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Statistics and Statistical Thinking

“The field of statistics deals with the collection, presentation, analysis and

use of data to make decisions, solve problems, and design products and

processes.”
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Lecture 1, January 21
Statistics

@ Moore (Ostle, Turner, Hicks and McElrath 1996) defines statistics as
“the science of gaining information in the face of uncertainty.”

@ Generally the field of statistics is divided into two major branches:
descriptive and inferential
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@ Devore and Farnum (1999) define descriptive statistics in the following

manner.
an investigator who has collected data may wish simply to summa-

rize and describe important features of the data. This entails using
methods from descriptive statistics. Some of these methods are
graphical in nature—the construction of histograms, boxplots, and
scatter plots are primary examples. Other descriptive methods
involve calculation of numerical summary measures, such as means,
standard deviations and correlation coefficients.

@ Chapter 6 of the textbook emphasize descriptive statistics
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FIGURE 1.5-2 Scatter plot of number of distressed rings per launch against tem-
perature (all data)
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Lecture 1, January 21
Inferential Statistics

@ Devore and Farnum (1999) gives the following description of inferential

statistics
Having obtained a sample from a population, an investigator would

frequently like to use sample information to draw some type of
conclusion (make an inference of some sort) about the population.
That is, the sample is a means to an end rather than an end in
itself. Techniques for generalizing from a sample to a population
are gathered within the branch of our discipline called inferential
statistics.

@ The field of inferential statistics can be further subdivided into two
general areas: estimation and hypothesis testing

@ Chapters 4 - 14 of the textbook focus ¢n inferential statistics
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Statistical Thinking

@ The textbook points out that statistical methods are used to help us
describe and understand variability

e Variability is the differences in successive observations of a system or
phenomenon

@ Vining (1998) gives the following definition of statistical thinking
Only by “thinking statistically” can engineers truly address the

problems inherent in the variability in real data. When we think
statistically, we come to know that all decisions based on real data
involve risk and uncertainty. Good decisions require us to quantify
this risk. As we become more mature in our thinking, we understand
that there are sources or causes of variability. Discovering these
sources and removing them are often the keys to engineering
success.
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MANE 3332.03 Lecture 1, January 21

Population vs. Sample

The concept of populations, samples, parameters and statistics is very
important. The following definitions are taken from Ostle, Turner, Hicks
and McElrath (1996)

e Population: the totality of all possible values (measurements, counts,
and so on) of a particular characteristic for a specific group of objects

@ Population parameters: a numerical descriptive measure of a
lati h isti - NS,
population characteristics }\/ B | Hon S5 Use Gree K Ledder o

@ Sample: a portion of the population that is selected according to some

rule or plan R e
D

@ Sample statistics: a numerical descriptive measure of a particular
characteristic based upon the sample values
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MANE 3332.03 Lecture 1, January 21

Enumerative vs. Analytical Studies

@ Deming introduced the concept of enumerative versus analytical studies

@ Enumerative study is one in which a sample is used to make inference
on the current population. This is the safest use of statistical
estimation.

@ Analytical study is one in which inference is applied to future
populations. There is nothing wrong with this approach. However, you

must be aware that there is an inherent assumption of stability
—_——
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MANE 3332.03 Lecture 1, January 21

Data

@ Most statistical methods are data-driven
@ Data are almost always a sample from a population or populations

@ Engineering data are usually collected in 3 ways:
o A retrospective study based on historical data,
e An observational study,

o A designed experiment —)  ylleér< \l ;YV’Q
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“Happenstance” Data

@ Box, Hunter and Hunter (1978) group retrospective studies and
observational studies as “happenstance” data

@ They point out the following dangers:
@ Inconsistent data
© Range of variables limited by control
© Semiconfounding of effects
© Nonsense correlation — beware the lurking variable
© Serially correlated errors
© Dynamic relationships

@ Feedback
@ So why use happenstance data? a~ a:\o L)C 21 C}\Qoﬁb
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MANE 3332.03 Lecture 1, January 21

Designed Experiments

@ “In a designed experiment, the engineer makes deliberate or purposeful
changed; in controllable variables (called factors) of the system,
observes the resulting system output, and then makes a decision or an
inference about which variables are responsible for the changed that he
or she observes in the output performance.”

@ “An important distinction between a designed experiment and either an
observational or retrospective study is that the different combinations
of the factors of interest are applied randomly to a set of experimental
units.”

@ Box, Hunter and Hunter (1978) present a table (shown below) that
clarifies how designed experiments avoid the problems that occur in the
analysis of happenstance data
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TABLE 14.16. Experimental design procedures for avoiding the problems that occur

in the analysis of happenstance data
Problems in the analysis of Experimental design procedures for avoiding
happenstance data such problems
1. Inconsistent data Blocking and randomization
2. Range limited by control Experimenter makes own choice of ranges for the
variables

3. Semiconfounding of effects Use of designs such as factorial that provide
uncorrelated estimates of the separate effects

4. Nonsense correlations due Randomization
to lurking variables
5. Serially correlated errors Randomization*
6. Dynamic relationships Where only steady-state characteristics are of

interest,t sufficient time is allowed between
successive runs for process to settle down

7. Feedback Temporary disconnection of feedback system}

* Many time series records are historical data that are necessarily happenstance in
nature, for example, various economic series such as unemployment records. Here the
use of experimental design (in particular, randomization) is impossible, but the investi-
gator can allow for serial correlation in the statistical model (see Chapter 18 and, e.g.,
Box and Jenkins, 1970).

t When dynamic characteristics must be estimated, special experimental designs in
the time variable may be employed.

¥ When this is impossible, one may proceed by modeling the feedback system (Box
and Jenkins, 1970: Box and MacGregor, 1974, 1976).
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MANE 3332.03 Lecture 1, January 21

Data Collected Over Time

“Thne Sreies

e

e Often data is collected over time (either retrospective, observational or
designed experiments)

@ Most elementary statistical techniques assume that the observations
are independent (not always a good assumption)

@ The correct term for data collected over time is a time series

@ Time series analysis does not assume that the observations are
independent over time
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MANE 3332.03 Lecture 1, January 21
Models

@ “Models play an important part in engineering analysis”

@ From the statistical point of view, we will divide models into two
categories: mechanistic and empirical

@ All models have these characteristics:
e One or more observed outcomes that we wish to understand or predict

e These outcomes are referred to as the response or dependent
variable(s)

The set of variables (factors) that influence response variables is called
the independent or regressor variables

(]

A functional relationship between the dependent and independent
variables
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Lecture 1, January 21
Mechanistic Models

@ Mechanistic models are based upon our understanding of the physical
systems affecting the response variable

@ An engineer uses his knowledge, experience and training in
mathematics, physics, chemistry and engineering to develop a
mathematical expression that defines the response variable as a
function of the regressor variable

@ Textbook uses Ohm's law; consider a wind generator

@ Statistical techniques can augment mechanistic models

I 19/30
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Empirical Models

7i'b +q')(|*ctn—)(z

@ There are many situations in which engineers and scientist do not have
a clear understanding of the physical systems of a phenomenon.
However, there is some knowledge that a set of regressor variables
influences a response variable(s)

@ An empirical model is not build upon explicit knowledge of the
physical phenomenon

@ Empirical variables do not prove or disprove that a variable has an
affect on the response variable(s)
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MANE 3332.03 Lecture 1, January 21

Regression Models

@ The most popular method of developing empirical models is the use of
linear regression models

@ It is assumed that the response variable can be modelled by a low-order
polynomial equation of the regressor variables

@ Very common approach

@ Consider the example from Lawson and Erjavec (2001)
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10.1 A study of the relationship between rough weight (X) and finished weight (Y) of castings was
made. A sample of 12 casings was examined and the data presented below:

X Y
Rough weight Finished Weight

3.715 3.055
3.685 3.020
3.680 3.050
3.665 3.015
3.660 3.010
3.655 3.015
3.645 3.005
3.630 3.010
3.625 2.990
3.620 3.010
3.610 3.005
3.595 2.985

a) Make a scatter plot to see the relationship between Xand Y.

b) Use the method of least squares to calculate the coefficients in the simple linear regression
model, Y = a+bX.

¢) Calculate the standard errors of the estimated coefficients and determine if they are
significant at the 95% confidence level.
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MANE 3332.03 Lecture 1, January 21

Regression Plot

fshed_wel = 115659 + 0 508251 rough_weight

=00110333 RA-Sg=Ti8%

finished wei

rough_weight
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Regression Plo!
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We develop an elementary mathematical model by making certain simplifying
assumptions aboot the lsunch conditions and neglecting all frictional effects. Most
of the physical are from simple [see Kerber
(6) for the details]. Under these conditions, a mechanical analysis of the catapalt
leads to the equarion

Lg  (R+ Rycosd ) P
T e = 1 'F(8) sin(¢ + 8)d¥
4} (sind(Rcosf, + ry) L)

)
- cs\ F(#) cos(¢ + 8} d — (Mgrg + mgry)(sin, - sindy) [4h)

where Iy is the moment of inertia of the moment arm/ball combisatioa relative to
the pivot point 0. 8y and §, are the initial and launching angles, M and m are the
masses of the moment arm and ball, respectively, and 7 is the distance from 0 1o

the mass ceoter G of the moment arm. The remaining dimensioas are shown in
Figure 2

In Eq. (1), F(8) is the force exerted by the rubber band on the moment srm. In
general, this force is a function of the current arm position, 8. However, it also
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Figure 2. Schematic of the caapult with dimessicas
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This equation is & Taylor series approximation of & true mechanistic model [ S
relating the four factors to the distance the ball travels. Inserting the appropriste &
values from Table 1 into Eq, (2) results in

The previous pre qui ca be used as # model of the pro- g\\‘“e>
oess provided we use coded values (—1) or (+1) for each

achieve any desired distance, for example, S0 inches, you simgply set the predicted

distance, ¥ equal 1o 50. Since you now have one equation with several variables,

yoe must select a desired sesting for all but one unknown and thea solve for it

Foe example, setting ¥ = S0 results in

5078844224+ 10.2849.86C - D4266C+ 140585 - D4+8614-D+52D (4)

fand D= —1 and solving for C results in a coded C

Seting A= —1, B
it the high,

value of .83. The uncoded values of C were 150° at the low and 17
therefore you need to interpolase the actual value for C as shown below

1747 1m

Actiml value 150
s

N + t t

Codedvalue | _, 0 2 i

where the actual setting s determined 10 be 174.7%. As a result, you should be
able 1o configure the catapult with
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