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FOREWORD

INTRODUCTION

This is one of a group of handbooks covering
the engineering information and quantitative
data needed in the design, development, construc-
tion, and test of military equipment which (as &
group) constitute the Army Materiel Command
Engineering Design Handbook.

PURPOSE OF HANDBOOK

The Handbook on Experimental Statistics has
been prepared as an aid to scientists and engi-
neers engaged in Army research and develop-
ment programs, and especially as a guide and
ready reference for military and civilian person-
nel who have responsibility for the planning and
interpretation of experiments and tests relating
to the performance of Army equipment in the
design and developmental stages of production.

SCOPE AND USE OF HANDBOOK

This Handbook is a collection of statistical
procedures and tables. It is presented in five
sections, viz:

AMCP 706-110, Section 1, Basic Concepts
and Analysis of Measurement Data (Chapters
1-6)

AMCP 706-111, Section 2, Analysis of Enu-
merative and Classificatory Data (Chapters
7-10)

AMCP 706-112, Section 3, Planning and
Analysis of Comparative Experiments (Chapters
11-14)

AMCP 706-113, Section 4, Special Topics
(Chapters 15-23)

AMCP 706-114, Section 5, Tables

Section 1 provides an elementary introdue-
tion to basic statistical concepts and furuishes
full details on standard statistical techniqnes
for the analysis and interpretation of measure-
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ment data. Section 2 provides detailed pro-
cedures for the analysis and interpretation of
enumerative and classificatory data. Section 3
has to do with the planning and analysis of com-
parative experiments. Section 4 is devoted to
consideration and exemplification of a number
of important but as yet non-standard statistical
techniques, and to discussion of various other
special topies. An index for the material in all
four sections is placed at the end of Section 4.
Section 5 contains all the mathematical tables
needed for application of the procedures given
in Sections 1 through 4.

An understanding of a few basic statistieal-
concepts, as given in Chapter 1, is necesssary;
otherwise each of the first four sections is largely
independent of the others. Each procedure, test,
and technigue described is illustrated by means
of a worked example. A list of authoritative
references is included, where appropriate, at the
end of each chapter. Step-by-step instrnctions
are given for attaining a stated goal, and the
conditions under which a particular procedure is
strictly valid are stated explicitly. An attempt is
made to indicate the extent to which results ob-
tained by a given procedure are valid to a good
approximation when these conditions are not
fully met. Alternative procedures are given for
handling cases where the more standard proce-
dures cannot be trusted to yield reliable results.

The Handbook is intended for the user with
an engineering background who, althongh he has
an occasional need for statistical techniques, does
not have the time or inclination to become an ex-
pert on statistical theory and methodology.

The Handbook has been written with three
types of users in mind. The first is the person
who haes had a course or two in statisties, and
who may even have had some practical experi-
enee in applying statistical methods in the past,
but who does not have statistical ideas and tech-
niques at his fingertips. For him, the Handbook
will provide a ready reference sonrce of once
familiar ideas and techniques. The second is the
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person who feels, or has been advised, that some
particular problem can be solved by means of
fairly simple statistical techniques, and is in need
of a book that will enable him to obtain the so-
lution to his problem with a minimum of outside
assistance. The Handbook should enable such a
person to become familiar with the statistical
ideas, and reasonably adept at the techniques,
that are most fruitful in his particular line of re-
scarch and development work. Finally, there is
the individual who, as the head of, or as a mem-
ber of a service group, has responsibility for ana-
lyzing and interpreting experimental and test
data brought in by scientists and engineers en-
gaged in Army research and development work.
This individual needs a ready source of model
work sheets and worked examples corresponding
to the more common applications of statistics, to
frece him from the need of translating textbook
discussions into step-by-step procedures that can
be followed by individuals having little or no
previous experience with statistical methods.

It is with this last need in mind that some
of the procedures included in the Handbook have
been explained and illustrated in detail twice:
once for the case where the important question
is whether the performance of a new material,
product, or process exceeds an established stan-
dard ; and again for the case where the important
question is whether its performance is not up to
the specified standards. Small but serious errors
are often made in changing ‘‘greater thau'’ pro-
cedures into ‘‘less than'’ procedures.

AUTHORSHIP AND ACKNOWLEDGMENTS

The Handbook on Experimental Statistics
was prepared in the Statistical Engineering Lab-
oratory, National Bureau of Standards, under a
contract with the Department of Army. The
project was under the general guidance of
Churchill Eisenhart, Chief, Statistical Engineer-
ing Laboratory.

Most of the present text is by Mary G. Na.-
trella, who had overall responsibility for the com-
pletion of the final version of the Handbook.
The original plaus for coverage, a first draft of
the text, and some original tables were prepared
by Paul N. Somerville, Chapter 6 is by Joseph

'M. Cameron; most of Chapter 1 and all of Chap-

ters 20 and 23 are by Churchill Eisenhart; and
Chapter 10 is based on a nearly-final draft by
Mary 1. Epling.

Other members of the staff of the Statistical
Engincering Laboratory have aided in various
ways through the years, and the assistance of all
who helped is gratefully acknowledged. Partic-
ular mention should be made of Norman C.
Severo, for assistance with Section 2, and of
Shirley Young Lehman for help in the collection
and computation of examples.

Editorial assistance and art preparation were
provided by John I. Thompson & Company,
Washington, D. C. Fiual preparation and ar-
rangement for publication of the Hlandbook were
performed by the Engineering Handbook Office,
Duke University.

Appreciation is expressed for the generous
cooperation of publishers and authors in grant-
ing permission for the use of their source materi-
al. Referenees for tables and other material,
taken wholly or in part, from published works,
are given on the respective first pages.

Elements of the U. 5. Army Materiel Com-
mand having need for handbooks may submit
requisitions or official requests directly to the
Publications and Reproduction Agency, Letter-
kenny Army Depot, Chambersburg, Pennsyl-
vania 17201. Contractors should submit such
requisitions or requests to their contracting of-
ficers.

Comments and suggestions on this handbook
are weleome and should be addressed to Army
Research Office-Durham, Box CM, Duke Station,
Durham, North Carolinn 27706,
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I'his listing is a guide to the Section and Chapter subject coverage in all Sections of the Hand-
book on Experimental Statistics.

Chapter Title
No.

AMCP 706-110 (SECTION 1) — BASIC STATISTICAL CONCEPTS AND
STANDARD TECHNIQUES FOR AMALYSIS AND INTERPRETATION OF
MEASUREMENT DATA

1 — Some Basic Statistical Concepts and Preliminary Considerations

2 — Characterizing the Measured Performance of a Material, Produet, or Process

3 — Comparing Materials or Products with Respect to Average Performance

4 — Comparing Materials or Products with Respect to Variability of Performance

5 — Characterizing Linear Relationships Between Two Variables

6 — Polynomial and Multivariable Relationships, Analysis by the Method of Least Squares

AMCP 706-111 (SECTION 2) — ANALYSIS OF ENUMERATIVE AND
CLASSIFICATORY DATA

7 — Characterizing the Qualitative Performance of a Material, Prodnet, or ’rocess
R --- Comparing Materials or Products with Respect to a Two-Fold Classifiention of Performance
(Comparing Two Percentages)
9 — Comparing Materials or I'roducts with Respect to Several Categories of Performanee (Chi-Square
Tests)
10 -— Scnsitivity Testing

AMCP 706-112 (SECTION 3) — THE PLANNING AND ANALYSIS OF
COMPARATIVE EXPERIMENTS

11 — General Considerations in Planning Experiments

12 — Factorial Experiments

13 — Randomized Blocks, Latin Squares, and Other Special-I’urpose Designs
14 — Experiments to Determine Optiznum Conditions or Levels

AMCPF 706-113 (SECTION 4) — SPECIAL TOPiCS

15 — Some ‘“Short-Cut'’ Tests for Small Samples from Normal Populations
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CHAPTER 1

SOME BASIC STATISTICAL CONCEPTS AND
PRELIMINARY CONSIDERATIONS

1-1

Statistics deals with the collection, apal-
ysis, interpretation, and presentation of
numerical data. Statistical methods may be
divided into two classes—descriptive and in-
ductive. Desecriptive statistical methods are
those which are used to summarize or de-
scribe data. They are the kind we see used
everyday in the newspapers and magazines.

INTRODUCTION

Inductive statistical methods are used when
we wish to generalize from a small body of
data to a larger system of similar data. The
generalizations usually are in the form of
estimates or predictions. In this handbook
we are mainly concerned with inductive sta-
tistical methods.

1-2 POPULATIONS, SAMPLES, AND DISTRIBUTIONS

The concepts of a population and a sample
are basic to inductive statistical methods.
Equally important is the concept of a distri-
bution.

Any finite or infinite collection of individ-
ual things—objects or events—constitutes a
population. A population (also known as a
universe) is thought of not as just a heap of
things specified by enumerating them one
after another, but rather as an aggregate
determined by some property that distin-
guishes between things that do and things
that do not belong. Thus, the term popula-
tion carries with it the connotation of com-
pleteness. In contrast, a sample, defined as
a portion of a population, has the connota-
tion of incompleteness.

Examples of populations are:

(a) The corporals in the Marines on July
1, 19566.

1-1

(b) A production lot of fuzes.

(¢) The rounds of ammunition produced
by a particular production process.

(d) Fridays the 13th.

(e) Repeated weighings of the powder
charge of a particular round of ammunition.

(f) Firings of rounds from a given pro-
duction lot.

In examples (a), (b), and (c¢), the “indi-
viduals” comprising the population are ma-
terial objects (corporals, fuzes, rounds) ; in
{d) they are periods of time of a very re-
stricted type; and in (e) and (f) they are
physical operations. Populations (a) and
(b) are clearly finite, and their constituents
are determined by the official records of the
Marine Corps and the appropriate produc- .
tion records, respectively. Populations (c),
(d), and (e) are conceptually infinite. Off-
hand, the population example (f) would
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seem to be finite, because firing is a destruc-
tive operation; but in order to allow for vari-
ation in quality among “firings” performed
In accordance with the same general proce-
dure it is sometimes useful, by analogy with
repetitive weighings, to regard an actual
firing as a sample of size one from a con-
ceptually infinite population of *“possible”
firings, any one of which might have been
associated with the particular round con-
ceived. In this connection, note that in exam-
ples (e) and (f) the populations involved
are not completely defined until the weighing
and firing procedures concerned have been
fully specified.

Attention to some characteristic of the
individuals of a population that is not the
same for every individual leads immediately
{0 recognition of the distribution of this
characteristic in the population. Thus, the
heights of the corperals in the Marines on
July 1, 1956, the burning times of a produc-
tion lot of fuzes, and the outcomes of succes-
sive weighings of a powder charge (“ob-
served weights” of the charge) are examples
of distributions. The presence or absence of
an attribute is a characteristic of an indi-
vidual in a population, such as “tatooed’ or
“not tatooed” for the privates in the Marines.
This kind of characteristic has a particularly
simple type of distribution in the population.

Attention to one, two, three, or more
characteristics for each individual leads to
a2 univariate, bivariate, trivariate, or multi-
variate distribution in the population. The
examples of populations given previously
were examples of univariate distributions.
Simultaneous consideration of the muzzle
velocities and weights of powder charges of
rounds of ammunition from a given produc-
tiorr process determines a bivariate dis-
tribution of these characteristics in the
population. Simultaneous recognition of the
frequencies of each of a variety of different
types of accidents on Friday the 13th leads
to a multivariate distribution. In connection

.

with these examples, note that, as a general
principle, the distribution of a characteristic
or a group of characteristics in a population
is not completely defined until the method or
methods of measurement or enumeration in-
volved are fully specified.

The distribution of some particular prop-
erty of the individuals in a population is a
collective property of the population; and
80, also, are the average and other charac-
teristics of the distribution. The methods of
inductive statiStics enable us to learn about
such population characteristics from a study
of samples.

An example will illustrate an important
class of derived distributions. Suppose we
select 10 rounds of ammunition from a given
lot and measure their muzzle velocities when
the rounds are fired in a given test weapon.
Let X be the average muzzle velocity of the
10 rounds. If the lot is large, there will be
many different sets of 10 rounds which could
have been obtained from the lot. For each
such sample of 10 rounds, there will corre-
spond an average muzzle velocity X;. These
averages, from all possible samples of 10,
themselves form a distribution of sample
averages. This kind of distribution is called
the sampling distribution of X for samples of
size 10 from the population concerned. Sim-
ilarly, we may determine the range R of
muzzle velocities (i.e., the difference between
the largest and the smallest) for each of all
possible samples of 10 rounds each. These
ranges B; (1 = 1, 2, ...) collectively deter-
mine the sampling distribution of the range
of muzzle velocities in samples of size 10
from the population concerned. The methods
of inductive statistics are based upon the
mathematical properties of sampling distri-
butions of sample statistics such as X and R.

Let us summarize: A population in Sta-
tistics corresponds to what in Logic is termed
the ‘““‘universe of discourse”—it's what we
are talking about. By the methods of in-
ductive statistics we can learn, from a study
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of samples, only about population character-
istics—only about collective properties of the
populatipns represented by the individnals
in the samples-—not about characteristics
of specific individuals with unique idiosyn-

crasies. The population studied may be large
or small, but there must be a population; and
it should be well defined. The characteristic
of intercst must be a collective property of
the population.

1-3 STATISTICAL INFERENCES AND SAMPLING

1-3.1  STATISTICAL INFERENCES

{f we were willing or able to examine an
entire population, our task would be merely
that of describing that population, using
whatever numbers,. figures, or charts we
cared to use. Since it is ordinarily incon-
venient or impossible to observe every item
in the population, we take a sampie—a por-
tion of the population. Our task is now to
generalize from our observations on this
portion (which usually is small) to the popu-
lation. Such generalizations about charac-
teristics of a population from a study of one
or more samples from the population are
termed statistical inferences.

Statistical inferences take two forms:
estimates of the magnitudes of population
characteristics, and tests of hypotheses re-
garding population characteristics. Both are
useful for determining which among two or
more courses of action to follow in practice
when the *‘correct” course is determined by
some particular but unknown characteristic
of the population.

Statistical inferences all involve reaching
conclusions about population characteristics
(or at least acting as if one had reached such
conclusions) from a study of samples which
are known or assumed to be portions of the
population concerned. Statistical inferences
are basically predictions of what would be
found to be the case if the parent populations
could be and were fully analyzed with respect
to the relevant characteristic or character-
istics.

A simple example will serve to bring out
a number of essential features of statistical

inferences and the methods of inductive sta-
tistics. Suppose that four cards have been
drawn from a deck of cards and have been
found to be the Ace of Hearts, the Five of
Diamonds, the Three of Clubs, and the Jack
of Clubs. The specific methods discussed in
the following paragraphs will be ijllustrated
from this example,

First of all, from the example, we can
clearly conclude at once that the deck con-
tained at least one Heart, at least one Dia-
mond, and at least two Clubs. We also can
conclude from the presence of the Five and
the Three that the deck is definitely not a
pinochle deck., These are perhaps trivial in-
ferences, but their validity is above question
and does not depend in any way on the
modus operandi of drawing the four cards.

In order to be able to make inferences of
a more substantial character, we must know
the nature of the sampling operation that
yielded the sample of four cards actually ob-
tained. Suppose, for example, that the sam-
pling procedure was as follows: The cards
were drawn in the order listed, each card
being selected at random from all the cards
present in the deck when the card was drawn.
This defines a hypothetical population of
drawings. By using an appropriate tech-
nique of inductive statistics—essentially, a
“catalog” of all possible samples of four,
showing for each sample the conclusion to
be adopted whenever that sample occurs—
we can make statistical inferences about
properties of this popuiation of drawings.
The statistical inferences made will be rig-
orous if, and only if, the inductive technique
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used is appropriate to the sampling proce-
dure actually employed.

Thus, by taking the observed proportion
of Clubs as an estimate of the proportion of
Clubs in the abstract population of drawings,

we may assert: the proportion of Clubs is’

50%. Since random sampling of the type
assumed assures that the proportion of Clubs
in the population of drawings is the same
as the proportion of Clubs in the deck, we
may assert with equal validity: the propor-
tion of Clubs in the deck is 50%. If the deck
concerned actually was a standard bridge
deck, then in the present instance our esti-
mate is wrong in spite of being the best
single estimate available.

We know from experience that with sam-
ples of four we cannot expect to “hit the nail
on the head” every time. If instead of at-
tempting to make a single-number estimate
we had chosen to refer to a ‘“catalog” of
interval estimates (see, for example, Table
A-22*), we would have concluded that the
proportion of Clubs is between 14% and
86% inclusive, with an expectation of being
correct 9 times out of 10. If the deck was
in fact a standard bridge deck, then our
conclusign is correct in this instance, but its
validity depends on whether the sampling
procedure employed in drawing the four
cards corresponds to the sampling procedure
assumed in the preparation of the ‘“catalog”
of answers.

It is important to notice, moreover, that
strictly we have a right to make statistical
inferences only with respect to the hypo-
thetical population of drawings defined by
the sampling operation concerned. In the
present instance, as we shall see, the sam-
pling operation was so chosen that the pa-
rameters (i.e.,, the proportions of Hearts,
Clubts, and Diamonds) of the hypothetical
population of drawings coincide with the
corresponding parameters of the deck.

* The A-Tablea refesrenced in this handbook are
contained in Seetion 5, AMCP 706-114.

1-4

Hence, in the present case, inferences about
the parameters of the population. of draw-
ings may be interpreted as inferences about
the composition of the deck. This empha-
sizes the importance of selecting and em-
ploying a sampling procedure such that the
relevant parameters of the population of
drawings bear a known relation to the cor-
responding parameters of the real-life situ-
ation. Otherwise, statistical inferences with
respect to the population of drawings carried
over to the real-life population will be lack-
ing in rigor, even though by luck they may
sometimes be correct.

1-3.2 RANDOM SAMPLING

In order to make valid nontrivial gener-
alizations from samples about characteristics
of the populations from which they came,
the samples must have been obtained by a
sampling scheme which insures two condi-
tions:

(a) Relevant characteristics of the popu-
lations sampled must bear a known relation
to the corresponding characteristics of the
population of all possible samples associated
with the sampling scheme.

(b) Generalizations may be drawn from
such samples in accordance with a given
“book of rules” whose validity rests on the
mathematical theory of probability.

If a sampling scheme is to meet these two
requirements, it is necessary that the selec-
tion of the individuals to be included in a
sample involve some type of random selec-
tion, that is, each possible sample must have
a fixed and determinatc probability of selec-
tion. (For a very readable expository dis-
cussion of the general principles of sampling,
with examples of some of the more common
procedures, see the article by Cochran, Mos-
teller, and Tukey!". For fuller details see,
for example, Cochran’s book®.

The most widely useful type of random
selection is simple (or unrestricted) random
sampling. This type of sampling is defined
by the requirement that each individual in
the population has an equal chance of being
the first member of the sample; after the
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first member i3 selected, each of the remain-
ing individuals in the population has an
equal chance of being the second member
of the sample; and so forth. For a sampling
scheme to qualify as simple random sam-
pling, it is not sufficient that “each individual
in the population have an equal chance of
appearing in the sample,” as is sometimes
said, but it is sufficient that ‘“‘each possible
sample have an equal chance of being se-
lected.” Throughout this handbook, we shall
assume that all samples are random samples
in the sense of having been obtained by sim-
ple random sampling.

1t cannot be overemphasized that the ran-
domness of a sample is inherent in the sam-
pling scheme employed to obtain the sample
and not an intrinsic property of the sample
itself, Experience teaches that it is not safe
to assume that a sample selected haphaz-
ardly, without any conscious plan, can be
regarded as if it had been obtained by simple
random sampling. Nor does it seem to be
possible to consciously draw a sample at
random. As stated by Cochran, Mosteller,
and TukeytV,

We insist on some semblance of mechanical (dice,
coing, random number tables, etc.) randomization
before we treat a sample from an existent popula-
tion as if it were random. We realize that if some-
one just “grabs a handful,” the individuals in the
handful almost always resemble one another (on the
average) more than do the members of a simple
random sample. Even if the “grabs’” are randomly
spread around so that every individual has an equal
chance of entering the sample, thers are difficulties.
Since the individuals of grab samples resemble one
another more than do individunals of random sam-
ples, it follows (by a simple mathemsatical argu-
ment) that the means of grab sampler resemble
one another lers than the meuns of random samples
of the same size. From a grab sample, therefore,
we tend to underestimatc the variability in the
population, although we should have to overestimate
it in order to obtain valid estimates of variability
of grab sample means by substituting such an esti-
mate into the formula for the variability of means
of simple random samples. Thus, using simple ran-
dom sample formulas for grab sample means intro-
duces a double bias, bath parts of which lead to an
unwarranted appearance of higher stability.

Instructions for formally drawing a sample
at random from a particular population are
given in Paragraph 1-4.

Finally, it needs to be noticed that a par-
ticular sample often qualifies as “a sample”
from any one of several populations. For ex-
ample, a sample of n rounds from a single
carton is a sample from that carton, from
the production lot of which the rounds in
that carton are a portion, and from the pro-
duction process concerned. By drawing these
rounds from the carton in accordance with
a simple random sampling scheme, we can
insure that they are a (simple) random sam-
ple from the carton, not from the produc-
tion lot or the production process. Only
if the production process is in a “state of
statistical control’” may our sample also be
considered to be a simple random sample
from the production lot and the production
process. In a similar fashion, a sample of
repeated weighings can validly be consid-
ered to be a random sample from the con-
ceptually infinite population of repeated
weighings by the same procedure only if
the weighing procedure is in a state of sta-
tistical control (see Chapter 18, in Section 4,
AMCP 706-113).

It is therefore important in practice to
know from which of several possible “par-
ent” populations a sample was obtained by
simple random sampling. This population is
termed the sampled population, and may be
quite different from the population of inter-
est, termed the target population, to which
we would like our conclusions to be applica-
ble. In practice, they are rarely identical,
though theé difference is often small. A sam-
ple from the target population of rounds of
ammaunition produced by a particular pro-
duction process will actually be a sample
from one or more production lots (sampled
population), and the difference between sam-
pled and target populations will be smaller
if the sampled population comprises a larger
number of production lots. The further the
sampled population is removed from the
target population, the more the burden of
validity of conclusions is shifted from the
shoulders of the statistician to those of the
subject matter expert, who must place
greater and greater (and perhaps unwar-
ranted) reliance on *‘other considerations.”
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1-4 SELECTION OF A RANDOM SAMPLE

As has been brought out previously, the
method of choosing a sample is an all-im-
portant factor in determining what use can
be made of it. In order for the techniques
described in this handbook to be valid as
bases for making statements from samples
about populations, we must have unrestricted
random samples from these populations. In
practice, it is not always easy to obtain a
random sample from a given population.
Unconscious selections and biases tend to
enter. For this reason, it is advisable to use
a table of random numbers as an aid in se-
lecting the sample. Two tables of random
numbers which are recommended are by
L. H. C. Tippett® and The Rand Corpora-
tion®. These tables contain detailed instruc-
tions for their use. An excerpt from one of
these tables®’ is given in Tabie A-36. This
sample is included for illustration only; a
larger table should be used in any actual
problem. Repeated use of the same portion
of a table of random numbers will not
satisfy the requirements of randomness.

An illustration of the method of use of
tables of random numbers follows. Suppose
the population consists of 87 items, and we
wish to select a random sample of 10. Assign
to each individual a separate two-digit num-
ber between 00 and 86. In a table of ran-
dom numbers, pick an arbitrary starting
place and decide upon the direction of read-

ing the numbers. Any direction may be
used, provided the rule is fixed in advance
and i3 independent of the numbers occurring.
Read two-digit numbers from the table, and
select for the sample those individuals whose
numbers occur until 10 individuals have been
selected. For example, in Table A-36, start
with the second page of the Table (p. T-83),
column 20, line 6, and read down. The 10
items picked for the sample would thus be
numbers 38, 44, 13, 73, 39, 41, 35, 07, 14,
and 47.

The method described is applicable for
obtaining simple random samples from any
sampled population consisting of a finite set
of individuals. In the case of an infinite
sampled population, these procediires do not
apply. Thus, we might think of the sampled
population for the target population of
weighings as comprising all weighings which
might conceptually have been made during
the time while weighing was done. We can-
not by mechanical randomization draw a
random sample from this population, and so
must recognize that we have a random sam-
ple only by assumption. This assumption
will be warranted if previous data indicate
that the weighing procedure is in a state of
statistical control; unwarranted if the con-
trary is indicated; and a leap in the dark if
no previous data are available,

1-5 SOME PROPERTIES OF DISTRIBUTIONS

Although it is unusua! to examine popula-
tions in their entirety, the examination of a
large sample or of many small samples from
a population can give us much information
about the general nature of the population's
characteristics.

One device for revealing the general na-
ture of a population distribution is a histo-

gram. Suppose we have a large number of
observed items and a numerical measure-
ment for each item, such as, for example, a
Rockwell hardness reading for each of 5,000
specimens. We first make a table showing
the numerical measurement and the num-
ber of times (i.e., frequency) this measure-
ment was recorded.

~—
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Rockwell

Hardness

Number Frequency
56 1
56 17
57 135
68 503
59 1,110
60 1,470
61 1,120
62 490
63 126
64 26
65 3

Data taken, by permission, from Sampling Inspection by
Varicbles by A. H. Bowker and H. P, Goode, Copyright, 1952,
MeGraw-Hlll Book Company, Inc.

From this frequency table we can make the
histogram as shown in Figure 1-1. The
height of the rectangle for any hardness
range is determined by the number of items
in that hardness range. The rectangle is
centered at the tabulated hardness value. If
we take the sum of all the rectangular areas
to be one square unit, then the area of an
individual rectangle is equal to the propor-
tion of items in the sample that have hard-
ness values in the corresponding range.
When the sample is large, as in the present
instance, the histogram may be taken to
exemplify the general nature of the corre-
sponding distribution in the populsation.

If it were possible to measure hardness in
finer intervals, we would be able to draw a
larger number of rectangles, smaller in
width than before. For a sufficiently large
sample and a sufficiently fine “mesh,” we
would be justified in blending the tops of the
rectangles into a continuous curve, such as
that shown in Figure 1-2, which we could
expect to more nearly represent the under-
lying population distribution.
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Figure 1-1. Histogram representing the dis-
tribution of 5,000 Rockwell hardness
readings.

Reproduced by permission from Sampling Inspection dy Vari-
ables by A. H. Bowker and H. P. Goode, Copyright, 1952,
MeGraw-Hill Book Company. Inec.
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Figure 1-2. Normal curve fitted to the dis-
tribution of 5,000 Rockwell hardness

readings.
Reprod d by per from Sampling Imepection by Vari.
ables by A. H. Bowker and H. P. Goode, Copyright, 1952,

McGraw-Hil Book Company, Ine.
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If we were to carry out this sort of scheme
on a large number of populations, we would
find that many different curves would arise,
as illustrated in Figure 1-3. Possibly, the
majority of them would resemble the class
of symmetrical bell-shaped curves called
“normal” or “Gaussian” distributions, an ex-
ample of which is shown in the center of
Figure 1-3. A normal distribution is uni-
modal, i.e,, has only a single highest point
or mode, as also are the two asymmetrical
curves in the lower left and upper right of
Figure 1-3.

A “normal” distribution is completely de-
termined by two parameters: m, the arith-
metic mean (or simply “the mean’”) of the
distribution, and o, the standard deviation
(often termed the “population mean” and
“population standard deviation’’}. The vari-
ance of the distribution is o2. Since a nor-
mal curve is both unimodal and symmetrical,

|
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Figure 1-3. Frequency distributions
of various shapes.
Adapted with permission from Elements of Statistical Rezsoning

by A. E. Treloar, Copyright, 1939,
John Wiley & Sons, Ine.
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Figure 1-4. Three different normal

distributions.

m is also the mode and the value which di-
vides the area under the curve in half, i.e.,

the median. It is useful to remember that
o is the distance from m to either of the two

inflection points on the curve. (The inflec-
tion point is the point at which the curve
changes from concave upward to concave
downward.) This is a special property of
the normal distribution. More generally, the
mean of a distribution m is the “center of
gravity” of the distribution; o is the “radius
of gyration” of the distribution about m, in
the language of mechanics; and o2 is the
second moment about m.

The parameter m is the location param-
eter of a normal distribution, while o is a
measure of its spread, scatter, or dispersion.
Thus, a change in m merely slides the curve
right or left without changing its profile,
while a change in o widens or narrows the
curve without changing the location of its
center. Three different normal curves are
shown in Figure 1-4. (All normal curves in
this section are drawn so that the area un-
der the curve is equal to one, which is a
standard convention.)

Figure 1-5 shows the percentage of ele-
ments of the population contained in various
intervals of a normal distribution. z is the
distance from the population mean in units of
the standard deviation and is computed using
the formula z = (X-m) /o, where X repre-
sents any value in the population. Using z
to enter Table A-1, we find P, the proportion
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of elements in the population which have
values of z smaller than any given z. Thus,
as shown in Fig. 1-5, 34.183% of the popula-
tion will have values of z between 0 and 1
(or between 0 and —1) ; 13.59% of the popu-
lation, between 1 and 2 (or between —1 and A

~2); 2.14% between 2 and 3 (or between —2 34.13%

and —-3); and .14% beyond 3 (or beyond —3). B
Figure 1-5 shows these percentages of the 13.59%
population in various intervals of z. C

2.14%
For example, suppose we know that the

chamber pressures of a lot of ammunition .14%
may be represented by a normal distribu- ¥
tion, with the average chamber pressure m = -3 =2 -1 0 1 2 3
50,000 psi and standard deviation o = 5,000 '
. _ X ~50,000 : SR =

psi. Then z ——W——and we know (Fig.

1-5) that if we fired the lot of ammunition

in the prescribed manner we would expect

50% of the rounds to have a chamber pres-

sure above 50,000 psi, 15.9% to have pres-

sures above 55,000 psi, and 2.3% to have Figure 1-5. Percentage of the population in
pressures above 60,000 psi, ete. various intervals of a normal distribution.

1.9
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1-6 ESTIMATION OF m and ¢

In areas where a lot of experimental work
has been done, it often happens that we know
m or o, or both, fairly accurately. However,
in the majority of cases it will be our task
to estimate them by means of a sample. Sup-
pose we have n observations, X,, X,, . . ., X,
taken at random from a normal population.
From a sample, what are the best estimates
of m and o? Actually, it is usual to com-
pute the best unbiased estimates of m and o?,
and then take the square root of the estimate
of o? as the estimate of o. These recom-
mended estimates of m and o* are:*

1“
X=HZX"

-1

PR Y- A= oY

8! = =1

X and s* are the sample mean and sample
estimate of variance, respectively. (s is often
called “the sample standard deviation,” but
this is not strictly correct and we shall avoid
the expression and simply refer to s.) For
computational purposes, the following for-
mula for s* is more convenient :

=1 Ul §

nin-1)

8t

* The Greek symbol X is often used as shorthand
for “the sum of.”” For example,

4
ZX|=X1+X:+XJ+XA

=1

Z (XI+YI) = (X|+ Y)) + (XI+Y]) + (Xa+Y')

=1

3
_Z XY, =XY, + XY, + X.Y,

Zc=c+c+c=8c

1-10

Nearly every sample will contain differ-
ent individuals, and thus the estimates X
and s? of m and o* will differ from sample
to sample. However, these estimates are
such that “on the average” they tend to be
equal to m and o7 respectively, and in this
sense are unbiased. If, for example, we have
a large number of random samples of size
7, the average of their respective estimates
of o? will tend to be near o*. Furthermore,
the amount of fluctuation of the respective
s?’s about o (or of the X’s about m, if we
are estimating m) will be smaller in a cer-
tain well-defined sense than the fluctuation
would be for any estimates other than the
recommended ones. For these reasons, X
and s? are called the “best unbiased” esti-
mates of m and o?, respectively.*

As might be expected, the larger the sam-
ple size n, the more faith we can put in the
estimates X and s*. This is illustrated in
Figures 1-6 and 1-7. Figure 1-6 shows the
distribution of X (sample mean) for samples
of various sizes from the same normal dis-
tribution. The curve for n = 1 is the distri-
bution for individuals in the population. All
of the curves are centered at m, the popula-

* On the other hand, & is not an unbiased esti-
mator of 0. Thus, in samples of size n from a nor-
mal distribution, the situation is:

s is an unbiased

Sample size, n estimator of:

2 0.797 «o
3 0.886
4 0.921
b 0.940
6 0.952
7 0.959
8 0.966
9 0.969
10 0.8738
20 0.987
30 0.991
40 0.994
60 0.996
120 0.998
-] 1.000
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tion mean, but the scatter becomes less as n
gets larger. Figure 1-7 shows the diatribu-
tion of s* (sample variance) for samples of
various sizes from the same normal distri-
bution.

Figure 1-6. Sampling distribution of X for
random samples of size n from a normal
population with mean m.

Reproduced by permission from The Methods of Statistics,
4th ed., by L. H. C. Tippett, Copyright, 1952, John Wiley &
Sons, tne,

Figure 1-7.  Sampling distribution of s* for
sample size n from a normal population
with ¢ = 1.

Adapted with permission from Some Theory of Sompling, by
W. Edwards Deming, Copyright, 1950, John Wiley & Sons, Inec.

1-7 CONFIDENCE INTERVALS

Inasmuch as estimates of m and o vary
from sample to sample, interval estimates
of m and o may sometimes be preferred to
“single-value” estimates. Provided we have
a random sample from a normal population,
we can make interval estimates of m or o
with a chosen degree of confidence. The level
of confidence is not associated with a par-
ticular interval, but is associated with the
method of calculating the interval. The in-
terval obtained from a particular sample
either brackets the true parameter value
(m or o, whichever we are estimating) or
does not. The confidence coefficient y is sim-
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ply the proportion of samples of size n for
which intervals computed by the prescribed
method may be expected to bracket m (or
o). Such intervals are known as confidence
intervals, and always are associated with a
prescribed confidence coefficient. As we
would expect, larger samples tend to give
narrower confidence intervals for the same
level of confidence.

Suppose we are given the lot of ammuni-
tion mentioned earlier (Par. 1-5) and wish
to make a confidence interval estimate of
the average chamber pressure of the rounds
in the lot. The true average is 50,000 psi,
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although this value is unknown to us. Let
us take a random sample of four rounds and
from this sample, using the given procedure,
calculate the upper and lower limits for our
confidence interval, Consider all the possi-
ble samples of size 4 that could have been

taken, and the resulting confidence intervals
computed from each. If we compute 50%
(90%) confidence intervals, then we expect
50% (909%) of the computed intervals to
cover the true value, 50,000 psi. See Fig-
ure 1-8.

60,000

A [ zll“:lll 1 1“1 .“Il [ I|.'1| |||I Lllhl Ll 1' | 1” Al
50,000 |]u|l“i' AL L 1 B LA I-r RLANMEL || — i
.|'”'1|| Al ! ||.|l|]| '|| N ||’l'
40,000 SRRV WU U N A NN SO SR SRS W
_ CASE A,50 % CONFIDENCE INTERVALS
70,000
60,000

HTHARARITAING .HI Al Tl i

50,00
O AR
40,000 } - ]
o L
30,000 N TORN SO W SR | PR NN SH WU YRR SN UV VR SR SN SN WO N A
0] 10 20 30 40 50 60 70 80 90 100

CASE B,90 % CONFIDENCE INTERVALS

Figure 1-8. Computed confidence intervals for 100 samples of size } drawn at random from
a normal population with m = 50,000 psi, ¢ = 5,000 psi. Case A shows 509, confidence
intervals; Case B shows 909 confidence intervals.

Adapted with permission from ASTM Manual on Quality Control of Materials, Copyright, 1951, American Society for Testing
Materials.
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In Case A of Figure 1-8, 51 of the 100
intervals actually include the true mean. For
50% confidence interval estimates, we would
expect in the long run that 50% of the inter-
vals would include the true mean. Fifty-one
out of 100 is a reasonable deviation from the
expected 50%. In Case B, 90 out of 100 of
the intervals contain the true mean. This is
precisely the expected number for 90% inter-
vals. '

Note also (Fig. 1-8) that the successive
confidence intervals vary both in position
and width. This is because they were com-
puted (see Par, 2-1.4) from the sample

m+20-1

m+ 1o

m=1lo

AMCP 706-110

statistics X and s, both of which vary from
sample to sample. If, on the other hand,
the standard deviation of the population
distribution o were known, and the con-
fidence intervals were computed from the
successive X’s and o (procedure given in
Par. 2-1.5), then the resulting confidence
intervals would all be the same width, and
would vary in position only.

Finally, as the sample size increases, con-
fidence intervals tend not only to vary less
in both position and width, but also to
“pinch in” ever closer to the true value of
the population parameter concerned, as illus-
trated in Figure 1-9.

n = 1000

°
SR
-
8

M
40 0 5

SAMPLE NUMBER

Figure 1-9. Computed 507, confidence intervals for the population mean m from 100
samples of 4, 40 samples of 100, and 4 samples of 1000.

Adapted with permission from Statistical Method frow the Viewpoint of Quality Control by W. A. Shewhart (edited by W. Edwards
Deming), Coprright, 1939, Graduate School, U.8. Department of Agriculture, Washington, D. C.
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1-8 STATISTICAL TOLERANCE LIMITS

Sometimes what is wanted is not an esti-
mite of the mean and variance of the popu-
Intion distribution but, instead, two outer
values or limits which contain nearly all of
the population values. For example, if ex-
tremely low chamber pressures or extremely
high chamber pressures might cause serious
problems, we may wish to know approxi-
mate limits to the range of chamber pres-
sures in a lot of ammunition. More spe-
cifically, we may wish to know within what
limits 99%, for example, of the chamber
pressures lie. If we knew the mean m and
standard deviation o of chamber pressures
in the lot, and if we knew the distribution
of chamber pressures to be normal (or very
nearly normal), then we could take m — 3o
and m + 3o as our limits, and conclude that

50

approximately 99.7% of the chamber pres-
sures lie within these limits (see Fig. 1-6).
If we do not know m and o, then we may
endeavor to approximate the limits with
statistical tolerance limits of the form
X ~ Ks and X + Ks, based on the sample
statistics X and s, with K chosen so that we
may expect these limits to include at least P
percent of the chamber pressures in the lot,
at some prescribed level of confidence a.

Three sets of such limits for P = 99.7%,
corresponding to sample sizes n = 4, 100,
and 1,000, are shown by the bars in Figure
1-10. It should be noted that for samples of
size 4, the bars are very variable both in
location and width, but that for n = 100 and
n = 1,000, they are of nearly constant width

m+30 o

~lg 4

Q
i

w0 |

m~30 -k

y

~
-

l | — J

T L4
80 100 0 20 40 0 5

SAMPLE NUMBER

Figure 1-10. Computed statistical tolerance limits for 99.79, of the population from 100
samples of size 4, 40 samples of stze 100, and 4 samples of stze 1000.

Adapted with permission from Statistical Method from the Viewpoint of Quality Control by W. A, Shewhart (edited by W. Edwards
Deming). Copyright, 1939, Graduate School, U.S. Department of Agriculture, Washington, D. C,

1-14



USING STATISTICS TO MAKE DECISIONS  AMCP 706-110

and position-—and their end points approxi-
mate very closely to m — 30 and m + 3o0. In
other words, statistical tolerance intervals
tend to a fixed size (which depends apon £)
as the sample size increases, whereas con-
fidence intervals shrink down towards zero
width with increasing sample size, as illus-
trated in Figure 1-9.

The difference in the meanings of the
terms confidence intervals, statistical toler-
ance limits, and engineering tolerance limits

should be noted. A confidence interval is an
interval within which we estimate a given
population parameter to lie (e.g., the poputa-
tion mean m with respect to some character-
istie). Statistical tolerance limits for a given
population are limits within which we ex-
pect a stated proportion of the population
to lie with respect to some measurable char-
acteristic. Engineering tolerance limits are
specified outer limits of acceptability with
respect to some characteristic usually pre-
scribed by a design engineer.

1-9 USING STATISTICS TO MAKE DECISIONS

1-9.1 APPROACH TO A DECISION PROBLEM

Consider the following more-or-less typical
practical situation: Ten rounds of a new
type of shell are fired into a target, and the
depth of penetration is measured for each
round. The depths of penetration are 10.0,
11.1, 10.5, 105, 11.2, 10.8, 9.8, 12.2, 11.0,
and 9.9 cm. The average penetration depth
of the comparable standard shell is 10.0 cm,
We wish to know whether the new type shells
penetrate farther on the average than the
standard type shells.

If we compute the arithmetic mean of the
ten shells, we find it is 106.70 em. QOur first
impulse might be to state that on the aver-
age the new shell will penetrate 0.7 cm.
farther than the standard shell. This, in-
deed, is our best single guess, but how sure
can we be that this actuslly is close to the
truth? One thing that might catch our notice
is the variability in the individual penetra-
tion depths of the new shells. They range
from 9.8 em. to 12.2 em. The standard devi-
ation as measured by s calculated from the
sample is 0.73 ecm. Might not our sample of
ten shells have contained some atypical ones
of the new type which have unusually high
penetrating power? Could it be that the new
shell is, on the average, no better than the
standard one? If we were obliged to decide,
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on the basis of the results obtained from
these ten shells alone, whether to keep on
making the standard shells or to convert
our equipment to making the new shell, how
can we make a valid choice?

A very worthwhile step toward a solution
in such situations is to compute, from the
data in hand, a confidence interval for the
unknown value of the population parameter

.of interest. The procedure {(given in Par.

2-1.4) applied to the foregoing depth-of-
penetration data for the new type of shell
yields the interval from 10.18 to 11.22 cm.
as a 95% confidence interval for the popu-
lation mean depth of penetration of shells
of the new type. Inasmuch as this interval
lies entirely to the right of the mean for
the standard shell, 10.00 ¢m., we are jus-
tified in concluding that the new shell is,
on the average, better than the standard,
with only a 5% risk of being in error.
Nevertheless, tuking other considerations
into account (e.g., cost of the new type, cost
of changing over, etc.), we may conclude
finally that the improvement—which may be
as little as 0.18 cm., and probably not more
than 1.22 em.—is not sufficient to warrant
conversion to the new type. On the other
hand, the evidence that the new type is al-
most certainly better pius the prospect that
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the improvement may be as great as 1.22 c¢cm.
may serve to recommend further develop-
mental activity in the direction ‘“pioneered”
By the new type.

A somewhat different approach, which
provides a direct answer to our question
“Could it be that the new shell is on the
average no better than the standard?” but
not to the question of whether to convert to
the new type, is to carry out a so-called fest
of significance (or test of a statistical hy-
pothesis). In the case of the foregoing ex-
ample, the formal procedure for the corre-
sponding test of significance (Par. 3-2.2.1)
turns out to be equivalent (as explained in
AMCP 706-113, Chapter 21) to noting whether
or not the confidence interval computed does
or does not include the population mean for
the standard shell (10.0 cm.). If, as in the
present instance, the population mean for
the standard shell is not included, this is
taken to be a megative answer to our ques-
tion. In other words, this is taken to be
conclusive evidence (at the 5% level of sig-
nificance) against the null hypothesis that
“the new shell is on the average no better

than the standard.” Rejection of the null °

hypothesis in this case is equivalent to ac-
cepting the indefinite alternative hypothesis
that “the new shell is betfer on the average
than the standard.” If, on the other hand,
the population mean for the standard shell
18 included in the confidence interval, this
is taken as an affirmative answer to our
question—not in the positive sense of defi-
nitely confirming the null hypothesis (‘is
no better”), but in the more-or-less neutral
sense of the absence of conclusive evidence
to the contrary.

As the foregoing example illustrates, an
advantage of the confidence-interval ap-
proach to a decision problem is that the con-
fidence interval gives an indication of how
large the difference, if any, is likely to be,
and thus provides some of the additional
information usually reeded to reach a final
decision on the action to be taken next. For
many purposes, this is a real advantage of
confidence intervals over tests of significance.

However, all statistical decision problems
are not amenable to solution via confidence
intervals. For instance, the question at issue
may be whether or not two particular char-
acteristics of shell performance are mutually
independent. In such a situation, any one
of a variety of tests of significance can be
used to test the null hypothesis of ‘“‘no de-
pendence.” Some of these may have a rea-
sonably good chance of rejecting the null
hypothesis, and thus ‘“‘discovering” the ex-
istence of a dependence when a dependence
really exists—even though the exact nature
of the dependence, if any, is not understood
and a definitive measure of the extent of
the dependence in the population is lacking.

A precise test of significance will be possi-
ble if: (a) the sampling distribution of some
sample statistic is known (at least to a good
approximation) for the case of “no depend-
ence”; and (b) the effect of dependence on
this statistic is known (e.g., tends to make
it larger). For a confidence-interval ap-
proach to be possible, two conditions are
necessary: (a) there must be agreement on
what constitutes the proper measure (pa-
rameter) of dependence of the two charac-
teristics in the population; and, (b) there
must be a sample estimate of this depend-
ence parameter whose sampling distribution
is known, to a good approximation at least,
for all values of the parameter. Confidence
intervals tend to provide a more complete
answer to statistical decision problems when
they are available, but tests of significance
are of wider applicability.

1-9.2 CHOICE OF NULL AND ALTERNATIVE
HYPOTHESES

A statistical test always involves a null
hypothesis, which is considered to be the
hypothesis under test, as against a class of
alternative hypotheses. The null hypothesis
acts as a kind of “origin” or ‘“base’” (in the
sense of “base line”’), from which the alter-
native hypotheses deviate in one way or an-
other to greater and lesser degrees. Thus,
in the case of the classical problem of the
tossing of a coin, the null or base hypothesis
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specifies that the probability of “heads” on
any single trial equals 1/2. If, in a par-
ticular situation, the occurrence of “heads”
were an advaniage, then we might be par-
ticularly interested in the one-gided class of
alternative hypotheses that the probability
of “heads” on any single trial equals P,
where P is some (unknown) fraction ex-
ceeding 1/2. If neither “heads” nor ‘tails”
were intrinsically advantageous, but a bias
in favor of either could be employed to ad-
vantage, then we could probably be inter-
ested in the more general two-sided class
of alternative hypotheses specifying that the
probability of “heads” on any single toss
equals P, where P is some fraction (less
than, or greater than, but) nof equal to 1/2.

The important point is that the null hy-
pothesis serves as an origin or base. In the
coin-tossing instance, it also happens to be
a favored, or traditional, hypothesis. This
is merely a characteristic of the example
selected. Indeed, the null hypothesis is often
the very antithesis of what we would really
like to be the case.

1-93 TWO KINDS OF ERRORS

In basing decisions on the outcomes of
statistical tests, we always run the risks of
making either one or the other of two types
of error. If we reject the null hypothesis
when it is true, e.g., announce a difference
which really does not exist, then we make an
Error of the First Kind. If we fail to reject
a null hypothesis when it is false, e.g., fail
to find an improvement in the new shell over
the old when an improvement exists, then
we make what is called an Error of the Sec-
ond Kind. Although we do not know in a
given instance whether we have made an
error of either kind, we can know the prob-
ability of making either type of error.

1-9.4 SIGNIFICANCE LEVEL AND OPERATING

CHARACTERISTIC (OC) CURVE O
A STATISTICAL TEST ’

The risk of making an error of the first
kind, a, equals what is by tradition called

the level of significance of the test. The risk
of making an error of the second kind, B,
varies, az one would expect, with the magni-
tude of the real difference, and is summa-
rized by the Operating Characteristic (OC)
Curve of the test. See, for example, Figure
3-5. Also, the risk 8 of making an error of
the second kind increases as the risk a of
making an error of the first kind decreases.
Compare Figure 3-6 with Figure 3-6. Only
with “large” sampies can we “have our cake
and eat it {0o”~-and then there is the cost
of the test to worry about.

1-9.5 CHOICE OF THE SIGNIFICANCE LEVEL

The significance level of a statistical test
is essentially an expression of our reluctance
to give up or “reject” the null hypothesis.
If we adopt a “stiff” significance level, 0.01
or even 0.001, say, this implies that we are
very unwilling to reject the null hypothesis
unjustly. A consequence of our ultracon-
gservatism in this respect will usually be that
the probability of not rejecting the null hy-
pothesis when it is really false will be large
unless the actual deviation from the null
hypothesis is large. This is clearly an en-
tirely satisfactory state of aflairs if we are
quite satisfied with the status quo and are
only interested in making a change if the
change represents a very substantial im-
provement. For example, we may be quite
satisfied with the performance of the stand-
ard type of shell in all respects, and not be
willing to consider changing to the new type
uaniess the mean depth of penetration of the
new type were at least, say, 20% better
(12.0 em.}.

On the other hand, the standard shell may
be unsatisfactory in a number of respects
and the question at issue may be whether
the new type shows promise of being able
to replace it, either “as is’’ or with further
development. Here “rejection” of the null
hypothesis would not imply necessary aban-
donment of the standard type and shifting
over to the new type, but merely that the
new type shows ‘“‘promise” and warrants
further investigation. In such a situation,
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one could afford a somewhat higher risk of
rejecting the null hypothesis falsely, and
would take a« = 0.05 or 0.10 (or even 0.20,
perhaps), in the interest of increasing the
chances of detecting a small but promising
improvement with a smail-scale experiment.
In such exploratory work, it is often more
important to have a good chance of detecting
a small but promising improvement than to
protect oneself against erying “wolf, wolf”
occasionally—because the “wolf, wolf’’ will
be found out in due course, but a promising
approach to improvement could be lost for-
ever.

In summary, the significance level a of
a statistical test should be chosen in the
light. of the attending circumstances, includ-
ing costs. We are sometimes limited in the
choice of significance level by the availability
of necessary tables for some statistical tests.
Two values of a, « = .05 and a = .01, have
been most frequently used in research and
development work; and are given in tabula-
tions of test statistics. We have adopted
these “standard” levels of significance for
the purposes of this handbook.

1-9.6 A WORD OF CAUTION

Many persons who regularly employ sta-
tistical tests in the interpretation of research
and development data do not seem to realize
that all probabilities associated with such
tests are calculated on the supposition that
some definite set of conditions prevails.
Thus, «, the level of significance (or proba-
bility of an error of the first kind), is com-
puted on the assumption that the null hy-
pothesis is strictly true in all respects; and
B, the risk of an error of the second kind,
is computed on the assumption that a par-
ticular specific alternative to the null hypoth-
esis is true and that the statistical test con-
cerned is carried out at the a-level of signifi-
cance. Consequently, whatever may be the
actual outcome of a statistical test, it is
mathematically impossible to infer from the

outcome anything whatsoever about the odds
for or against some particular set of condi-
tions being the truth.

Indeed, it is astonishing how often errone-
ous statements of the type “since r exceeds
the 1% level of significance, the odds are 99
to 1 that there is a correlation between the
variables” occur in research literature. How
ridiculous this type of reasoning can be is
brought out by the following simple exam-
ple ®: The American Experience Mortality
Table gives .01008 as the probability of an
individual aged ‘41 dying within the year.
if we accept this table as being applicable to
living persons today (which is analogous to
accepting the published tables of the signif-
icance levels of tests which we apply to our
data), and i¢f a man’s age really is 41, then
the odds are 99 to 1 that he will live out the
year. On the other hand, if we accept the
table and happen to hear that some promi-
nent individual has just died, then we cannot
(and would not) conclude that the odds are
99 to 1 that his age was different from 41.
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