naval Research Far East Scientific
Bulletin, 1987) suggests that tensile strengths (MPa) of .95 mm rods of HIPped
UBE SN-10 with 2.5% yttriamaterial can be described by a Weibull distribution
with 8 = 8.8 and median 428 MPa. Let

S = measured tensile strength of an additional rod (MPa)

Under the assumption that S can be modeled using a Weibull distribution with

the suggested characteristics, supposethat P[S < 400] isneeded. Using equation
(5.30),

428 — aef(.3665/8.8)
Thus, the Weibull scale parameter is
o = 446
Then, using equation (5.26),
P[S < 400] = 1 — e~ “00/446°° _ 37

Figure 5.17 illustrates this probability calculation.

s)
Weibull density
B =88, a =446

P[S<400] =.32

I
300 400 500 s

Figure 5.17 Weibull density and P[S < 400]




Section 2 Exercises

1. The random number generator supplied on a cal-

culator is not terribly well chosen, in that values
it generates are not adequately described by a dis-
tribution uniform on the interval (0, 1). Suppose
instead that a probability density

k(5 — x) forO<x<1

f(x) =
otherwise

isamore appropriate model for X = the next value

produced by this random number generator.

(8 Find the value of k.

(b) Sketch the probability density involved here.

(c) Evauate P[.25 < X < .75].

(d) Compute and graph the cumulative probability
function for X, F(x).

(e) Calculate EX and the standard deviation of X.

. Suppose that Z is a standard normal random vari-

able. Evaluate the following probabilities involv-

ing Z:

@ P[Z < —-.62] (b) P[Z > 1.06]

() P[-.37 < Z < .B1] (d) P[|Z]| < .47]

(e P[IZ] > .93] (f) P[-3.0< Z <3.0]

Now find numbers # such that the following state-

ments involving Z are true:

(9) P[Z <#]=.90 (h) P[1Z] <# =.90

() P[1Z] > #] = .03

. Suppose that X is a normal random variable with

mean 43.0 and standard deviation 3.6. Evaluate the

following probabilities involving X:

(@ P[X <45.2] (b) P[X <417]

(c) P[43.8 < X <47.0] (d) P[|X —43.0] <20]

(e) P[IX—43.0/>17]

Now find numbers # such that the following state-

ments involving X aretrue:

f) P[IX <# =.95 (9) P[X>=#=.30

(h) P[IX —43.0] > # = .05

. The diameters of bearing journals ground on a

particular grinder can be described asnormally dis-

tributed with mean 2.0005 in. and standard devia-

tion .0004 in.

(a) If engineering specifications on these diame-
ters are 2.0000 in. & .0005 in., what fraction
of these journals are in specifications?
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(b) What adjustment to the grinding process (hold-
ing the process standard deviation constant)
would increase the fraction of journal diam-
eters that will be in specifications? What ap-
pears to be the best possible fraction of jour-
nal diametersinside = .0005 in. specifications,
given the o = .0004 in. apparent precision of
the grinder?

(c) Suppose consideration was being given to pur-
chasing amore expensive/newer grinder, capa
ble of holding tighter tolerances on the parts it
produces. What o would have to be associated
with the new machinein order to guaranteethat
(when perfectly adjusted so that « = 2.0000)
the grinder would produce diameters with at
least 95% meeting 2.0000in. &= .0005in. spec-
ifications?

. The mileageto first failure for amodel of military

personnel carrier can be modeled as exponential

with mean 1,000 miles.

() Evauate the probability that a vehicle of this
type gives less than 500 miles of service be-
fore first failure. Evaluate the probability that
it gives at least 2,000 miles of service before
first failure.

(b) Find the .05 quantile of the distribution of
mileage to first failure. Then find the .90 quan-
tile of the distribution.

. Some data analysis shows that lifetimes, x (in 10°

revolutions before failure), of certain ball bearings

can be modeled as Weibull with 8 = 2.3 and o =

80.

(@) Make a plot of the Weibull density (5.27)
for this situation. (Plot for x between 0 and
200. Standard statistical software packageslike
MINITAB will haveroutinesfor evaluatingthis
density. In MINITAB look under the “Calc/
Probability Distributions/Weibull” menu.)

(b) What is the median bearing life?

(c) Findthe .05 and .95 quantiles of bearing life.
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5.3 Probability Plotting (Optional)

Calculated probabilities are only as relevant in a given application as are the distri-
butions used to produce them. It is thus important to have data-based methods to
assess the relevance of a given continuous distribution to a given application. The
basic logic for making such tools was introduced in Section 3.2. Suppose you have
dataconsisting of n realizations of arandom variable X, say X, < x, < --- < X, and
want to know whether a probability density with the same shape as f (x) might ade-
quately describe X. To investigate, it is possible to make and interpret a probability
plot consisting of n ordered pairs

Ordered pairs i —.5
making a X, Q n
probability plot

where x; is the ith smallest data value (the ('=2) quantile of the data set) and
Q (=2) isthe (*=2) quantile of the probability distribution specified by f (x).

This section will further discuss the importance of this method. First, some
additional points about probability plotting are made in the familiar context where
f (x) is the standard normal density (i.e., in the context of normal plotting). Then
the general applicability of theideaisillustrated by using it in assessing the appro-
priateness of exponential and Weibull models. In the course of the discussion, the
importance of probability plotting to process capability studiesand life dataanalysis
will be indicated.

5.3.1 More on Normal Probability Plots

Definition 15 gives the form of the normal or Gaussian probability density with
mean p and variance o. The discussion that follows the definition shows that all
normal distributions have the same essential shape. Thus, a theoretical Q-Q plot
using standard normal quantiles can be used to judge whether or not there is any
normal probability distribution that seems a sensible model.

Example 13 Weights of Circulating U.S. Nickels

e Ash, Davison, and Miyagawa studied characteristics of U.S. nickels. They ob-
@ tained the weights of 100 nickels to the nearest .01 g. They found those to have
i

amean of 5.002 g and a standard deviation of .055 g. Consider the weight of an-
other nickel taken from apocket, say, U. Itissensibleto think that EU ~ 5.002 g
and +/VarU ~ .055 g. Further, it would be extremely convenient if anormal dis-
tribution could be used to describe U. Then, for example, normal distribution
calculationswith u = 5.002 g and o = .055 g could be used to assess

P[U > 5.05] = P[the nickel weighs over 5.05 g]
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A way of determining whether or not the students’ data support the use of
anorma model for U isto make a normal probability plot. Table 5.6 presents
the data collected by Ash, Davison, and Miyagawa. Table 5.7 shows some of the
calculations used to produce the normal probability plot in Figure 5.18.

Table 5.6
Weights of 100 U.S. Nickels

Weight (g) Frequency Weight (g)  Frequency

4.81 1 5.00 12
4.86 1 5.01 10
4.88 1 5.02 7
4.89 1 5.03 7
491 2 5.04 5
4.92 2 5.05 4
493 3 5.06 4
494 2 5.07 3
4,95 6 5.08 2
4.96 4 5.09 3
497 5 5.10 2
4,98 4 511 1
4,99 7 5.13 1
Table 5.7

Example Calculations for a Normal Plot of
Nickel Weights

() ol

1 .005 481 —2.576
2 .015 4.86 —2.170
3 .025 4.88 —1.960
4 .035 4.89 —-1.812
5 .045 491 —1.695
6 .055 491 —1.598
7 .065 4.92 —-1.514
98 975 5.10 1.960
99 .985 511 2.170

100 .995 513 2.576
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Example 13
(continued)

Q@
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4.80 4.86 492 4,98 5.04 5.10

Nickel weight quantile (g)

Figure 5.18 Normal plot of nickel weights

At least up to the resolution provided by the graphicsin Figure 5.18, the plot
is pretty linear for weights above, say, 4.90 g. However, there is some indication
that the shape of the lower end of the weight distribution differs from that of a
normal distribution. Real nickels seem to be more likely to be light than anormal
model would predict. Interestingly enough, the four nickels with weights under
4.90 g were al minted in 1970 or before (these datawere collected in 1988). This
suggests the possihility that the shape of the lower end of the weight distribution
is related to wear patterns and unusual damage (particularly the extreme lower
tail represented by the single 1964 coin with weight 4.81 g).

But whatever the origin of the shapein Figure 5.18, its message is clear. For
most practical purposes, a normal model for the random variable

U = theweight of anickel taken from a pocket

will suffice. Bear in mind, though, that such a distribution will tend to dlightly
overstate probabilities associated with larger weights and understate probabilities
associated with smaller weights.

Much was made in Section 3.2 of the fact that linearity on a Q-Q plot indicates
equality of distribution shape. But to this point, no use has been made of the fact
that when thereis near-linearity on a Q-Q plot, the nature of the linear relationship
givesinformation regarding the relative location and spread of the two distributions
involved. This can sometimes provide a way to choose sensible parameters of a
theoretical distribution for describing the data set.

For example, anormal probability plot can be used not only to determinewhether
some normal distribution might describe a random variable but also to graphically
pick out which one might be used. For aroughly linear normal plot,
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and standard
deviation from
a normal plot

Example 14
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1. thehorizontal coordinate corresponding to avertical coordinate of O provides
amean for anormal distribution fit to the data set, and

2. the reciprocal of the slope provides a standard deviation (this is the differ-
ence between the horizontal coordinates of points with vertical coordinates
differing by 1).

Normal Plotting and Thread Lengths of U-bolts

Table 5.8 gives thread lengths produced in the manufacture of some U-bolts for
the auto industry. The measurements are in units of .001 in. over nominal. The
particular bolts that gave the measurements in Table 5.8 were sampled from a
single machine over a 20-minute period.

Figure 5.19 gives a normal plot of the data. It indicates that (allowing for
the fact that the relatively crude measurement scale employed is responsible for
the discrete/rough appearance of the plot) a normal distribution might well have
been a sensible probability model for the random variable

L = the actual thread length of an additional U-bolt
manufactured in the same time period

The line eye-fit to the plot further suggests appropriate values for the mean and
standard deviation: n ~ 10.8 and o ~ 2.1. (Direct calculation with the datain
Table 5.8 gives a sample mean and standard deviation of, respectively, | ~ 10.9
ands~ 1.9)

Table 5.8
Measured Thread Lengths for 25 U-Bolts

Thread Length
(.001in. over Nominal)  Taly  Frequency

6 \ 1
7

8 1
9

10 ]
11 Rl 10
12

13 W
14 \

A O WO

= o O
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Example 14
(continued)

60 as a process
capability

Example 14
(continued)

30

20+

LOf--mmmmmmmm oo 2

Intercept = 10.8 \ :

Standard normal quantile
o

Difference= 2.1

Line eye-fit to plot

Y I I Y Y Y N N N B
6 7 8 9 10 11 12 13 14 15 16

Thread length (.001 in. above nominal)

Figure 5.19 Normal plot of thread lengths and eye-fit line

In manufacturing contexts like the previous example, it is common to use the
fact that an approximate standard deviation can easily be read from the (reciprocal)
slope of anormal plot to obtain agraphical tool for assessing process potential. That
is, the primary limitation on the performance of an industrial machine or process
is typicaly the basic precision or short-term variation associated with it. Suppose
a dimension of the output of such a process or machine over a short period is
approximately normally distributed with standard deviation o. Then, since for any
normal random variable X with mean u and standard deviation o,

Plu—30c < X <u+30] >.99

it makes some senseto use 60 (= (u + 30) — (u — 30)) asameasure of process
capability. And it is easy to read such a capability figure off a normal plot. Many
companies use specialy prepared process capability analysis forms (which are in
essence pieces of normal probability paper) for this purpose.

Figure 5.20 isaplot of the thread length data from Table 5.8, made on acommon
capability analysis sheet. Using the plot, it is very easy, even for someone with
limited quantitative background (and perhaps even lacking a basic understanding
of the concept of a standard deviation), to arrive at the figure

Process capability ~ 16 — 5 = 11(.001in.)
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CAPABILITY ANALYSIS SHEET xﬂ/z . Our.
R-419-157 7/ N“‘l\ﬁ‘:hlll‘t(sglf!;l}llnes
Part/Dept./Supplier Date (0.003%)
+40
Part Identity Spec.
Operation Indentity (gfgg)%
Person Performing Study ?ffg‘)‘%
Char. Measured  THread L@I’Ig'f}h unitof Measure 001" over Nominal (0.135%)
% of 99.8 0.2 o
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99.5 05
99 1
(2.3%)
%8 +20
95 5
0 10
(15.9%)
+0
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(15.9%)
10 90
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20
2 B 23
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05 99.5
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asshown =29 |y| ¥ ¥| Y| ¥[ ¥ ¥1 ¥ ¥ ¥1 ¥ ¥ ¥ ¥[ ¥| ¥] ¥ ¥] ¥ o
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Figure 5.20 Thread length data plotted on a capability analysis form (used with permission of
Reynolds Metals Company)
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5.3.2

Example 15

Probability Plots for Exponential and Weibull Distributions

Toillustrate the application of probability plotting to distributionsthat are not normal
(Gaussian), the balance of this section considers its use with first exponential and
then general Weibull models.

Service Times at a Residence Hall Depot Counter
and Exponential Probability Plotting

Jenkins, Milbrath, and Worth studied service times at a residence hall “depot”
counter. Figure5.21 givesthetimes (in seconds) required to complete 65 different
postage stamp sales at the counter.

The shape of the stem-and-leaf diagram is reminiscent of the shape of the
exponential probability densities shown in Figure 5.14. So if one defines the
random variable

T = the next time required to complete a postage stamp sale
at the depot counter

an exponential distribution might somehow be used to describe T.

0

0[8 8 8 99
1100000222233 4444143 14
1156 77778899
2|01 222234
2/6 789 99
3(]0 22 2 4 4
3([6 6 77

412 3

456 7 8 8

5

5

6

6

710

7

8

8|7

Figure 5.21 Stem-and-leaf plot of service times
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The exponential distributions introduced in Definition 17 all have the same
essential shape. Thus the exponentia distribution with « = 1 is a convenient
representative of that shape. A plot of o = 1 exponential quantiles versus cor-
responding service time quantiles will give a tool for comparing the empirical
shape to the theoretical exponential shape.

For an exponentia distribution with mean« = 1,

Fx)=1—¢e* forx >0
Sofor0 < p < 1, setting F (x) = p and solving,
X=—In(l-p)

P Thatis, —In(1 — p) = Q(p), the p quantile of this distribution. Thus, for data
X; < X, < -+ < X, anexponential probability plot can be made by plotting the

ordered pairs
(xi, —In(l— %)) (5.31)

Figure 5.22 is a plot of the pointsin display (5.31) for the service time data. It
shows remarkable linearity. Except for the fact that the third- and fourth-largest
service times (both 48 seconds) appear to be somewhat smaller than might be
predicted based on the shape of the exponential distribution, theempirical service
time distribution corresponds quite closely to the exponentia distribution shape.

N w E ol
I I I I
.

Exponential quantile

[y

0 I I I I I I I I I
0 /10 20\30 40 50 60 70 80 90
About 7.5  About 24

Data quantile

Figure 5.22  Exponential probability plot and eye-fit
line for the service times
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Example 15
(continued)

As was the case in normal-plotting, the character of the linearity in Figure
5.22 dso carries some valuable information that can be applied to the modeling
of the random variable T. The positioning of the line sketched onto the plot
indicates the appropriate location of an exponentially shaped distribution for T,
and the slope of the line indicates the appropriate spread for that distribution.

As introduced in Definition 17, the exponential distributions have positive
density f(x) for positive x. One might term O a threshold value for the dis-
tributions defined there. In Figure 5.22 the threshold value (0 = Q(0)) for the
exponential distribution with « = 1 corresponds to a service time of roughly 7.5
seconds. This means that to model a variable related to T with a distribution
exactly of the form given in Definition 17, itis

S=T-75

that should be considered.
Further, a change of one unit on the vertical scale in the plot corresponds to
achange on the horizontal scale of roughly

24 —-75=165sec

That is, an exponential model for S ought to have an associated spread that is
16.5 times that of the exponential distribution with o = 1.

So ultimately, thedatain Figure 5.21 lead viaexponential probability plotting
to the suggestion that

S=T-75

= the excess of the next time required to compl ete a postage stamp sale
over athreshold value of 7.5 seconds

be described with the density

ie*(s/ 185 fors>0
f(s)={ 165 (5.32)

0 otherwise

Probabilities involving T can be computed by first expressing them in terms of
S and then using expression (5.32). If for some reason a density for T itself is
desired, simply shift the density in equation (5.32) to theright 7.5 units to obtain
the density

f %5 e (-75/165  fort - 75
0= '

0 otherwise

Figure 5.23 shows probability densities for both Sand T.
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Figure 5.23  Probability densities for both Sand T

To summarize the preceding example: Because of the relatively simple form of
the exponential « = 1 cumulative probability function, it is easy to find quantiles
for this distribution. When these are plotted against corresponding quantiles of a
data set, an exponential probability plot is obtained. On this plot, linearity indicates
exponential shape, the horizontal intercept of alinear plot indicates an appropriate
threshold value, and the reciproca of the slope indicates an appropriate value for
the exponential parameter .

Much the same story can be told for the Weibull distributions for any fixed g.
That is, using the form (5.26) of the Weibull cumulative probability function, it is
straightforward to argue that for datax; < x, < --- < x,, aplot of the ordered pairs

e e

is atool for investigating whether a variable might be described using a Weibull-
shaped distribution for theparticular 8 in question. Onsuchaplot, linearity indicates
Weibull shape 8, the horizontal intercept indicates an appropriate threshold value,
and the reciprocal of the slope indicates an appropriate value for the parameter «.

Although the kind of plot indicated by display (5.33) is easy to make and
interpret, it is not the most common form of probability plotting associated with
the Weibull distributions. In order to plot the points in display (5.33), a value of
B isinput (and a threshold and scale parameter are read off the graph). In most
engineering applications of the Weibull distributions, what is needed (instead of a
method that inputs 8 and can be used to identify athreshold and «) is a method that
tacitly inputs the 0 threshold implicit in Definition 18 and can be used to identify
«a and 8. Thisis particularly true in applications to reliability, where the useful life
or time to failure of some device is the variable of interest. It is similarly true in
applications to material science, whereintrinsically positive material propertieslike
yield strength are under study.
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Points to plot for
a 0-threshold
Weibull plot

Reading « and B
from a O-threshold
Weibull plot

Example 16

%

It is possible to devel op a probability plotting method that allows identification
of valuesfor both « and 8 in Definition 18. Thetrick isto work on alog scale. That
is, if X isarandom variable with the Weibull («, 8) distribution, then for x > 0,

F(x)=1—e ™’
so that with Y = In(X)

P[Y <y] = P[X < ¢]
—1_eg@nf
Sofor0 < p < 1, setting p = P[Y < y] gives
p=1—e @’

After some algebrathisimplies

BY — BIn(e) = In(=In(1— p)) (5:34)
Now vy is (by design) the p quantile of the distribution of Y = In(X). So equation
(5.34) saysthat In(— In(1 — p)) isalinear function of In(X)’squantilefunction. The
slope of that relationshipis 8. Further, equation (5.34) shows that when In(— In(1 —
p)) = 0, the quantile function of In(X) has the value In(«). So exponentiation of

the horizontal intercept gives «. Thus, for data x; < X, <--- <X, oneisled to
consider aplot of ordered pairs

(rn(n(-55) e

If datain hand are consistent with a(0-threshold) Weibull («, ) model, areasonably
linear plot with

1. dope B and
2. horizontal axisintercept equal to In(«)

may be expected.

Electrical Insulation Failure Voltages and Weibull Plotting

The data given in the stem-and-leaf plot of Figure 5.24 are failure voltages (in
kv/mm) for atype of electrical cable insulation subjected to increasing voltage
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9.4

5.3

92,94
13,20,32,32,49
55,71,72,75,9.2
10,24,38,4.3
73,77

o o O o~ M W W

Figure 5.24  Stem-and-leaf plot of
insulation failure voltages

stress. They were taken from Satistical Models and Methods for Lifetime Data
by J. F. Lawless.
Consider the Weibull modeling of

R = the voltage at which one additional specimen
of thisinsulation will fail

Table 5.9 shows some of the calculations needed to use display (5.35) to produce
Figure 5.25. The near-linearity of the plot in Figure 5.25 suggests that a (O-
threshold) Weibull distribution might indeed be used to describe R. A Weibull
shape parameter of roughly

1D g6

B ~ dlope of thefitted line ~ 419_367

isindicated. Further, a scale parameter o with
In(e) =~ horizontal intercept ~ 4.08
and thus
o ~ 59

appears appropriate.
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Example 16
(continued)

Table 5.9
Example Calculations for a 0-Threshold Weibull Plot of Failure Voltages

X; = ith Smallest Voltage In(x;,) p=(i —.5/20 In(—In(1- p))

1 394 3.67 .025 —3.68

2 45.3 381 .075 —2.55

3 49.2 3.90 125 —2.01

4 49.4 3.90 75 —-1.65

19 67.3 4.21 .925 .95

20 67.7 4.22 975 131
20

Line eye-fit to plot

] el
/About 3.67

________ P

About 4.08

In(Hn(1-p))
I
5
T

35 4.0 45
In (failure voltage)

Figure 5.25 0-threshold Weibull plot for insulation
failure voltages

Plotting form (5.35) isquite popular in reliability and materialsapplications. Itis
common to see such Weibull plots made on special Weibull paper (see Figure5.26).
This is graph paper whose scales are constructed so that instead of using plotting
positions (5.35) on regular graph paper, one can use plotting positions

59
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Qoo Shape parameter (3) Weibull Probability Paper
’/r, // / 2

.99

95
Q1 .

® .30

.20

.10

.05

.03

.02

.01

1 2 3 45 10 20 30 4050 100 200 300400500 1,000 10,000

Figure 5.26  Weibull probability paper

for data x; < x, <--- < x.. (The determination of g is even facilitated through
the inclusion of the protractor in the upper left corner.) Further, standard statistical
packages often have built-in facilities for Weibull plotting of this type.

It should be emphasized that the idea of probability plotting is a quite general
one. Its use has been illustrated here only with normal, exponential, and Weibull
distributions. But remember that for any probability density f (x), theoretical Q-Q
plotting provides atool for ng whether the distributional shape portrayed by
f (x) might be used in the modeling of arandom variable.

SO ON B EX O iSO . oo

1. What isthe practical usefulness of thetechniqueof 2. Explain how an approximate mean . and standard
probability plotting? deviation o canberead off aplot of standard normal
quantiles versus data quantiles.
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3. Exercise 3 of Section 3.2 refers to the chemical

processyield dataof J. S. Hunter given in Exercise
1 of Section 3.1. There you were asked to make a
normal plot of those data.
(a) If youhavenot already done so, use acomputer
package to make a version of the normal plot.
(b) Use your plot to derive an approximate mean
and a standard deviation for the chemical pro-
cessyields.
. Thearticle " Statistical Investigation of the Fatigue
Life of Deep Groove Ball Bearings’ by J. Leiblein
and M. Zelen (Journal of Research of the National
Bureau of Sandards, 1956) containsthe data given
below onthelifetimesof 23 ball bearings. Theunits
are 10° revolutions before failure.

17.88, 28.92, 33.00, 41.52, 42.12, 45.60,
48.40, 51.84, 51.96, 54.12, 55.56, 67.80,
68.64, 68.64, 68.88, 84.12, 93.12, 98.64,
105.12, 105.84, 127.92, 128.04, 173.40

(8 Useanormal plot to assess how well anormal
distribution fits these data. Then determine if
bearing load life can be better represented by
anormal distribution if life is expressed on the
log scale. (Takethe natural logarithms of these
data and make a normal plot.) What mean and
standard deviation would you use in a normal
description of log load life? For these parame-
ters, what are the .05 quantiles of In(life) and
of life?

Chapter 5 Probability: The Mathematics of Randomness

(b) Use the method of display (5.35) and investi-
gate whether the Weibull distribution might be
used to describe bearing load life. If a Weibull
descriptionissensible, read appropriate param-
eter values from the plot. Then use the form
of the Weibull cumulative probability function
given in Section 5.2 to find the .05 quantile of
the bearing load life distribution.

5. Thedataherearefromthearticle“Fiducia Bounds

on Reliability for the Two-Parameter Negative Ex-
ponential Distribution,” by F. Grubbs (Technomet-
rics, 1971). They are the mileages at first failure
for 19 military personnel carriers.

162, 200, 271, 320, 393, 508, 539, 629,
706, 777, 884, 1008, 1101, 1182, 1462,
1603, 1984, 2355, 2880

(&) Make a histogram of these data. How would
you describe its shape?

(b) Plot points (5.31) and make an exponential
probability plot for these data. Does it appear
that the exponential distribution can be used
to model the mileage to failure of this kind of
vehicle? In Example 15, a threshold service
time of 7.5 seconds was suggested by asimilar
exponential probability plot. Does the present
plot give a strong indication of the need for a
threshold mileage larger than O if an exponen-
tial distribution isto be used here?

5.4 Joint Distributions and Independence

Most applications of probability to engineering statisticsinvolve not one but severa
random variables. In some cases, the application is intrinsically multivariate. It
then makes sense to think of more than one process variable as subject to random
influences and to eval uate probabilities associated with them in combination. Take,
for example, the assembly of aring bearing with nominal inside diameter 1.00 in.
on arod with nominal diameter .99 in. If

X = thering bearing inside diameter
Y = therod diameter
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Example 17
(Example 1 revisited)
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one might beinterested in
P[X < Y] = P[thereisan interference in assembly]

which involves both variables.

But even when asituationisunivariate, sampleslarger than size 1 are essentially
always used in engineering applications. The n data values in a sample are usualy
thought of as subject to chance causes and their simultaneous behavior must then
be modeled. The methods of Sections 5.1 and 5.2 are capable of dealing with only
asingle random variable at atime. They must be generalized to create methods for
describing severa random variables simultaneously.

Entire books are written on various aspects of the simultaneous modeling of
many random variables. This section can give only abrief introduction to the topic.
Considering first the comparatively simple case of jointly discrete random variables,
the topics of joint and marginal probability functions, conditional distributions,
and independence are discussed primarily through reference to simple bivariate
examples. Then the analogous concepts of joint and marginal probability density
functions, conditional distributions, andindependencefor jointly continuousrandom
variables are introduced. Again, the discussion is carried out primarily through
reference to a bivariate example.

Describing Jointly Discrete Random Variables

For several discrete variables the device typically used to specify probabilitiesis a
joint probability function. The two-variable version of thisis defined next.

A joint probability function for discrete random variables X and Y is a
nonnegative function f (X, y), giving the probability that (simultaneously) X
takesthevalue x and Y takesthevalue y. That is,

f(X,y)=P[X=xand¥ =]

The Joint Probability Distribution of Two Bolt Torques

Return again to the situation of Brenny, Christensen, and Schneider and the
measuring of bolt torques on the face plates of a heavy equipment component to
the nearest integer. With

X = the next torque recorded for bolt 3

Y = the next torque recorded for bolt 4
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Example 17
(continued)

Properties of a
joint probability
function for X and Y

Example 17
(continued)

the data displayed in Table 3.4 (see page 74) and Figure 3.9 suggest, for exam-
ple, that a sensible value for P[X = 18 and Y = 18] might be 3—14, the relative
frequency of this pair in the data set. Similarly, the assignments

2
P[X=18andY = 17] =

P[X=14andY =9] =0

also correspond to observed relative frequencies.

If one is willing to accept the whole set of relative frequencies defined by
the students’ data as defining probabilities for X and Y, these can be collected
conveniently in atwo-dimensional table specifying a joint probability function
for X and Y. Thisisillustrated in Table 5.10. (To avoid clutter, O entries in the
table have been left blank.)

Table 5.10
f(x, y) for the Bolt Torque Problem

y\ x 11 12 13 14 15 16 17 18 19 20

20 2/34 2/34 1/34
19 2/34

18 1/34 1/34 1/34 1/34 1/34

17 2/34 1/34 1/34 2/34

16 1/34 2/34 2/34 2/34

15 1/34 1/34 3/34

14 1/34 2/34

13 1/34

The probability function given in tabular form in Table 5.10 has two properties
that are necessary for mathematical consistency. These are that the f (x, y) values
are each in the interval [0, 1] and that they total to 1. By summing up just some
of the f(x, y) values, probabilities associated with X and Y being configured in
patterns of interest are obtained.

Consider using the joint distribution given in Table 5.10 to evaluate
P[X>Y],
PIX-Yl=1],
and P[X = 17]

Takefirst P[ X > Y], the probability that the measured bolt 3torqueisat least
as big as the measured bolt 4 torque. Figure 5.27 indicates with asterisks which
possible combinations of x and y lead to bolt 3 torque at least as large as the
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bolt 4 torque. Referring to Table 5.10 and adding up those entries corresponding
to the cells that contain asterisks,
P[X > Y] = f(15,13) + f(15,14) + f(15,15) + f (16, 16)
+ f(17,17) + (18, 14) + (18, 17) + f (18, 18)
+ (19, 16) + f (19, 18) + f (20, 20)
1 1 3 2 1 17

“mTmtuTut Ty

Similar reasoning allowsevaluation of P[| X — Y| < 1]—the probability that
the bolt 3 and 4 torques are within 1 ft Ib of each other. Figure 5.28 shows
combinations of x and y with an absolute difference of 0 or 1. Then, adding
probabilities corresponding to these combinations,

PIIX —=Y]| <1] = f(15, 14) + f (15, 15) + f (15, 16) + f (16, 16)

+f(16,17) + f(17,17) + f(17,18) + f(18,17)

1
+1(18, 18) + (19, 18) + (19, 20) + (20, 20) = 3—2

X111 12 13 14,15 16,17,18 19,20
20 *
19 * [ %
18 * [ % | *
17 * | % |* | *
16 * [k | % [ % | %
15 * [k |k [*|* %
14 * |k |k | K% [*|* %
13 * |k |k [k [*[* % |*

Figure 5.27 Combinations of bolt 3
and bolt 4 torques with x > y

X|11,12,13,14,15 16,17 18 19 20
20 * | %
19 * | % [ *
18 * | % |*
17 * | % | %

16 * | % [ *

15 * |* | *

14 * | % | *
13 * | % | %

Figure 5.28 Combinations of bolt 3
and bolt 4 torques with [x — y| < 1
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Example 17
(continued)

Finding marginal
probability functions
using a bivariate
joint probability
function

Definition 20

Example 17
(continued)

Finaly, P[X = 17], the probahility that the measured bolt 3torqueis 17 ft b,
is obtained by adding down the x = 17 column in Table 5.10. That is,

P[X =17] = f(17,17) + f(17,18) + f(17,19)

1+1+2
34 34

In bivariate problems like the present one, one can add down columnsin atwo-
way tablegiving f (X, y) to get valuesfor the probability function of X, f, (x). And
one can add across rows in the same table to get values for the probability function
of Y, f,(y). One can then write these sums in the margins of the two-way table.
So it should not be surprising that probability distributions for individual random
variables obtained from their joint distribution are called marginal distributions.
A forma statement of this terminology in the case of two discrete variables is
next.

The individual probability functions for discrete random variables X and
Y with joint probability function f(x,y) are caled marginal probability
functions. They are obtained by summing f (x, y) values over al possible
values of the other variable. In symbols, the marginal probability function for
Xis

f 00 =" f(x.y)
y

and the marginal probability function for Y is

fu =) fxy)

Table 5.11 is a copy of Table 5.10, augmented by the addition of marginal
probabilities for X and Y. Separating off the margins from the two-way table
produces tables of marginal probabilities in the familiar format of Section 5.1.
For example, the marginal probability function of Y is given separately in Table
5.12.
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Joint and Marginal Probabilities for X and Y

y \ x 11 12 13 14 15 16 17 18 19 20 f.(y)
20 2/34 2/34 1/34 5/34
19 2/34 2/34
18 1/34 1/34 1/34 1/34 1/34 5/34
17 2/34 1/34 1/34 2/34 6/34
16 1/34 2/34 2/34 2/34 7/34
15 1/34 1/34 3/34 5/34
14 1/34 2/34 3/34
13 1/34 1/34
o (X) 1/34 1/34 1/34 2/34 9/34 3/34 4/34 7/34 5/34 1/34

5.4.2

Table 5.12
Marginal
Probability
Function for Y
y K
13 1/34
14 3/34
15 5/34
16 7/34
17 6/34
18 5/34
19 2/34
20 5/34

Getting marginal probability functions from joint probability functions raises
the natural question whether the process can bereversed. That is, if f, (x) and f, (y)
are known, isthere then exactly one choicefor f (x, y)? The answer to thisquestion
is “No.” Figure 5.29 shows two quite different bivariate joint distributions that
nonethel ess possessthe samemarginal distributions. The marked difference between
the distributions in Figure 5.29 has to do with the joint, rather than individual,
behavior of X and Y.

Conditional Distributions and Independence
for Discrete Random Variables

When working with severa random variables, it is often useful to think about what
is expected of one of the variables, given the values assumed by all others. For
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Definition 21

Distribution 1 Distribution 2
y1 2 3 yXl1 2 3
3/4/0/|0)| 4 3/.16|.16 (.08 | 4
2,0 4|0|.4 2/.16|.16|.08 | .4
1100 |.2|.2 1/.08/.08|.04|.2
4 4 2 4 4 2

Figure 5.29 Two different joint distributions with the same
marginal distributions

example, in the bolt (X) torque situation, a technician who has just loosened bolt
3 and measured the torque as 15 ft |b ought to have expectations for bolt 4 torque
(Y) somewhat different from those described by the marginal distribution in Table
5.12. After all, returning to the datain Table 3.4 that led to Table 5.10, the relative
frequency distribution of bolt 4 torques for those components with bolt 3 torque
of 15 ft Ib isasin Table 5.13. Somehow, knowing that X = 15 ought to make a
probability distribution for Y like the relative frequency distribution in Table 5.13
more relevant than the marginal distribution givenin Table 5.12.

Table 5.13
Relative Frequency Distribution for Bolt 4
Torques When Bolt 3 Torque Is 15 ft Ib

y, Torque (ft Ib)  Relative Frequency

13 1/9
14 1/9
15 3/9
16 2/9
17 2/9

The theory of probability makes allowance for this notion of “distribution of
one variable knowing the values of others’ through the concept of conditional
distributions. The two-variable version of thisis defined next.

For discrete random variables X and Y with joint probability function f (x, y),
the conditional probability function of X given Y =y isthe function of x

f(x,
ey X 1Y) = oY)

Yo fxy)



The conditional
probability function
for X givenY =y

The conditional
probability function
for Y given X = x

Finding conditional
distributions from
a joint probability

function

Example 17
(continued)
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The conditional probability function of Y given X = x is the function
of y

(Y 1) = %
y
Comparing Definitions 20 and 21
fv X | Y) = ff(YX(’y? (536)
and
fyx (Y %) = ff(xx(’x? (5.37)

And formulas (5.36) and (5.37) are perfectly sensible. Equation (5.36) says
that starting from f (X, y) given in a two-way table and looking only at the row
specified by Y =y, the appropriate (conditional) distribution for X is given by
the probabilities in that row (the f(x, y) values) divided by their sum (f, (y) =
> F(X,y)), sothat they are renormalized to total to 1. Similarly, equation (5.37)
saysthat looking only at the column specified by X = x, the appropriate conditional
distribution for Y is given by the probabilities in that column divided by their sum.

Toillustrate the use of equations (5.36) and (5.37), consider several of the condi-

tional distributions associated with the joint distribution for the bolt 3 and bolt 4

torques, beginning with the conditional distribution for Y given that X = 15.
From equation (5.37),

f(15,y)

fy‘x(y | 15) = fx(15)

Referring to Table 5.11, the marginal probability associated with X = 15 is 3%.
So dividing values in the X = 15 column of that table by 3, leads to the
conditional distribution for Y given in Table 5.14. Comparing thisto Table 5.13,
indeed formula (5.37) produces a conditional distribution that agrees with
intuition.
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Example 17 Table 5.14
(continued) The Conditional Probability
Function for Y Given X = 15
y fyx (v 115
1 9 1
5 (51)(31) =5
1 9 1
1 (31) (31) =5
3 9 3
5 (31)  (31) =5
2 9 2
1 (55) (31) =5
2 9 2
7 (51)  (31) =5
Next consider f,,, (y | 18) specified by
f(18,y)
f 18) =
vix (Y 118) f.(18)

Consulting Table 5.11 again leads to the conditional distribution for Y given that
X = 18, shown in Table 5.15. Tables 5.14 and 5.15 confirm that the conditional
distributionsof Y given X = 15 and given X = 18 are quite different. For exam-
ple, knowing that X = 18 would on the whole make one expect Y to be larger
than when X = 15.

Table 5.15
The Conditional
Probability Function for

Y Given X =18
y  fyx(y118)
14 2/7
17 2/7
18 1/7
20 2/7

To make sure that the meaning of equation (5.36) is also clear, consider the
conditional distribution of the bolt 3 torque (X) given that the bolt 4 torqueis 20




Example 18

5.4 Joint Distributions and Independence 287

(Y = 20). In this situation, equation (5.36) gives

f(x, 20)
f, (20)

fX|Y(x | 20) =

(Conditional probabilities for X are the values in the Y = 20 row of Table
5.11 divided by the marginal Y = 20 value.) Thus, f, (X |20) is given in
Table 5.16.

Table 5.16
The Conditional Probability
Function for X Given Y = 20

X fx|Y(x | 20)

N
o

A~

~— — —r
P

Rlo Llo
~— —

Il I

gk gIN 01N

The bolt torque example has the feature that the conditional distributions for Y
given various possible values for X differ. Further, these are not generally the same
as the marginal distribution for Y. X provides some information about Y, in that
depending upon its value there are differing probability assessmentsfor Y. Contrast
this with the following example.

Random Sampling Two Bolt 4 Torques

Supposethat the 34 bolt 4 torques obtained by Brenny, Christensen, and Schneider
and given in Table 3.4 are written on slips of paper and placed in a hat. Suppose
further that the dlips are mixed, oneis selected, the corresponding torque is noted,
and the dlip is replaced. Then the dlips are again mixed, another is selected, and
the second torque is noted. Define the two random variables

U = the value of thefirst torque selected

and

V = the value of the second torque selected
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Example 18
(continued)

Intuition dictates that (in contrast to the situation of X and Y in Example 17) the
variablesU and V don’t furnish any information about each other. Regardless of
what value U takes, the relative frequency distribution of bolt 4 torquesin the hat
is appropriate as the (conditional) probability distribution for V, and vice versa.
That is, not only do U and V share the common marginal distribution given in
Table 5.17 but it is a so the case that for all u and v, both

fU|v(U lv) = f, (5.38)

and
fyu@ W) = f, () (5.39)
Equations (5.38) and (5.39) say that the marginal probabilitiesin Table 5.17
also serve as conditional probabilities. They also specify how joint probabilities

for U and V must be structured. That is, rewriting the left-hand side of equation
(5.38) using expression (5.36),

f(u,v) B
T = fy ()
That is,
f(u,v) = fy f, () (5.40)

(The same logic applied to equation (5.39) also leads to equation (5.40).) Ex-
pression (5.40) says that joint probability values for U and V are obtained by
multiplying corresponding marginal probabilities. Table5.18 givesthejoint prob-
ability function for U and V.

Table 5.17

The Common Marginal
Probability Function for U
and V

uorv f,(uorf,(v)

13 1/34
14 3/34
15 5/34
16 7/34
17 6/34
18 5/34
19 2/34

20 5/35
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observations in
statistical studies
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Table 5.18

Joint Probabilities for U and V

v \ u 13 14 15 16 17 18 19 20 f,(v)
20 e e e
19 e e e e A
18 e e e
16 e e e e
15 T e
14 er e e S e e e e I A
13 er e e S e T e S A
INC)) 1/34 3/34 5/34 7/34 6/34 5/34 2/34 5/34

Example 18 suggests that the intuitive notion that several random variables are
unrelated might beformalized intermsof all conditional distributions being equal to
their corresponding marginal distributions. Equivalently, it might be phrased interms
of joint probabilities being the products of corresponding marginal probabilities. The
formal mathematical terminology is that of independence of the random variables.
The definition for the two-variable case is next.

Discrete random variables X and Y are called independent if their joint prob-
ability function f (x, y) isthe product of their respective marginal probability
functions. That is, independence means that

fx,y) = f,(x) f,(y) foral x,y (5.41)

If formula (5.41) does not hold, the variables X and Y are called dependent.

(Formula (5.41) does imply that conditiona distributions are all equal to their cor-
responding marginals, so that the definition doesfit its * unrelatedness’ motivation.)

U and V in Example 18 are independent, whereas X and Y in Example 17
are dependent. Further, the two joint distributions depicted in Figure 5.29 give an
example of ahighly dependent joint distribution (the first) and one of independence
(the second) that have the same marginals.

The notion of independence is afundamental one. When it is sensible to model
random variables as independent, great mathematical simplicity results. Where
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Example 18
(continued)

engineering data are being collected in an analytical context, and care is taken to
make sure that all obvious physical causes of carryover effectsthat might influence
successive observations are minimal, an assumption of independence between
observations is often appropriate. And in enumerative contexts, relatively small
(compared to the population size) simple random samples yield observations that
can typically be considered as at least approximately independent.

Again consider putting bolt torqueson dlipsof paper inahat. Themethod of torque
selection described earlier for producing U and V is not simple random sam-
pling. Simple random sampling as defined in Section 2.2 is without-replacement
sampling, not the with-replacement sampling method used to produce U and V.
Indeed, if the first dlip is not replaced before the second is selected, the proba-
bilities in Table 5.18 are not appropriate for describing U and V. For example,
if no replacement is done, since only one dip is labeled 13 ft Ib, one clearly
wants

f(13,13) = P[U = 13and V = 13] = 0

not the value

1
f(13,13) =
( ’ ) (34)2

indicated in Table 5.18. Put differently, if no replacement is done, one clearly
wants to use

fyu(13113) =0

rather than the value

1
fuu3113) = f,(13) = o

whichwould beappropriateif samplingisdonewith replacement. Simplerandom
sampling doesn’t lead to exactly independent observations.

But suppose that instead of containing 34 dlips labeled with torques, the
hat contained 100 x 34 dlips labeled with torques with relative frequencies asin
Table 5.17. Then even if sampling is done without replacement, the probabilities
developed earlier for U and V (and placed in Table 5.18) remain at least ap-
proximately valid. For example, with 3,400 dlips and using without-replacement
sampling,

99

fuu 13113 =



Definition 23

When can
observations be
modeled as iid?
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is appropriate. Then, using the fact that

f(u,v)
fu (W

fV|U (v|w=

S0 that
f(u,v) = fv‘u(v [u) fy )

without replacement, the assignment

9 1
f(13,13) = 3399 3%
is appropriate. But the point is that
99 ~ 1
3,399 A4
and so
1 1
f(13,13) ~ e

For this hypothetical situation where the population size N = 3,400 is much
larger than the sample size n = 2, independence is a suitable approximate de-
scription of observations obtained using simple random sampling.

Where severa variables are both independent and have the same marginal
distributions, some additional jargon is used.

If random variables X,, X,, ..., X al have the same marginal distribution
and are independent, they are termed iid or independent and identically
distributed.

For example, the joint distribution of U and V given in Table 5.18 showsU and V
to beiid random variables.

The standard statistical examples of iid random variables are successive mea-
surements taken from a stable process and the results of random sampling with
replacement from a single population. The question of whether an iid model is
appropriate in a statistical application thus depends on whether or not the data-
generating mechanism being studied can be thought of as conceptually equivalent
to these.
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5.4.3

Definition 24

Example 19
(Example 15 revisited)

Describing Jointly Continuous Random
Variables (Optional )

All that has been said about joint description of discrete random variables has its
analog for continuous variables. Conceptually and computationally, however, the
jointly continuous case is more challenging. Probability density functions replace
probability functions, and multivariate calculus substitutes for simple arithmetic.
So most readers will be best served in the following introduction to multivariate
continuous distributions by reading for the main ideas and not getting bogged down
in details.

The counterpart of a joint probability function, the device that is commonly
used to specify probabilities for several continuous random variables, is a joint
probability density. The two-variable version of thisis defined next.

A joint probability density for continuous random variables X and Y is a
nonnegative function f (x, y) with

/ f(x,y)dxdy =1

and such that for any region R, oneiswilling to assign

PI(X,Y) e R] = // f(x,y)dxdy (5.42)
R

Instead of summing values of a probability function to find probabilities for a
discretedistribution, equation (5.42) says(asin Section 5.2) tointegrate aprobability
density. The new complication here is that the integral is two-dimensional. But it
is still possible to draw on intuition developed in mechanics, remembering that
thisis exactly the sort of thing that is done to specify mass distributions in several
dimensions. (Here, massis probability, and the total massis 1.)

Residence Hall Depot Counter Service Time
and a Continuous Joint Distribution

Consider again the depot service time example. As Section 5.3 showed, the
students' data suggest an exponential model with o = 16.5 for the random
variable

S = the excess (over a 7.5 sec threshold) time required
to complete the next sale
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Imagine that the true value of Swill be measured with a (very imprecise) analog
stopwatch, producing the random variable

R = the measured excess service time

Consider the function of two variables

1 —s/16.5 1 —(r—5)2/2(.25)
— v ¢ : fors>0
fsr)y=1 165 2725 ~ (5.43)
0 otherwise

as a potentia joint probability density for S and R. Figure 5.30 provides a
representation of f (s, r), sketched as a surface in three-dimensional space.

As defined in equation (5.43), f(s,r) is nonnegative, and its integral (the
volume underneath the surface sketched in Figure 5.30 over the region in the
(s, r)-plane where s is positive) is

R 1 2
f(s,r)dsdr = —— g Y19 =9YAB) gr g
// &0 /o /_oo 16.5/27(.25)

2
g =97/2(25 gy } ds

_ /oo = _os/165 {/OO 1
o 16.5 —oo A/ 27(.25)

- /OO L g 5/165gg
s 165
=1

(The integral in braces is 1 because it is the integral of a normal density with

f(s,r)

10—
0

-10 S

0 10 20

Figure 5.30 A joint probability density for S and R
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Example 19 mean s and standard deviation .5.) Thus, equation (5.43) specifies a mathemati-
(continued) cally legitimate joint probability density.

Toillustrate the use of ajoint probability density in finding probabilities, first
consider evaluating P[R > §]. Figure 5.31 shows the region in the (s, r )-plane
where f(s,r) > 0andr > s. It is over this region that one must integrate in
order to evaluate P[R > §]. Then,

P[R>S]=// f(s,r)ydsdr
R
=/w/oof(s,r)drds
0 S

:/OO 1 —3/165{/
o 165 ‘/271(25

*© 1 1
_ = es/165 )~ 1 4s
_/0 16.5 2

2
e—(r—s) /2(.25) drlds

1
2

(once again using the fact that the integral in braces is a norma (mean s and

standard deviation .5) probability).
Asasecond example, consider the problem of evaluating P[S > 20]. Figure
5.32 shows the region over which f (s, r) must be integrated in order to evaluate

P[S > 20]. Then,

P[S > 20]:/ f(s,rydsdr
R

/ / f(s,r)drds
20

=/ S/165{/
20 165 «/27'[(25

*© 1
_ / e=S/165 g
20 16.5

_ o20/165

2
e /2('25)dr} ds

~ .30
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20—
Region
3+ where
0F s50—
2+ | | |
k 0 10 20 S
1~ Region wherer > sand -10-
f(s,r)>0
I I I 20
1 2 3 S
Figure 5.31 Region where f(s,r) > 0 Figure 5.32  Region where f(s,r) > 0
andr>s ands > 20

Thelast part of the example essentially illustrates the fact that for X and Y with
joint density f(x, y),

F(x) = P[X <X] :/ /OO f(t,y)dydt

Thisisastatement giving the cumulative probability function for X. Differentiation
with respect to x shows that a marginal probability density for X is obtained from
the joint density by integrating out y. Putting this in the form of a definition gives
the following.

The individual probability densities for continuous random variables X and
Y with joint probability density f(x,y) are caled marginal probability
densities. They are obtained by integrating f (x, y) over all possible values of
the other variable. In symbols, the marginal probability density function for
Xis

f (%) =/ f(x,y)dy (5.44)
and the marginal probability density function for Y is
f (y) = / f(x,y)dx (5.45)
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Example 19
(continued)

Compare Definitions 20 and 25 (page 282). The same kind of thing is done
for jointly continuous variables to find marginal distributions as for jointly discrete
variables, except that integration is substituted for summation.

Starting with the joint density specified by equation (5.43), it is possible to arrive

at reasonably explicit expressions for the marginal densities for S and R. First
considering the density of S, Definition 25 declares that for s > 0,

fs(s) = /‘00 1 gses {; e(rs)2/2(.25)} dr

- 165 J27(.25)
_ 1 _5/16.5
= 165°

Further, since f (s, r) isOfor negatives, if s < 0,
fs(s) =/ Odr =0
—0o0

That is, the form of f (s, r) was chosen so that (as suggested by Example 15)
S has an exponential distribution with mean « = 16.5.

The determination of f_(r) is conceptually no different than the determi-
nation of fg(s), but the details are more complicated. Some work (involving
completion of asguarein the argument of the exponentia function and recogni-
tion of an integral as anormal probability) will show the determined reader that
foranyr,

* 1 —(5/16.5)—((r —9)%/2(.25))
fo(r) = e : ) ds
0

16.5{/27(.25)

SR NARNER) B

where, as usual, @ is the standard norma cumulative probability function. A
graph of f.(r) isgivenin Figure 5.33.

2,178 ﬁ) (5.46)

fr(r)

| | | | | | |
-5 0 5 10 15 20 25 30 r

Figure 5.33 Marginal probability density for R
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Definition 26

Conditional probability
density for X
givenY =y

Conditional probability
density for Y
given X = x
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The marginal density for R derived from equation (5.43) does not belong to
any standard family of distributions. Indeed, thereis generally no guarantee that the
process of finding marginal densities from ajoint density will produce expressions
for the densities even as explicit as that in display (5.46).

Conditional Distributions and Independence
for Continuous Random Variables (Optional )

In order to motivate the definition for conditional distributions derived from ajoint
probability density, consider again Definition 21 (page 284). For jointly discrete
variables X and Y, the conditional distribution for X given Y = vy is specified by
holding y fixed and treating f (X, y) as a probability function for X after appropri-
ately renormalizing it—i.e., seeing that its valuestotal to 1. The analogous operation
for two jointly continuous variables is described next.

For continuous random variables X and Y with joint probability density
f (X, y), the conditional probability density function of X given Y =y,
isthe function of x

f(X,y)
/ f(x, y)dx

e e]

fx‘y(x | Y) =

Theconditional probability density function of Y given X = x isthefunction
of y

fyx (Y 1%) = Oof(x—y)
f_ _feydy
Definitions 25 and 26 lead to
o= ff(vx(’y)),) (5.47)
and
10 ff(:(’x);) (5.48)
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Geometry of
conditional
densities

Example 19
(continued)

f(xy)

Figure 5.34 A Joint probability density f(x, y) and the
shape of a conditional density for X given a value of Y

Expressions (5.47) and (5.48) are formally identical to the expressions (5.36) and
(5.37) relevant for discrete variables. The geometry indicated by equation (5.47) is
that the shape of f, \ (x | y) asafunction of x isdetermined by cutting the f (x, y)
surface in a graph like that in Figure 5.34 with the Y = y-plane. In Figure 5.34,
the divisor in equation (5.47) isthe area of the shaded figure above the (x, y)-plane
below the f (X, y) surface on the Y = y plane. That division serves to produce a
function of x that will integrate to 1. (Of course, there is a corresponding geometric
story told for the conditional distribution of Y given X = x in expression (5.48)).

In the service time example, it isfairly easy to recognize the conditional distribu-
tion of R given S = s as having afamiliar form. For s > 0, applying expression
(5.48),

_ fs.n _ . i s/165)
fR‘S(r |s) = ) = f(s,r)= (16.5e

which, using equation (5.43), gives

1
> frs(r 19) = meﬂ*sﬂ/%?& (5.49)

That is, given that S = s, the conditional distribution of R is normal with mean
s and standard deviation .5.

This redlization is consistent with the bell-shaped cross sections of f (s, r)
shown in Figure 5.30. The form of fg (r | s) given in equation (5.49) says that
the measured excess service time is the true excess service time plus a normally
distributed measurement error that has mean 0 and standard deviation .5.




Definition 27

Example 20
(Example 15 revisited)
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It is evident from expression (5.49) (or from the way the positions of the bell-
shaped contours on Figure 5.30 vary with s) that the variables S and R ought to be
called dependent. After all, knowing that S = s gives the value of R except for a
normal error of measurement with mean 0 and standard deviation .5. On the other
hand, had it been the case that all conditional distributions of R given S = s were
the same (and equal to the marginal distribution of R), S and R should be called
independent. The notion of unchanging conditional distributions, all equal to their
corresponding marginal, is equivalently and more conveniently expressed in terms
of the joint probability density factoring into a product of marginals. The formal
version of thisfor two variablesis next.

Continuous random variables X and Y are called independent if their joint
probability density function f (x, y) isthe product of their respective marginal
probability densities. That is, independence means that

fx,y) = f,(x) f,(y) foral x,y (5.50)

If expression (5.50) does not hold, thevariables X and Y are called dependent.

Expression (5.50) isformally identical to expression (5.41), which appeared in Def-
inition 22 for discrete variables. Thetype of factorization given in these expressions
provides great mathematical convenience.

It remains in this section to remark that the concept of iid random variables
introduced in Definition 23 is as relevant to continuous cases as it is to discrete
ones. In statistical contexts, it can be appropriate where analytical problems are free
of carryover effects and in enumerative problems where (relatively) small simple
random samples are being described.

Residence Hall Depot Counter Service Times and iid Variables

Returning once moreto the servicetime example of Jenkins, Milbrath, and Worth,
consider the next two excess service times encountered,

S, = thefirst/next excess (over athreshold of 7.5 sec) time required
to complete a postage stamp sale at the residence hall service counter

S, = the second excess service time

Totheextent that the service processisphysically stable (i.e., excessservicetimes
can bethought of intermsof sampling with replacement from asingle population),

an iid model seems appropriate for S, and S,. Treating excess service times as
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Example 20 marginally exponential with mean « = 16.5 thusleadsto the joint density for S

(continued) and S;:

f(s,s) =

1
(16.5)°
0 otherwise

e /185 jfs > O0ands, > 0

1. Explainin qualitative terms what it means for two

random variables X and Y to beindependent. What
advantage istherewhen X and Y can be described
as independent?

. Quality audit records are kept on numbers of major
and minor failures of circuit packs during burn-in
of large electronic switching devices. They indicate
that for a device of thistype, the random variables

X = the number of magjor failures
and
Y = the number of minor failures

can be described at least approximately by the ac-
companying joint distribution.

y \ X 0 1 2

0 15 .05 .01
1 10 .08 .01
2 J0 .14 .02
3 10 .08 .03
4 05 .05 .03

(@) Find the marginal probability functions for
both X and Y—f, (x) and f, (y).

(b) Are X andY independent? Explain.

(c) Find the mean and variance of X—EX and
Var X.

(d) Find the mean and variance of Y—EY and
Vary.

(e) Findtheconditional probability functionforY,
given that X = 0—i.e., that there are no mgjor
circuit pack failures. (That s, find fy,, (y | 0).)

What is the mean of this conditional distribu-
tion?

3. A laboratory receives four specimens having iden-
tical appearances. However, it is possible that (a
single unknown) one of the specimens is contam-
inated with a toxic material. The lab must test the
specimensto find the toxic specimen (if in fact one
is contaminated). The testing plan first put forth
by the laboratory staff isto test the specimens one
at a time, stopping when (and if) a contaminated
specimen isfound.

Define two random variables

X = the number of contaminated specimens
and
Y = the number of specimens tested

Let p=P[X =0] and therefore P[X =1] =

1-p

(a) Give the conditiona distributions of Y given
X =0and X =1 for the staff’s initial test-
ing plan. Then use them to determine the joint
probability function of X and Y. (Your joint
distribution will involve p, and you may sim-
ply fill out tables like the accompanying ones.)

Y fx10 Yy f D
1 1
2 2
3 3
4 3
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(b) Based on your work in (@), find the marginal
distribution of Y. What is EY, the mean num-
ber of specimens tested using the staff’s origi-
nal plan?

(c) A second testing method devised by the staff
involvestesting composite samples of material
taken from possibly more than one of the origi-
nal specimens. By initially testing acomposite
of all four specimens, then (if the first test re-
veals the presence of toxic material) following
up with a composite of two, and then an ap-
propriate single specimen, it is possible to do
thelab’sjob in onetest if X = 0, and in three
testsif X = 1. Suppose that because testing is
expensive, it is desirable to hold the number
of tests to a minimum. For what values of p
is this second method preferable to the first?
(Hint: What is EY for this second method?)

4. A machine element is made up of arod and a

ring bearing. The rod must fit through the bearing.
Model

X = the diameter of the rod
and
Y = theinside diameter of the ring bearing

as independent random variables, X uniform on
(.97, 202) and Y uniform on (2.00, 2.06).
(fy(x)=1/.06 for 197 <x <202, while
f, (x) = Ootherwise. Similarly, f, (y) = 1/.06for
2.00 <y < 206, while f,(y)=0 otherwise.)
With this model, do the following:
() Write out the joint probability density for X
and Y. (It will be positive only when 1.97 <
X <202and2.00 < y < 2.06.)
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(b) Evauate P[Y — X < (], the probahility of an
interference in assembly.

5. Suppose that a pair of random variables have the

joint probability density

AX(1—-vy) ifo<x<1
f(x,y) = and0=<y=<1
0 otherwise

(&) Find the marginal probability densities for X
and Y. What is the mean of X?

(b) Are X and Y independent? Explain.

(c) BEvaluate P[X +2Y >1].

(d) Find the conditional probability density for X
giventhat Y = .5. (Find fxw(x | .5).) Whatis
the mean of this (conditional) distribution?

. An engineering system consists of two subsystems

operating independently of each other. Let

X = thetimetill failure of the first subsystem
and
Y = thetimetill failure of the second subsystem

Suppose that X and Y are independent exponen-
tial random variables each with mean o« =1 (in
appropriate time units).

(@) Write out the joint probability density for X
and Y. Be sure to state carefully where the
density is positive and whereit is 0.

Supposefirst that the systemisaseriessystem(i.e.,

one that fails when either of the subsystemsfail).

(b) The probability that the system is still func-
tioning at timet > Oisthen

P[X>tandY > t]

Find this probability using your answer to (a).
(What region in the (x, y)-plane corresponds
to the possihility that the system is still func-
tioning at timet?)

(c) If one then defines the random variable

T = thetime until the system fails
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the cumulative probability function for T is (d) The probability that the system has failed by

timetis

Ft)=1—P[X>tadY > t]

P[X <tandY <t]

so that your answer to (b) can be used to find

the distribution for T. Use your answer to (b) Find this probability using your answer to

and some differentiation to find the probability part (a).

density for T. What kind of distribution does (e) Now, as before, let T be the time until the

T have? What is its mean? system fails. Use your answer to (d) and some
Suppose now that the system is a parallel system differentiation to find the probability density
(i.e., onethat fails only when both subsystemsfail). for T. Then calculate the mean of T.

5.5 Functions of Several Random Variables

5.5.1

Example 21

The last section introduced the mathematics used to simultaneously model several
random variables. An important engineering use of that material isin the analysis
of system outputs that are functions of random inputs.

Thissection studieshow the variation seenin an output random variable depends
upon that of the variables used to produceit. It beginswith afew comments on what
is possible using exact methods of mathematical analysis. Then the simple and
general tool of simulation is introduced. Next, formulas for means and variances
of linear combinations of random variables and the related propagation of error
formulas are presented. Last isthe pervasive central limit effect, which often causes
variables to have approximately normal distributions.

The Distribution of a Function of Random Variables

The problem considered in this section is this. Given a joint distribution for the
randomvariables X, Y, ..., Z andafunctiong(x, vy, ..., z), the object isto predict
the behavior of the random variable

U=9gX.Y,....2) (5.51)

In some special simple cases, it is possible to figure out exactly what distribution U
inheritsfrom X, Y, ..., Z.

The Distribution of the Clearance Between Two Mating Parts
with Randomly Determined Dimensions

Suppose that a steel plate with nominal thickness .15 in. is to rest in a groove
of nominal width .155 in., machined on the surface of a steel block. A lot
of plates has been made and thicknesses measured, producing the relative fre-
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Table 5.19
Relative Frequency Distribution of Plate
Thicknesses

Plate Thickness (in.)  Relative Frequency

.148 4
149 3
.150 3
Table 5.20
Relative Frequency Distribution of Slot
Widths

Slot Width (in.)  Relative Frequency

153 2
154 2
155 4
156 2

guency distribution in Table 5.19; a relative frequency distribution for the slot
widths measured on alot of machined blocksis given in Table 5.20.

If aplateisrandomly selected and a block is separately randomly selected,
anatural joint distribution for the random variables

X = the plate thickness
Y = the slot width

is one of independence, where the marginal distribution of X is given in Table
5.19 and the marginal distribution of Y isgivenin Table 5.20. That is, Table 5.21
gives aplausible joint probability function for X and Y.

A variable derived from X and Y that is of substantial potential interest is
the clearance involved in the plate/block assembly,

Uu=Y-X

Noticethat taking the extremes represented in Tables 5.19 and 5.20, U isguaran-
teedtobeat least .153 — .150 = .003in. but no morethan .156 — .148 = .008in.
In fact, much more than this can be said. Looking at Table 5.21, one can see that
the diagonals of entries (lower | eft to upper right) all correspond to the samevalue
of Y — X. Adding probahilities on those diagonals produces the distribution of
U givenin Table 5.22.
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Example 21

(continued)

Simulation for
independent

5.5.2

Table 5.21
Marginal and Joint Probabilities for X and Y

y \x .48 149 150 f(y)

.156 .08 .06 .06 2
155 .16 A2 12 4
154 .08 .06 .06 2
153 .08 .06 .06 2
fx(x) 4 3 3

Table 5.22

The Probability Function for the
Clearance U=Y — X

u f(u)

.003 .06

.004 .12= .06+ .06

005 .26=.084.06+ .12
.006 .26=.084 .12+ .06
.007 .22=.16+ .06

.008 .08

Example 21 involves avery simple discrete joint distribution and avery ssmple
function g—namely, g(x, y) = y — X. In general, exact complete solution of the
problem of finding the distribution of U = g(X, Y, ..., Z) isnot practically possi-
ble. Happily, for many engineering applications of probability, approximate and/or
partial solutions suffice to answer the questions of practical interest. The balance
of this section studies methods of producing these approximate and/or partial de-
scriptions of the distribution of U, beginning with a brief look at simulation-based
methods.

Simulations to Approximate the Distribution
of U=9g(X,Y,...,2)

Many computer programs and packages can be used to produce pseudorandom
vaues, intended to behave as if they were realizations of independent random
variablesfollowing user-chosen margina distributions. If themodel for X, Y, ..., Z
is one of independence, it is then a simple matter to generate a simulated value for
each of X,Y,...,Z and plug those into g to produce a simulated value for U.
If this process is repeated a number of times, a relative frequency distribution for
these simulated values of U is developed. One might reasonably use this relative
frequency distribution to approximate an exact distribution for U.
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Uncertainty in the Calculated Efficiency of an Air Solar Collector

The article “Thermal Performance Representation and Testing of Air Solar Col-
lectors’ by Bernier and Plett (Journal of Solar Energy Engineering, May 1988)
considers the testing of air solar collectors. Its analysis of thermal performance
based on enthalpy balance leads to the conclusion that under inward leakage
conditions, the thermal efficiency of a collector can be expressed as

MC(T,—T) + M, — M)C(T, = T)

Efficiency = —> GA

- GiA (MTy = M;T, = (Mg — M) T,) (5.52)

where

C = air specific heat (Jkg°C)
G = global irradiance incident on the plane of the collector (W/m?)
A = collector gross area (m?)
M; = inlet mass flowrate (kg/s)
M, = outlet mass flowrate (kg/s)
T, = ambient temperature (°C)
T, = collector inlet temperature (°C)
T, = collector outlet temperature (°C)

Theauthorsfurther give some uncertainty val ues associated with each of theterms
appearing on the right side of equation (5.52) for an example set of measured
values of the variables. These are given in Table 5.23.

Table 5.23
Reported Uncertainties in the Measured Inputs
to Collector Efficiency

Variable Measured Value Uncertainty
C 1003.8 1.004 (i.e, + .1%)
G 1121.4 33.6 (i.e, £ 3%)
A 1.58 .005
M; .0234 .00035 (i.e., + 1.5%)
M, .0247 .00037 (i.e., + 1.5%)
T, —13.22 .5
T, —6.08 .5
T, 24.72 .5*

*This value is not given explicitly in the article.
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Example 22
(continued)

Plugging the measured values from Table 5.23 into formula (5.52) produces
ameasured efficiency of about .44. But how good is the .44 value? That is, how
do the uncertainties associated with the measured values affect the reliability of
the .44 figure? Should you think of the calculated solar collector efficiency as .44
plus or minus .001, or plus or minus .1, or what?

One way of approaching this is to ask the related question, “What would
be the standard deviation of Efficiency if al of C through T, were independent
random variables with means approximately equal to the measured values and
standard deviations related to the uncertainties as, say, half of the uncertainty
values?' (This “two sigma’ interpretation of uncertainty appears to be at least
closeto theintention in the original article.)

Printout 1 is from a MINITAB session in which 100 normally distributed
realizations of variables C through T, were generated (using means equal to
measured values and standard deviations equal to half of the corresponding
uncertainties) and the resulting efficiencies calculated. (The routine under the
“Calc/Random Data/Normal” menu was used to generate the realizations of
C through T,. The “Calc/Calculator” menu was used to combine these val-
ues according to equation (5.52). Then routines under the “Stat/Basic Statis-
tics/Describe’ and “ Graph/Character Graphs/Stem-and-Leaf” menus were used
to produce the summaries of the simulated efficiencies.) The simulation produced
aroughly bell-shaped distribution of calculated efficiencies, possessing a mean
value of approximately .437 and standard deviation of about .009. Evidently,
if one continues with the understanding that uncertainty means something like
“2 standard deviations,” an uncertainty of about .02 is appropriate for the nomina
efficiency figure of .44.

Printout 1 Simulation of Solar Collector Efficiency

Descriptive Statistics

Variable N Mean Median TrMean StDev SE Mean
Efficien 100 0.43729 0.43773 0.43730 0.00949 0.00095
Variable Minimum Maximum Q1 Q3
Efficien 0.41546 0.46088 0.43050 0.44426

Character Stem-and-Leaf Display

Stem-and-leaf of Efficien N = 100
Leaf Unit = 0.0010

5 41 58899
10 42 22334
24 42 66666777788999
39 43 001112233333444
(21) 43 555556666777889999999
40 44 00000011122333444



Practical cautions

5.5.3

Proposition 1

5.5 Functions of Several Random Variables 307

44 555556667788889
45 023344

45 7

46 0

— N 0 W

The beauty of Example 22 is the ease with which asimulation can be employed
to approximate the distribution of U. But the method is so powerful and easy to use
that some cautions need to be given about the application of thiswhole topic before
going any further.

Be careful not to expect more than is sensible from a derived probability distri-
bution (“exact” or approximate) for

U=gXY,...,2)

The output distribution can be no more redlistic than are the assumptions used
to produce it (i.e., the form of the joint distribution and the form of the function
g(x,y, ..., ). Itisal too common for people to apply the methods of this section
using a g representing some approximate physical law and U some measurable
physical quantity, only to be surprised that the variation in U observed in the real
worldissubstantially larger than that predicted by methods of this section. The fault
lies not with the methods, but with the naivete of the user. Approximate physical
laws are just that, often involving so-called constants that aren’t constant, using
functional forms that are too simple, and ignoring the influence of variables that
aren’t obvious or easily measured. Further, although independence of X, VY, ..., Z
is a very convenient mathematical property, its use is not always justified. When
it is inappropriately used as a model assumption, it can produce an inappropriate
distribution for U. For these reasons, think of the methods of this section as useful
but likely to provide only a best-case picture of the variation you should expect
to see.

Means and Variances for Linear Combinations
of Random Variables

For engineering purposes, it often suffices to know the mean and variance for U
giveninformula (5.51) (as opposed to knowing the whole distribution of U). When
thisisthe case and g islinear, there are explicit formulas for these.

If X,Y, ..., Z aren independent random variablesand a,, a,, a,, ..., a, are
n + 1 constants, then therandomvariableU = a, +a, X +a,Y +---+a,Z
has mean

EU = a,+ a,EX+ a,EY + --- +a EZ (5.53)
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and variance

VarU =a?Var X +asVarY +--- +a2VarZ (5.54)

Formula (5.53) actually holds regardless of whether or not thevariables X, Y, ..., Z
areindependent, and although formula (5.54) does depend upon independence, there
isageneralization of it that can be used even if the variables are dependent. However,
the form of Proposition 1 given here is adequate for present purposes.

One type of application in which Proposition 1 isimmediately useful isthat of
geometrical tolerancing problems, whereit is applied with a, = 0 and the other a,’s
equal to plusand minus 1's.

Example 21 Consider again the situation of the clearance involved in placing a steel plate
(continued) in a machined slot on a steel block. With X, Y, and U being (respectively) the
plate thickness, slot width, and clearance, means and variancesfor these variables
can be calculated from Tables 5.19, 5.20, and 5.22, respectively. The reader is
encouraged to verify that

EX=.1489 and VarX =69x 107’
EY =.1546 and VarY = 1.04 x 10°©

Now, since
U=Y—-X=(-DX+1Y
Proposition 1 can be applied to conclude that

> EU = —1EX+ 1EY = —.1489 + .1546 = .0057 in.
VarU = (—1)%6.9 x 1077 + (1)?1.04 x 10 = 1.73 x 107

S0 that
> vVarU = .0013in.

Itisworththeeffort to verify that the mean and standard deviation of the clearance
produced using Proposition 1 agree with those obtained using the distribution of
U givenin Table 5.22 and the formul as for the mean and variance given in Section
5.1. The advantage of using Proposition 1 is that if all that is needed are EU
and Var U, there is no need to go through the intermediate step of deriving the
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distribution of U. The calculations via Proposition 1 use only characteristics of
the marginal distributions.

Another particularly important use of Proposition 1 concerns n iid random vari-
ableswhere each a; is % That is, in cases where random variables X,, X,, ..., X,
are conceptually equivalent to random selections (with replacement) from a single
numerical population, Proposition 1 tells how the mean and variance of the random
variable

1 1 1
X=X, + =X, 4+ =X
n l—f_n 2+ +n n

are related to the population parameters . and o, For independent variables

X1, X, ..., X,, with common mean 1 and variance o2, Proposition 1 shows that
The mean of an 1 1 1 q
average of n iid EX = “EX, + ~EX, +.--+ —EX :n(— ): 5.55
random variables n_ 1t n 2 n " nt & (5.55)
and
The variance of an Var X = (%)ZVar X, + (%)ZVar Xo+ -+ (%)Zvar X,
average of n jid 1\2 o2 (5.56)
. _ 2 _
random variables =n (ﬁ) o = Y

S rl:eor2 /nisdecreasingin n, equations (5.55) and (5.56) givethe reassuring picture
of X having aprobability distribution centered at the popul ation mean 1, with spread
that decreases as the sample size increases.

Example 23 The Expected Value and Standard Deviation
(Example 15 revisited) for a Sample Mean Service Time

To illustrate the application of formulas (5.55) and (5.56), consider again the
stamp sale service time example. Suppose that the exponential model with o =
16.5 that was derived in Example 15 for excess service times continues to be
appropriate and that several more postage stamp sales are observed and excess
service times noted. With

S = theexcess (over a7.5 sec threshold) time required
to complete the i th additional stamp sale
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Example 23
(continued)

5.5.4

consider what means and standard deviations are associated with the probability
distributions of the sample average, S, of first the next 4 and then the next 100
exCess service times.

S.. S, ..., S are totheextent that the service processis physically stable,
reasonably modeled as independent, identically distributed, exponential random
variables with mean « = 16.5. The exponential distribution with mean « = 16.5
has variance equal to «? = (16.5)2. So, using formulas (5.55) and (5.56), for the
first 4 additional servicetimes,

ES=«a = 16.5sc
— ()[2
vVar S= Z:S.ZSsec

Then, for thefirst 100 additional service times,

ES=«a = 16.5sec

— 0[2
VvV =,/— =1
ar S 100 65 sec

Notice that going from a sample size of 4 to a sample size of 100 decreases the
standard deviation of Shby afactor of 5 (= ,/12).

Relationships (5.55) and (5.56), which perfectly describe the random behavior
of X under random sampling with replacement, are al so approximate descriptions of
the behavior of X under simple random sampling in enumerative contexts. (Recall
Example 18 and the discussion about the approximate independence of observations
resulting from simple random sampling of large populations.)

The Propagation of Error Formulas

Proposition 1 gives exact values for the mean and varianceof U = g(X, Y, ..., Z)
only when g is linear. It doesn’t seem to say anything about situations involving
nonlinear functions like the one specified by the right-hand side of expression (5.52)
inthesolar collector example. But it isoften possibleto obtain useful approximations
to the mean and variance of U by applying Proposition 1 to afirst-order multivariate
Taylor expansion of anot-too-nonlinear g. That is, if g isreasonably well-behaved,
thenfor x, vy, ..., z (respectively) closeto EX, EY, ..., EZ,

0 0
ax,y,...,2) =~ g(EX, EY,...,EZ)+£~(x—EX)+a—§]/~(y—EY)

0
4+ 4+ —gcdot(z— EZ)
0z

(5.57)



Proposition 2
(The Propagation of Error
Formulas)

Example 24
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where the partial derivatives are evaluated at (X, Y, ...,2z) = (EX, EY, ..., EZ).
Now theright side of approximation (5.57) islinearinx, vy, ..., z. Thus, if the vari-
ancesof X, Y, ..., Zaresmal enough so that with high probability, X, Y, ..., Z are
such that approximation (5.57) iseffective, one might think of plugging X, Y, ..., Z
into expression (5.57) and applying Proposition 1, thus winding up with approxi-
mations for the mean and varianceof U = g(X., Y, ..., 2).

If X,Y, ..., Z are independent random variables and g is well-behaved, for
small enough variances Var X, Vary, ..., Var Z, the random variable U =
g(X,Y, ..., Z) has approximate mean

EU ~ g(EX, EY,...,E2) (5.58)

and approximate variance

2 2 2
VarU ~ <8_g) Var X + <8_g) VarY 4 .- + (8_9) VarZz (5.59)
X ay 0z

Formulas (5.58) and (5.59) are often called the propagation of error or transmis-
sion of variance formulas. They describe how variability or error is propagated or
transmitted through an exact mathematical function.

Comparison of Propositions 1 and 2 shows that when g is exactly linear, ex-
pressions (5.58) and (5.59) reduce to expressions (5.53) and (5.54), respectively.
(a, through a, are the partial derivatives of g in the case where g(x, y, ..., 2) =
a,+aXx+ay+---+a,z) Proposition 2 is purposely vague about when the
approximations (5.58) and (5.59) will be adequate for engineering purposes. Mathe-
matically inclined readers will not have much trouble constructing examples where
the approximations are quite poor. But often in engineering applications, expres-
sions (5.58) and (5.59) are at least of the right order of magnitude and certainly
better than not having any usable approximations.

A Simple Electrical Circuit and the Propagation of Error

Figure 5.35 isaschematic of an assembly of threeresistors. If R}, R,, and R; are
the respective resistances of the three resistors making up the assembly, standard
theory says that

R = the assembly resistance
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Example 24
(continued)

>

>

isrelatedto R;, R,, and R, by

R=R + R2R2+R3R3 (5.60)

A large lot of resistors is manufactured and has a mean resistance of 100 Q
with a standard deviation of resistance of 2 Q. If three resistors are taken at
random from this lot and assembled as in Figure 5.35, consider what formulas
(5.58) and (5.59) suggest for an approximate mean and an approximate standard
deviation for the resulting assembly resistance.

,
The g involved hereisg(r,, 1y, ry) =r, + —=3>-,
ry+rs
d
9 _,
or,
89 (pkrdrg—rry 13
ar, (ry +13)? (r, +1y)?
39 (rp+rry—rofy r2
ary (r, +ry)? (r, +15)?

Also, R, R,, and R, are approximately independent with means 100 and stan-
dard deviations 2. Then formulas (5.58) and (5.59) suggest that the probability
distribution inherited by R has mean

N B (100)(100)
ER ~ g(100,100,100) = 100 + 100+ 100 — 150
and variance
(100)? 2 (100)? 2
Va R~ (1)?Q2°+| ——— | @°+|——— | @?=45
S ((100+100)2) @ (100 + 100)? @

so that the standard deviation inherited by Ris

vVVar R~ +/4.5=212Q

As something of a check on how good the 150 2 and 2.12 Q values are, 1,000
sets of normally distributed R,, R,, and R, values with the specified population
mean and standard deviation were simulated and resulting values of R calculated
viaformula (5.60). These simulated assembly resistances had R = 149.80 © and
a sample standard deviation of 2.14 Q. A histogram of these valuesis given in
Figure 5.36.
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Resistor 2

Resistor 1

Resistor 3

Figure 5.35 Schematic of a simple
assembly of three resistors

200 -

Frequency
[N
8
T

145 150 155
Simulated value of R

Figure 5.36 Histogram of 1,000 simulated values of R

Example 24 is one to which the cautions following Example 22 (page 307)
apply. Suppose you were to actualy take a large batch of resistors possessing a
mean resistance of 100 ©2 and a standard deviation of resistances of 2 2, make
up a number of assemblies of the type represented in Figure 5.35, and measure
the assembly resistances. The standard deviation figures in Example 24 will likely
underpredict the variation observed in the assembly resistances.

The propagation of error and simulation methods may do agood job of approx-
imating the (exact) theoretical mean and standard deviation of assembly resistances.
But the extent to which the probability model used for assembly resistances can
be expected to represent the physical situation is another matter. Equation (5.60) is
highly useful, but of necessity only an approximate description of real assemblies.
For example, it ignores small but real temperature, inductance, and other second-
order physical effects on measured resistance. In addition, although the probability
model allows for variation in the resistances of individual components, it does not
account for instrument variation or such vagaries of real-world assembly as the
quality of contacts achieved when several parts are connected.

In Example 24, the simulation and propagation of error methods produce com-
parable results. Since the simulation method is so easy to use, why bother to do
the calculus and arithmetic necessary to use the propagation of error formulas? One
important answer to this question concernsintuition that formula (5.59) provides.
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The effects of
the partial
derivatives of g
on VarU

Partitioning the
variance of U

Example 22
(continued)

a(Xx)

Potential output distributions
for U

VANIRVAN

Potential input distributions for X

. . ad
Figure 5.37 lllustration of the Effect of a—i on VarU

Consider first the effect that g’ spartial derivativeshaveon Var U . Formula(5.59)
impliesthat depending onthesize of g—g ,thevariance of X iseither inflated or deflated
before becoming an ingredient of VarU. And even though formula (5.59) may not
be an exact expression, it provides correct intuition. If agiven changein x produces
abig changeing(x, v, ..., 2), theimpact Var X has on Var U will be greater than
if the changein x producesasmall changeing(x, v, ..., 2). Figure 5.37 isarough
illustration of this point. In the case that U = g(X), two different approximately
normal distributions for X with different means but a common variance produce
radically different spreads in the distribution of U, due to differing rates of change
of g (different derivatives).

Then, consider the possibility of partitioning thevariance of U into interpretable
pieces. Formula (5.59) suggests thinking of (for example)

9 2
<—g> Var X
0X
as the contribution the variation in X makes to the variation inherent in U. Com-
parison of such individual contributions makes it possible to analyze how various

potential reductionsin input variation can be expected to affect the output variability
inU.

Return to the solar collector example. For means of C through T, taken to be
the measured values in Table 5.23 (page 305), and standard deviations of C
through T, equal to half of the uncertainties listed in the same table, formula
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(5.59) might well be applied to the calculated efficiency givenin formula (5.52).
The squared partia derivatives of Efficiency with respect to each of the inputs,
times the variances of those inputs, are as given in Table 5.24. Thus, the ap-
proximate standard deviation for the efficiency variable provided by formula
(5.59) is

v/8.28 x 107° ~ .009

which agrees quite well with the value obtained earlier via simulation.

What's given in Table 5.24 that doesn’t come out of a smulation is some
understanding of the biggest contributors to the uncertainty. The largest contri-
bution listed in Table 5.24 corresponds to variable G, followed in order by those
corresponding to variables M, T, and T,. At least for the values of the means
used in this example, it is the uncertainties in those variables that principally
produce the uncertainty in Efficiency. Knowing this gives direction to efforts to
improve measurement methods. Subject to considerations of feasibility and cost,
measurement of the variable G deservesfirst attention, followed by measurement
of thevariablesM, T, and T,.

Notice, however, that reduction of the uncertainty in G alone to essentialy 0
would still leaveatotal in Table5.24 of about 4.01x 10~° and thus an approximate
standard deviation for Efficiency of about v/4.01 x 10~° ~ .006. Calculations of
this kind emphasize the need for reductions in the uncertainties of M, T, and
T, aswell, if dramatic (order of magnitude) improvements in overall uncertainty
areto berealized.

Table 5.24
Contributions to the Output Variation in
Collector Efficiency

Variable  Contributionsto Var Efficiency

C 473 x 1078
G 4.27 x 107°
A 4.76 x 107’
M, 5.01 x 1077
M, 1.58 x 107°
T, 3.39x 1078
T 1.10x 10°°
T, 1.22x10°°

Total 8.28 x 107°
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5.5.5

Proposition 3
(The Central Limit
Theorem)

Example 25
(Example 2 revisited )

The Central Limit Effect

One of the most frequently used statistics in engineering applications is the sample
mean. Formulas (5.55) and (5.56) relate the mean and variance of the probability
distribution of the sample mean to those of a single observation when an iid model
is appropriate. One of the most useful facts of applied probability is that if the
sample size is reasonably large, it is aso possible to approximate the shape of the
probability distribution of X, independent of the shape of the underlying distribution
of individual observations. That is, there is the following fact:

If X, X,, ..., X, areiid random variables (with mean p and variance ?),
then for largen, the variable X isapproximately normally distributed. (That is,
approximate probabilitiesfor X can be cal cul ated using the normal distribution
with mean . and variance o2/n.)

A proof of Proposition 3 is outside the purposes of this text. But intuition about the
effect isfairly easy to develop through an example.

The Central Limit Effect and the Sample Mean of Tool Serial Numbers

Consider again the examplefrom Section 5.1 involving thelast digit of essentially
randomly selected serial numbers of pneumatic tools. Suppose now that

W, = thelast digit of the serial number observed next Monday at 9 A.M.
W, = thelast digit of the serial number observed the following Monday at 9 A.m.

A plausible model for the pair of random variables W,, W, is that they are
independent, each with the marginal probability function

A ifw=01,2...,9
f(w) = . (5.61)
0 otherwise

that is pictured in Figure 5.38.

Using such a model, it is a straightforward exercise (along the lines of
Example 21, page 303) to reason that W = (W, + W,) has the probability
function given in Table 5.25 and pictured in Figure 5.39.
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f(w)

EW=45
Var W=28.25

012 3 456 789 W

Figure 5.38 Probability histogram for W

f(w) n=2

012 3 456 789 W

Figure 5.39  Probability histogram for W based on
n=2

Table 5.25 .
The Probability Function for W forn = 2

w  f@ w f@ w  fw w  f@@)

0.0 01 2.0 05 40 .09 6.0 .07
05 .02 25 06 45 .10 65 .06
1.0 .03 3.0 .07 5.0 .09 70 .05
15 .04 35 .08 55 .08 75 .04

w f(w)
80 .03
85 .02
9.0 .01

Comparing Figures 5.38 and 5.39, it is clear that even

for a completely

flat/uniform underlying distribution of W and the small sample size of n = 2,
the probability distribution of W looks far more bell-shaped than the underlying
distribution. Itisclear why thisis so. Asyou move away from the mean or central
value of W, there are relatively fewer and fewer combinations of w, and w, that

can produce a given value of w. For example, to observe W =

0, you must have

W, = 0 and W, = O—that is, you must observe not one but two extreme values.
On the other hand, there are ten different combinations of w, and w, that lead to

W = 45.

Itis possible to use the same kind of logic leading to Table 5.25 to produce
exact probability distributions for W based on larger sample sizes n. But such
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Example 25
(continued)

Sample size and
the central limit
effect

Example 23
(continued)

work is tedious, and for the purpose of indicating roughly how the central limit
effect takes over as n gets larger, it is sufficient to approximate the distribution
of W viasimulation for alarger sample size. To this end, 1,000 sets of values for
iid variables W,, W,, ..., W (with marginal distribution (5.61)) were simulated
and each set averaged to produce 1,000 simulated values of W based on n = 8.
Figure 5.40 isahistogram of these 1,000 values. Notice the bell-shaped character
of theplot. (The simulated mean of W was4.508 ~ 4.5 = EW = EW, whilethe
variance of W was 1.025 ~ 1.013 = Var W = 8.25/8, in close agreement with
formulas (5.55) and (5.56).)

200

Freguency
=
(@]
o
1

01 2 3 456 7 8 9
Meanof n=8W'’s

Figure 5.40 Histogram of 1,000 simulated
values of W based onn =8

What constitutes “large n” in Proposition 3 isn’t obvious. The truth of the
matter is that what sample size is required before X can be treated as essentially
normal depends on the shape of the underlying distribution of a single observation.
Underlying distributionswith decidedly nonnormal shapes require somewhat bigger
values of n. But for most engineering purposes, n > 25 or so is adequate to make X
essentially normal for the majority of data-generating mechanisms met in practice.
(The exceptions are those subject to the occasional production of wildly outlying
values.) Indeed, as Example 25 suggests, in many cases X is essentially normal for
sample sizes much smaller than 25.

The practical usefulness of Propaosition 3 isthat in many circumstances, only a
normal tableis needed to evaluate probabilities for sample averages.

Return one more time to the stamp sale time requirements problem and consider
observing and averaging the next n = 100 excess service times, to produce

S = the sample mean time (over a 7.5 sec threshold) required to
complete the next 100 stamp sales
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And consider approximating P[S > 17].
As discussed before, an iid model with marginal exponential « = 16.5 dis-
tribution is plausible for the individual excess servicetimes, S. Then

ES=a =165sec

and

Was= &
V =,/— =1
a S 100 65 sec

are appropriate for S, via formulas (5.55) and (5.56). Further, in view of the
fact that n = 100 is large, the normal probability table may be used to find
approximate probabilities for S. Figure 5.41 shows an approximate distribution
for S and the area corresponding to P[S > 17].

The approximate probability
distribution of Sisnormal
with mean 16.5 and standard

deviation 1.65 T

Approximate P[ S> 17]

[
16 17

Figure 5.41 Approximate probability distribution for S
and P[S > 17]

As always, one must convert to z-values before consulting the standard
normal table. In this case, the mean and standard deviation to be used are (re-
spectively) 16.5 sec and 1.65 sec. That is, a z-valueis calculated as

17 -16.5
=——7—=.30
1.65

P[S> 17] ~ P[Z > .30] = 1 — ®(.30) = .38
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z-value for a
sample mean

Example 26
(Example 10 revisited)

The z-value calculated in the example is an application of the general form

_ Xk (5.62)

o

NG

pdl
< |
Q
| QI

appropriate when using the central limit theorem to find approximate probabilities
for a sample mean. Formula (5.62) is relevant because by Proposition 3, X is
approximately normal for large n and formulas (5.55) and (5.56) give its mean and
standard deviation.

The final example in this section illustrates how the central limit theorem and
some idea of a process or population standard deviation can help guide the choice
of sample sizein statistical applications.

Sampling a Jar-Filling Process

The process of filling food containers, discussed by J. Fisher in his 1983 “Quality
Progress’ article, appears (from a histogram in the paper) to have an inherent
standard deviation of measured fill weights on the order of 1.6 g. Suppose that
in order to calibrate a fill-level adjustment knob on such a process, you set the
knob and fill arun of n jars. Their sample mean net contents will then serve as
an indication of the process mean fill level corresponding to that knob setting.
Suppose further that you would like to choose a sample size, n, large enough
that a priori there is an 80% chance the sample mean is within .3 g of the actual
process mean.

If the filling process can be thought of as physically stable, it makes sense
to model the n observed net weights as iid random variables with (unknown)
marginal mean u and standard deviation o = 1.6 g. For large n,

V = the observed sample average net weight

can be thought of as approximately normal with mean . and standard deviation
o/y/n = 1.6//n (by Proposition 3 and formulas (5.55) and (5.56)).
Now the requirement that V be within .3 g of « can be written as

u—3<V<u+.3

so the problem at hand isto choose n such that

Pl[u—3<V <u+.3=.80
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Figure 5.42 pictures the situation. The .90 quantile of the standard normal distri-
butionisroughly 1.28—that is, P[—1.28 < Z < 1.28] = .8. So evidently Figure
5.42 indicates that 1« + .3 should have z-value 1.28. That is, you want

or

isdesired

128 =

(w+.3) —pn
16

n

16

3=128—
Jn

So, solving for n, asample size of n ~ 47 would be required to provide the kind
of precision of measurement desired.

P[u—.3<V<pu+.3]=.8

/ The approximate probability
distribution of V is normal

with mean p and standard

iation -%. = 16
de\/latlonﬁ =

u-.3

u p+.3

Figure 5.42 Approximate probability distribution for V

Section 5 EXercises ...

1. A type of nominal 2 inch plywood is made of
five layers. These layers can be thought of as hav-
ing thicknesses roughly describabl e asindependent
random variables with means and standard devia-
tions asfollows:

Layer Mean(in.) Standard Deviation (in.)

1 .094 .001
2 156 .002
3 234 .002
4 172 .002
5 .094 .001

Find the mean and standard deviation of total thick-
ness associ ated with the combination of these indi-
vidual values.

. The coefficient of linear expansion of brassisto be

obtained as a laboratory exercise. For a brass bar
that is L, meterslong at T;C and L, meters long
at T, C, this coefficient is

L,—L
o = 2 1
Li(T =Ty

Suppose that the equipment to be used in the lab-
oratory is thought to have a standard deviation for
repeated length measurements of about .00005 m
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and a standard deviation for repeated temperature

measurements of about .1°C.

(@ If using T, ~50°C and T, ~ 100°C, L, ~
1.00000 mand L, ~ 1.00095 m are obtained,
and it isdesired to attach an approximate stan-
dard deviation to the derived value of «, find
such an approximate standard deviation two
different ways. First, use simulation as was
done in Printout 1. Then use the propagation
of error formula. How well do your two values
agree?

(b) In this particular lab exercise, the precision of
which measurements (the lengths or the tem-
peratures) is the primary limiting factor in the
precision of the derived coefficient of linear
expansion? Explain.

(c) Withinlimits, thelarger T, — T,, the better the
value for «. What (in qualitative terms) is the
physical origin of those limits?

. Consider again the random number generator dis-

cussed in Exercise 1 of Section 5.2. Suppose that

it is used to generate 25 random numbers and that
these may reasonably be thought of as indepen-
dent random variables with common individual

(marginal) distribution as given in Exercise 1 of

Section 5.2. Let X be the sample mean of these 25

values.

(&) What are the mean and standard deviation of
the random variable X?

(b) What is the approximate probability distribu-
tion of X?

(c) Approximate the probability that X exceeds.5.

(d) Approximate the probability that X takes a
value within .02 of its mean.

Chapter 5 Exercises

1. Suppose 90% of all students taking a beginning

programming course fail to get their first program
to run on first submission. Use a binomial distri-
bution and assign probabilities to the possibilities
that among a group of six such students,

(a) dl fail ontheir first submissions

(b) at least four fail on their first submissions

Chapter 5 Probability: The Mathematics of Randomness

(e) Redo parts (a) through (d) using a sample size
of 100 instead of 25.

4. Passing a large production run of piston rings

through a grinding operation produces edge widths
possessing a standard deviation of .0004in. A sim-
ple random sample of ringsisto be taken and their
edge widths measured, with the intention of using
X as an estimate of the population mean thickness
w. Approximate the probabilities that X is within
.0001 in. of u for samplesof sizen = 25, 100, and
400.

. A pendulum swinging through small angles ap-

proximates simple harmonic motion. The period of
the pendulum, 7, is (approximately) given by

T =21 E
g

where L is the length of the pendulum and g is
the acceleration due to gravity. This fact can be
used to derive an experimental valuefor g. Suppose
that the length L of about 5 ft can be measured
with a standard deviation of about .25 in. (about
.0208 foot), and the period t of about 2.48 sec
can be measured with standard deviation of about
.1 sec. What is a reasonable standard deviation to
attach to avalue of g derived using this equipment?
Is the precision of the length measurement or the
precision of the period measurement the principal
limitation on the precision of the derived g?

(c) lessthan four fail on their first submissions

Continuing to use this binomial model,

(d) what isthe mean number who will fail?

(e) what arethe variance and standard deviation of
the number who will fail?

. Suppose that for single launches of a space shuittle,

thereisaconstant probability of O-ring failure (say,



.15). Consider ten future launches, and let X bethe

number of those involving an O-ring failure. Use

an appropriate probability model and evaluate all

of the following:

(@ P[X=72] (b) P[X > 1]

(c) EX (d) Var X

(e) the standard deviation of X

. An injection molding process for making auto

bumpers leaves an average of 1.3 visual defects

per bumper prior to painting. Let Y and Z be the

numbersof visual defectson (respectively) the next

two bumpers produced. Use an appropriate proba-

bility distribution and evaluate the following:

(& P[Y =72] (b) PLY > 1]

(© VVayY

(d) PIY+Z > 2] (Hint: What is a sensible
distribution for Y + Z, the number of blem-
ishes on two bumpers?)

. Suppose that the random number generator sup-
plied in a pocket calculator actually generates val-
uesin such away that if X isthe next value gener-
ated, X can be adequately described using a prob-
ability density of the form

k(x—52%+1 for0O<x<1

f(x) =
otherwise

(a) Evaluate k and sketch agraph of f(x) .

(b) Evduate P[X > .5], P[X >.5], P[.75>
X > .5],and P[|X — .5] > .2].

(c) Compute EX and Var X.

(d) Computeandgraph F (x), thecumulative prob-
ability function for X. Read from your graph
the .8 quantile of the distribution of X.

. Suppose that Z is a standard normal random vari-
able. Evaluate the following probabilities involv-
ing Z:

@ P[Z <113 (b) P[Z > —.54]

() P[-1.02 < Z < .06] (d) P[|Z]| < .25]

(e P[IZ] > 1.5]] (f) P[-3.0< Z< 3.0]
Find numbers # such that the following statements
about Z aretrue:

(9 P[IZ] <#
(i) PlIZ| > #

80 (h) P[Z <#] =.80
04
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6. Supposethat X isanormal random variable with
mean u = 10.2 and standard deviation o = .7.
Evaluate the following probabilitiesinvolving X:
(& P[X <10.1] (b) P[X > 10.5]

() P[9.0< X <10.3] (d) P[IX—10.2| < .25]
() P[IX —10.2] > 1.51]

Find numbers# such that thefoll owing statements
about X aretrue:

(f) P[IX—-10.2| <# = .80

(9) P[X <# = .80

(h) P[IX—-10.2| > # = .04

7. In a grinding operation, there is an upper speci-
fication of 3.150 in. on a dimension of a certain
part after grinding. Suppose that the standard de-
viation of thisnormally distributed dimension for
parts of this type ground to any particular mean
dimension i iso = .002 in. Suppose further that
you desire to have no more than 3% of the parts
fail to meet specifications. What is the maximum
(minimum machining cost) w that can be used if
this 3% requirement is to be met?

8. A 10ft cableis made of 50 strands. Suppose that,
individually, 10 ft strands have breaking strengths
with mean 45 |b and standard deviation 4 |b. Sup-
pose further that the breaking strength of a cable
is roughly the sum of the strengths of the strands
that make it up.

(@) Find aplausible mean and standard deviation
for the breaking strengths of such 10ft cables.

(b) Evauate the probability that a 10 ft cable
of this type will support a load of 2230 Ib.
(Hint: If X is the mean breaking strength of
thestrands, Y "(Strengths) > 2230isthesame
as X > (223). Now use the central limit the-
orem.)

9. Theelectrical resistivity, p, of apiece of wireisa
property of the material involved and the temper-
ature at which it ismeasured. At agiven tempera-
ture, if acylindrical piece of wire of length L and
cross-sectional area A has resistance R, the ma-
teria’s resistivity is calculated using the formula
o= %. Thus, if awire’scrosssectionisassumed
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to be circular with diameter D, the resistivity at a
given temperature is

_ RrD?
P= a0

In alab exercise to determine the resistivity of
copper at 20°C, students measure lengths, diam-
eters, and resistances of wire nominally 1.0 min
length (L), 2.0 x 10~ m in diameter (D), and
of resistance (R) .54 x 1072 €. Suppose that it
is sensible to describe the measurement preci-
sions in this laboratory with the standard devi-
ations o, ~107° m, o, #107* m, and o ~
5x 107* Q.

(a) Find an approximate standard deviation that
might be used to describe the expected pre-
cision for an experimentally derived value
of p.

Imprecision in which of the measurementsis
likely to be the largest contributor to impre-
cision in measured resistivity? Explain.

You should expect that the value derivedin (a)
underpredict the kind of variation that would
be observed in such laboratory exercises over
aperiod of years. Explain why thisis so.
Suppose that the thickness of sheets of a certain
weight of book paper have mean .1 mm and a
standard deviation of .003 mm. A particular text-
book will be printed on 370 sheets of this paper.
Find sensible values for the mean and standard
deviation of the thicknesses of copies of this text
(excluding, of course, the book’s cover).

Pairs of resistors are to be connected in paral-
lel and a differencein electrical potential applied
across the resistor assembly. Ohm's law predicts
that in such a situation, the current flowing in the
circuit will be

1 1
=V |=—+ —
(Rl i R)
where R, and R, are the two resistances and V
the potential applied. Supposethat R, and R, have

(b)

(©

12.

13.

means u, = 10 Q and standard deviations o, =

.1 Q andthat V hasmean u,, = 9voltand o, =

.2 volt.

(8 Find an approximate mean and standard de-
viation for 1, treating R;, R,, and V asinde-
pendent random variables.

(b) Based on your work in (&), would you say
that the variation in voltage or the combined
variationsin R, and R, are the biggest con-
tributors to variation in current? Explain.

Students in a materials lab are required to ex-
perimentally determine the heat conductivity of
aluminum.

(a) If student-derived valuesarenormally distrib-
uted about a mean of .5 (cal/(cm)(sec)(°C))
with standard deviation of .03, evaluate the
probability that an individual student will ob-
tain a conductivity from .48 to .52.

If student values have the mean and standard
deviation given in (a), evaluate the probabil-
ity that a class of 25 students will produce a
sample mean conductivity from .48 to .52.

If student values have the mean and standard
deviation given in (a), evaluate the probabil-
ity that at least 2 of the next 5 values pro-
duced by studentswill beintherangefrom .48
to .52.

Supposethat 10ft lengthsof acertaintypeof cable
have breaking strengths with mean u = 450 Ib
and standard deviation o = 50 Ib.

(@ If five of these cables are used to support
asingle load L, suppose that the cables are
loaded in such away that support failsif any
one of the cables has strength below . With
L = 2,000 Ib, assess the probability that the
support fails, if individua cable strength is
normally distributed. Do this in two steps.
First find the probability that a particular in-
dividual cable fails, then use that to evaluate
the desired probability.

(b) Approximate the probability that the sample
mean strength of 100 of these cablesisbelow
457 Ib.

(b)

(©)



14.

15.

16.

Find EX and Var X for a continuous distribution
with probability density

3 if0<x<1
fx)=4 7 ifl<x<?2

0 otherwise

Suppose that it is adequate to describe the 14-
day compressive strengths of test specimens of a
certain concrete mixture as normally distributed
with mean p = 2,930 psi and standard deviation
o =20 psi.

(8) Assessthe probability that the next specimen
of this type tested for compressive strength
will have strength above 2,945 psi.

(b) Use your answer to part (@) and assess the
probability that in the next four specimens
tested, at least one has compressive strength
above 2,945 psi.

(c) Assessthe probability that the next 25 speci-
mens tested have a sample mean compressive
strength within 5 psi of . = 2,930 psi.

(d) Supposethat although the particular concrete
formula under consideration in this problem
is relatively strong, it is difficult to pour in
large quantities without serious air pockets
devel oping (which can have important impli-
cations for structural integrity). In fact, sup-
pose that using standard methods of pouring,
serious air pockets form at an average rate of
1 per 50 cubic yards of poured concrete. Use
an appropriate probability distribution and as-
sess the probability that two or more serious
air pockets will appear in a 150 cubic yard
pour to be made tomorrow.

For X with a continuous distribution specified by
the probability density

Bbx for0<x<?2
f(x) =

0 otherwise

find P[X < 1.0] and find the mean, EX.

17.

18.
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The viscosity of a liquid may be measured by
placingitinacylindrical container and determin-
ing the force needed to turn acylindrical rotor (of
nearly the same diameter as the container) at a
given velocity in the liquid. The relationship be-
tween the viscosity 5, force F, area A of the side
of the rotor in contact with the liquid, the size L
of the gap between the rotor and the inside of the
container, and the velocity v at which the rotor
surface movesis

FL

UZJ

Suppose that students are to determine an experi-
mental viscosity for SAE no. 10 oil asalaboratory
exercise and that appropriate means and standard
deviationsfor themeasured variablesF, L, v, and
Ainthislaboratory are as follows:

pe = 151N o =.05N
1, = 1257 cm? o, =.2cm?
n, =.5cm o, =.05cm

v

(a) Use the propagation of error formulas and
find an approximate standard deviation that
might serve as a measure of precision for an
experimentally derived value of n from this
laboratory.

(b) Explain why, if experimental values of n ob-
tained for SAE no. 10 oil insimilar laboratory
exercises conducted over anumber of yearsat
anumber of different universities were com-
pared, the approximate standard deviation de-
rived in (a) would be likely to understate the
variability actually observed in those values.

The heat conductivity, A, of a cylindrical bar of
diameter D and length L, connected between two
constant temperature devices of temperatures T,
and T, (respectively), that conducts Q caloriesin
t secondsis

4QL
=
(T, — T)tD
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In a materials laboratory exercise to determine
A for brass, the following means and standard
deviationsfor thevariables D, L, T,, T,, Q, and t
are appropriate, as are the partia derivatives of A
with respect to the various variables (evaluated at
the means of the variables):

D L T,
"w 16cm  100cm 100°C
o dlcm dlcm 1°C
partial —.249 199 —.00199
T, Q t
m 0°C 240 cd 600 sec
o 1°C 10 cal 1sec
partial  .00199 .000825 .000332

(The units of the partia derivatives are the units
of A(cal/(cm)(sec)(°C)) divided by the unitsof the
variablein question.)

(a) Findan approximate standard deviationto as-
sociate with an experimentally derived value
of A.

(b) Which of the variables appears to be the
biggest contributor to variation in experimen-
tally determined values of A? Explain your
choice.

Suppose that 15% of al daily oxygen purities
delivered by an air-products supplier are below
99.5% purity and that it is plausible to think of
daily purities as independent random variables.
Evaluate the probability that in the next five-day
workweek, 1 or less delivered purities will fall
below 99.5%.

Suppose that the raw daily oxygen purities de-
livered by an air-products supplier have a stan-
dard deviation o ~ .1 (percent), and it is plausi-
ble to think of daily purities as independent ran-
dom variables. Approximate the probability that
the sample mean X of n = 25 delivered purities
falls within .03 (percent) of the raw daily purity
mean, /.

21. Students are going to measure Young's Modulus

for copper by measuring the elongation of a piece
of copper wire under atensile force. For a cylin-
drical wire of diameter D subjected to a tensile
force F, if theinitial length (length before apply-
ingtheforce) isL, andfina lengthisL ;, Young's
Modulus for the material in question is

AR,
=0
7D2(L, — Ly

The test and measuring equipment used in a par-
ticular lab are characterized by the standard devi-
ations

o ~ 101b

=0, = .0lin.

op A~ .00Lin.

O’Lo
and in the setup employed, F ~ 300 Ib, D ~
.050in., L,~ 10.00in.,and L, ~ 10.101in.

(a) Treating the measured force, diameter, and
lengths asindependent variableswith the pre-
ceding meansand standard deviations, find an
approximate standard deviation to attach to
an experimentally derived value of Y. (Partia
derivativesof Y at thenominal valuesof F, D,
Lo, and L, are approximately 2% ~ 5.09 x

AP 8 Y o 8
10%, 55 ~ —6.11x 10°, f* ~ 1.54 x 10°,

and d"—LYl ~ —1.53 x 10° in the appropriate
units.)

(b) Uncertainty in which of the variables is the
biggest contributor to uncertainty in'Y?

(c) Notice that the equation for Y says that for
a particular material (and thus supposedly
constant Y), circular wires of constant initia
lengths L, but of different diametersand sub-
jected to different tensile forces, will undergo
elongationsAL = L, — L of approximately

F
AL %KF

for « aconstant depending onthematerial and
theinitial length. Suppose that you decide to
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measure AL for a factorial arrangement of
levelsof F and D. Does the equation predict
that F and D will or will not have important
interactions? Explain.

Exercise 6 of Chapter 3 concernsthelifetimes (in
numbers of 24 mm deep holesdrilled in 1045 steel
before failure) of 12 D952-11 (8 mm) drills.

(8 Make anormal plot of the data given in Ex-
ercise 6 of Chapter 3. In what specific way
does the shape of the data distribution appear
to depart from a Gaussian shape?

(b) The 12 lifetimes have mean y = 117.75 and
standard deviation s~ 51.1. Simply using
these in place of © and o for the underly-
ing drill lifedistribution, use the normal table
to find an approximate fraction of drill lives
below 40 holes.

(c) Basedonyour answer to (a), if your answer to
(b) isserioudly different from thereal fraction
of drill lives below 40, is it most likely high
or low? Explain.

Metal fatigue causes cracks to appear on the skin

of older aircraft. Assume that it is reasonable to

model the number of cracks appearing on a1 m?

surface of planes of a certain model and vintage

as Poisson with mean A = .03.

(a) If 1m?isinspected, assessthe probability that
at least one crack is present on that surface.

(b) 1f 10 m? are inspected, assess the probability
that at least one crack (total) is present.

(c) If ten areas, each of size 1 m?, are inspected,
assesstheprobability that exactly oneof these
has cracks.

If a dimension on a mechanical part is normally
distributed, how small must the standard devi-
ation be if 95% of such parts are to be within
specifications of 2 cm 4+ .002 cm when the mean
dimensionisideal (u = 2 cm)?

The fact that the “exact” calculation of normal
probabilities requires either numerical integration
or the use of tables (ultimately generated using
numerical integration) has inspired many peo-
ple to develop approximations to the standard
normal cumulative distribution function. Several

26.
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of the simpler of these approximations are dis-
cussed in the articles “A Simpler Approximation
for Areas Under the Standard Norma Curve”
by A. Shah (The American Satistician, 1985),
“Pocket-Calculator Approximation for Areas un-
der the Standard Normal Curve,” by R. Norton
(The American Statistician, 1989), and “Approx-
imations for Hand Calculators Using Small In-
teger Coefficients,” by S. Derenzo (Mathematics
of Computation, 1977). For z > 0O, consider the
approximations offered in these articles:

44—
S5+ % 0<z<22
®(2) # g5(2) =y g9 22<2<26
1.00 26<z
1 2 +1.278
<I9(2)%‘JN(Z)=1—§exp(—72 )

®(2) ~ gp(2)

_1 1 o (83z+ 351)z + 562
B 2 703/z + 165

Evaluate g5(2), gy (2), and g5(2) for z= .5, 1.0,
1.5, 2.0, and 2.5. How do these values compareto
the corresponding entriesin Table B.3?

Exercise 25 concerned approximations for nor-
mal probabilities. People have also invested afair
amount of effort in finding useful formulas ap-
proximating standard normal quantiles. One such
approximationwasgiveninformula(3.3). A more
complicated one, again taken from the article by
S. Derenzo mentioned in Exercise 25, is as fol-
lows. For p > .50, lety = —In(2(1 — p)) and

0.(p) N\/ ((4y + 100)y + 205) y?
2P ((2y +56)y +192) y + 131

For p < .50, lety = —In(2p) and

Q.(p) ~ _\/ ((4y + 100)y + 205) y?
2P ((2y +56)y +192) y + 131
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Use these formulas to approximate Q,(p) for
p =.01,.05,.1,.3,.7,.9,.95, and .99. How do the
values you obtain compare with the correspond-
ing entries in Table 3.10 and the results of using
formula (3.3)?

The article “Statistical Strength Evaluation of
Hot-pressed Si;N,” by R. Govila (Ceramic Bul-
letin, 1983) contains summary statistics from an
extensive study of the flexural strengths of two
high-strength hot-pressed silicon nitrides in %1
point, 4 point bending. The values below arefrac-
ture strengths of 30 specimens of one of the ma-
terials tested at 20°C. (The units are MPa, and
the data were read from a graph in the paper
and may therefore individually differ by perhaps
as much as 10 MPa from the actual measured

values.)

514, 533, 543, 547, 584, 619, 653, 684,
689, 695, 700, 705, 709, 729, 729, 753,
763, 800, 805, 805, 814, 819, 819, 839,
839, 849, 879, 900, 919, 979

(@) The materials researcher who collected the
original databelieved the Weibull distribution
to be an adequate model for flexural strength
of this material. Make a Weibull probability
plot using the method of display (5.35) of
Section 5.3 and investigate this possibility.
Does a Weibull model fit these data?

Eye-fit aline through your plot from part (a).
Use it to help you determine an appropriate
shape parameter, 8, and an appropriate scale
parameter, «, for a Weibull distribution used
to describe flexural strength of this material
at 20°C. For aWeibull distribution with your
fitted values of o and g8, what is the median
strength? What isastrength exceeded by 80%
of such Si;N, specimens? By 90% of such
specimens? By 99% of such specimens?
Make normal plots of the raw data and of the
logarithms of the raw data. Comparing the
threeprobability plotsmadeinthisexercise, is
there strong reason to prefer aWeibull model,
a norma model, or alognorma model over

(b)

(©)

28.

29.

the other two possibilities as a description of
the flexural strength?

Eyefit lines to your plots from part (c). Use
themto hel p you determine appropriate means
and standard deviations for normal distribu-
tions used to describe flexura strength and
the logarithm of flexural strength. Compare
the .01, .10, .20, and .50 quantiles of the fit-
ted normal and lognormal distributions for
strength to the quantiles you computed in
part (b).

The article “Using Statistical Thinking to Solve
Maintenance Problems’ by Brick, Michael, and
Morganstein (Quality Progress, 1989) contains
the following data on lifetimes of sinker rollers.
Given are the numbers of 8-hour shifts that 17
sinker rollers (at the bottom of a galvanizing pot
and used to direct steel sheet through a coating
operation) lasted before failing and requiring re-
placement.

(d)

10, 12, 15, 17, 18, 18, 20, 20,
21,21, 23,25, 27, 29, 29, 30, 35

(8 Theauthorsof thearticleconsidered aWeibull
distribution to be a likely model for the life-
times of such rollers. Make a zero-threshold
Weibull probability plot for use in assessing
the reasonableness of such a description of
roller life.

Eye-fit aline to your plot in (a) and useit to
estimate parametersfor aWeibull distribution
for describing roller life.

Use your estimated parameters from (a) and
the form of the Weibull cumulative distribu-
tion function given in Section 5.2 to estimate
the .10 quantile of theroller life distribution.

The article “Elementary Probability Plotting for
Statistical Data Analysis’ by J. King (Quality
Progress, 1988) contains 24 measurements of de-
viations from nominal of a distance between two

(b)

(©)



holesdrilledin asteel plate. These are reproduced
here. The units are mm.

—-2,-2,7,-10,4,-3,0,8, 5,5, —6, 0,
2,-2,1,33,-4,-6,-13,-7,-2,2,2

(@) Make adot diagram for these data and com-
pute X and s.

(b) Make a normal plot for these data. Eye-fit a
line on the plot and use it to find graphical
estimates of a process mean and standard de-
viation for thisdeviation from nominal. Com-
pare these graphical estimateswith the values
you calculated in (a).

(c) Engineering specifications on this deviation
from nominal were 10 mm. Suppose that X
and s from (&) are adequate approximations
of the process mean and standard deviation
for this variable. Use the normal distribution
with those parameters and compute a frac-
tion of deviations that fall outside specifica-
tions. Does it appear from this exercise that
thedrilling operationiscapable (i.e., precise)
enough to produce essentially all measured
deviations in specifications, at least if prop-
erly aimed? Explain.

30. Anengineer is responsible for setting up a mon-

itoring system for a critical diameter on a turned
metal part produced in his plant. Engineering
specifications for the diameter are 1.180 in. +
.004 in. For ease of communication, the engineer
sets up the following nomenclature for measured
diameters on these parts:

Green Zone Diameters:  1.178 in. < Diameter

< 1.182in.
Red Zone Diameters. Diameter < 1.176in. or
Diameter > 1.184 in.
Yellow Zone Diameters.  any other Diameter

Suppose that in fact the diameters of parts com-
ing off the lathe in question can be thought of as
independent normal random variables with mean
© = 1.181lin.and standard deviationo = .002in.

31.

32.
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(a) Find the probabilities that a given diameter
fallsinto each of the three zones.

(b) Supposethat atechnician simply begins mea-
suring diameters on consecutive parts and
continues until a Red Zone measurement is
found. Assess the probability that more than
ten parts must be measured. Also, give the
expected number of measurements that must
be made.

Theengineer decidesto usethe Green/Yellow/Red

gauging systemin the following way. Every hour,

parts coming off the lathe will be checked. First,
asingle part will be measured. If itisinthe Green

Zone, no further action is needed that hour. If the

initial part isin the Red Zone, the lathe will be

stopped and a supervisor aerted. If the first part
isinthe Yellow Zone, a second part is measured.

If this second measurement isin the Green Zone,

no further action is required, but if it is in the

Yellow or the Red Zone, the lathe is stopped and

a supervisor aderted. It is possible to argue that

under this scheme (continuing to suppose that

measurements are independent normal variables

with mean 1.181 in. and standard deviation .002

in.), the probability that the latheis stopped in any

given hour is.1865.

(c) Usethe preceding fact and evaluate the prob-
ability that the lathe is stopped exactly twice
in 8 consecutive hours. Also, what is the
expected number of times the lathe will be
stopped in 8 time periods?

A randomvariable X hasacumulativedistribution

function

0 forx <0
F(x) = sin(x)

1 form/2 < x

forO<x <m/2

(@ Find P[X < .32].

(b) Givethe probability density for X, f(x).

(c) Evaluate EX and Var X.

Return to the situation of Exercise 2 of Section
5.4.
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Suppose that demerits are assigned to devices
of the type considered there according to the for-
mulaD =5X + .

(&) Findthe meanvalueof D, ED. (Useyour an-
swersto (¢) and (d) Exercise 2 of Section 5.4
and formula (5.53) of Section 5.5. Formula
(5.53) holds whether or not X and Y arein-
dependent.)

(b) Find the probability a device of this type
scores 7 or less demerits. That is, find
P[D < 7].

(c) On average, how many of these devices will
have to be inspected in order to find one that
scores 7 or less demerits? (Use your answer
to (b).)

Consider jointly continuous random variables X

and Y with density

forO<x<landO0O<y<1

X+Yy

x,y) =
Y 0 otherwise

() Find the probability that the product of X and
Y isat least ;.

(b) Find the marginal probability density for X.
(Noticethat Y'sissimilar.) Usethistofind the
expected value and standard deviation of X.

(c) Are X andY independent? Explain.

(d) Compute the mean of X + Y. Why can’t for-
mula (5.54) of Section 5.5 be used to find the
varianceof X +Y?

Return to the situation of Exercise 4 of Section

5.4.

(@ Find EX, Var X, EY, and VarY using the
marginal densitiesfor X and Y.

(b) Use your answer to (a) and Proposition 1 to
find the mean and variance of Y — X.

Visual inspection of integrated circuit chips, even
under high magnification, is often less than per-
fect. Suppose that an inspector has an 80% chance
of detecting any given flaw. We will suppose that
the inspector never “cries wolf”—that is, sees a
flaw where none exists. Then consider therandom
variables

X = the true number of flaws on a chip

36.

Y = the number of flaws identified by the inspector

(@) Whatisasensibleconditional distribution for
Y given that X = 5? Given that X = 5, find
the (conditional) probability that Y = 3.

Ingeneral, asensible conditional probability func-

tionfor Y given X = x isthebinomial probability

function with number of trials x and success prob-
ability .8. That is, one could use

<X> 8.2V fory =0,
fyx(y 1) = \Y 1,2,...,X
0 otherwise

Now suppose that X is modeled as Poisson with
mean A = 3—i.e,,

e 33
fx x) = x!

0 otherwise

forx=0,1,2,3,...

Multiplication of the two formulas gives a joint

probability function for X and Y.

(b) Find the (marginal) probability that Y = 0.
(Note that this is obtained by summing
f (x, 0) over all possible values of x.)

(c) Find f, (y) in general. What (marginal) dis-
tribution does 'Y have?

Supposethat cansto befilled with aliquid are cir-

cular cylinders. Theradii of these cans have mean

u, = 1.00in. and standard deviation o, = .02in.

The volumes of liquid dispensed into these cans

have mean 1, = 15.10 in. and standard devia-

tiono, = .05in.5.

(@) If thevolumes dispensed into the cans are ap-
proximately normally distributed, about what
fraction will exceed 15.07 in.3?

(b) Approximatethe probability that thetotal vol-
ume dispensed into the next 100 cans exceeds
1510.5in.2 (if the total exceeds1510.5, X ex-
ceeds 15.105).

(c) Approximate the mean y,, and standard de-
viation o;, of the heights of the liquid in the
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filled cans. (Recall that the volume of a cir-
cular cylinder is v = 7r2h, where h is the
height of the cylinder.)

(d) Doesthevariationin bottleradius or the vari-
ation in volume of liquid dispensed into the
bottles have the biggest impact on the varia-
tioninliquid height? Explain.

Suppose that a pair of random variables have the

joint probability density

F(x.y) = exp(x —y)
' otherwise

() Evaluate P[Y < 1.5].

(b) Find the marginal probability densities for X
and Y.

(c) Are X andY independent? Explain.

(d) Find the conditional probability density for
Y given X = .25, f,,(y|.25). Given that
X = .25, what is the mean of Y? (Hint: Use
fy|x(y | 25))

(Defects per Unit Acceptance Sampling) Sup-

pose that in the inspection of an incoming prod-

uct, nonconformities on an inspection unit are

counted. If too many are seen, the incoming lot

is rejected and returned to the manufacturer. (For

concreteness, you might think of blemishes on

rolled paper or wire, where aninspection unit con-

sists of acertain length of material from theroll.)

Suppose further that the number of nonconformi-

ties on a piece of product of any particular size

can be modeled as Poisson with an appropriate

mean.

() Suppose that this rule is followed: “Accept
the lot if on a standard size inspection unit,
1 or fewer nonconformities are seen.” The
operating characteristic curve of this accep-
tance sampling plan is a plot of the proba-
bility that the lot is accepted as a function of
A = themean defectsper inspection unit. (For
X = the number of nonconformities seen, X
has Poisson distribution with mean A and
OC(») = P[X < 1].) Make aplot of the op-
erating characteristic curve. List values of the

if0<x<landx=<y
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operating characteristic for » = .25, .5, and
1.0.

(b) Suppose that instead of the rule in (a), this
rule isfollowed: “Accept the lot if on 2 stan-
dard size inspection units, 2 or fewer total
nonconformities are seen.” Make aplot of the
operating characteristic curve for this second
plan and compare it with the plot from part
(). (Notethat here, for X = thetotal number
of nonconformities seen, X hasaPoisson dis-
tribution with mean 21 and OC(A) = P[X <
2].) List values of the operating characteristic
for L = .25, .5, and 1.0.

A discrete random variable X can be described
using the following probability function:

X 1 2 3 4 5

fx) 61 24 10 .04 .01

(@) Make a probability histogram for X. Also
plot F(x), the cumulative probability func-
tion for X.

(b) Find the mean and standard deviation for the
random variable X.

(c) Evaluate P[X > 3] and then find P[X < 3].

A classical data set of Rutherford and Geiger (re-
ferred to in Example 6) suggests that for a partic-
ular experimental setup involving a small bar of
polonium, the number of collisions of « particles
with a small screen placed near the bar during
an 8-minute period can be modeled as a Poisson
variable with mean A = 3.87. Consider an exper-
imental setup of thistype, andlet X and Y be (re-
spectively) the numbers of collisions in the next
two 8-minute periods. Evaluate the following:

@ P[X =2 (b) +/Var X

() P[IX+Y =¢] (d) P[X+Y >3]
(Hint for parts (c) and (d): What is a sensible
probability distribution for X + Y, the number of
collisions in a 16-minute period?)
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Suppose that X is a continuous random variable
with probability density of the form

k(x*(1-x)) for0<x<1

f(x) =
otherwise

(d) Evaluate k and sketch agraph of f (x).

(b) Evaluate P[X < .25], P[X < .75], P[.25 <
X <.75],and P[|X — .5 > .1].

() Compute EX and +/Var X.

(d) Compute and graph F(x), the cumulative
distribution function for X. Read from your
graph the .6 quantile of the distribution of X.

Suppose that engineering specifications on the

shelf depth of a certain slug to be turned on a

CNC lathearefrom .0275in. t0 .0278 in. and that

values of this dimension produced on the lathe

can be described using anormal distribution with

mean . and standard deviation o.

(@ If u =.0276 ando = .0001, about what frac-
tion of shelf depths are in specifications?

(b) What machine precision (as measured by o)
would be required in order to produce about
98% of shelf depths within engineering spec-
ifications (assuming that w isat the midpoint
of the specifications)?

The resistance of an assembly of several resistors

connected in seriesisthe sum of the resistances of

theindividual resistors. Supposethat alargelot of
nominal 10 Q resistors has mean resistance © =

9.91 2 and standard deviation of resistanceso =

.08 Q. Suppose that 30 resistors are randomly

selected from this lot and connected in series.

(@) Find a plausible mean and variance for the
resistance of the assembly.

(b) Evauate the probability that the resistance
of the assembly exceeds 298.2 Q2. (Hint: If
X is the mean resistance of the 30 resistors
involved, the resistance of the assembly ex-
ceeding 298.2 Q is the same as X exceeding
9.94 Q. Now apply the central limit theorem.)

At asmall metal fabrication company, steel rods
of aparticular type cut to length have lengthswith
standard deviation .005 in.

45,

(a) If lengths are normally distributed about a
mean p (which can be changed by atering
the setup of a jig) and specifications on this
length are 33.69 in. + .01 in., what appears
to be the best possible fraction of the lengths
in specifications? What does i« need to bein
order to achieve this fraction?

Suppose now that in an effort to determine
the mean length produced using the current
setup of thejig, asample of rodsisto be taken
and their lengths measured, with theintention
of using the value of X as an estimate of L.
Approximatethe probabilitiesthat X iswithin
.0005in. of u for samplesof sizen = 25, 100,
and 400. Do your calculations for this part of
the question depend for their validity on the
length distribution being normal? Explain.

Suppose that the measurement of the diameters of
#10 machine screws produced on a particular ma-
chine yields values that are normally distributed
withmean p and standard deviation o = .03 mm.
(@ If u = 4.68 mm, about what fraction of all
measured diameterswill fall intherangefrom
4.65 mm to 4.70 mm?

Use your value from (a) and an appropri-
ate discrete probability distribution to evalu-
ate the probability (assuming 1 = 4.68) that
among the next five measurements made, ex-
actly four will fal in the range from 4.65 mm
t0 4.70 mm.

Use your value from (a) and an appropriate
discrete probability distribution to evaluate
the probability (assuming that © = 4.68) that
if one begins sampling and measuring these
screws, the first diameter in the range from
4.65 mm to 4.70 mm will be found on the
second, third, or fourth screw measured.
Now suppose that u is unknown but isto be
estimated by X obtained from measuring a
sample of n = 25 screws. Evaluate the prob-
ability that the sample mean, X, takes avalue
within .01 mm of the long-run (population)
mean w.

(b)

(b)

(©

(d)
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(e) What sample size, n, would be required in
order to a priori be 90% sure that X from n
measurementswill fall within .005 mm of u?

The random variable X = the number of hours

till failure of a disk drive is described using an

exponential distribution with mean 15,000 hours.

(a) Evaluate the probability that a given drive
lasts at least 20,000 hours.

(b) A new computer network has ten of these
drivesinstalled on computers in the network.
Use your answer to (a) and an assumption of
independence of the ten drive lifetimes and
evaluate the probability that at least nine of
these drives are failure-free through 20,000
hours.

Miles, Baumhover, and Miller worked with a
company on a packaging problem. Cardboard
boxes, nominally 9.5 in. in length were supposed
to hold four units of product stacked side by side.
They did some measuring and found that in fact
theindividual product units had widthswith mean
approximately 2.577 in. and standard deviation
approximately .061 in. Further, the boxes had (in-
side) lengths with mean approximately 9.566 in.
and standard deviation approximately .053 in.
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(@ If X;, X,, X5, and X, arethe actual widths of
four of the product units and Y is the actual
inside length of a box into which they are to
be packed, then the “ head space” inthebox is
U=Y - (X;+ X, + X3+ X,). What area
sensible mean and standard deviation for U ?

(b) If Xy, X;, X5, X,y @and Y are normaly dis-
tributed and independent, it turns out that U
isalso normal. Supposethisisthe case. About
what fraction of the time should the company
expect to experience difficulty packing abox?
(What is the probability that the head space
as calculated in (a) is negative?)

(c) If it is your job to recommend a new mean
inside length of the boxes and the company
wishesto have packing problemsin only .5%
of the attempts to load four units of product
into a box, what is the minimum mean inside
length you would recommend? (Assume that
standard deviations will remain unchanged.)





