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Abstract 
Measurement System Analysis provides a formal method to evaluate the accuracy and precision 
of a measurement gauge. Although it is an important topic, it is typically omitted in introductory 
statistics classes, and often only receives cursory coverage in lab.  This paper describes how this 
topic is introduced through experiential learning to ChE sophomores at Oregon State University 
(OSU).  The introductory concepts are presented in class where a “text book” example allows 
students to inductively learn how to decompose the variance components of a measurement 
gauge.  In a homework assignment, students are asked to work through a case study from 
industry. This analysis leads to the quantification of the gauge’s precision in terms of 
repeatability and reproducibility.  They are then asked to perform a similar analysis on 
measurements that they take in the lab from a different gauge.  In this lab, they make a series of 
thickness measurements of silicon dioxide films using an ellipsometer; however, in principle, 
this approach can be applied to any measurement system available in the undergraduate lab.  In 
their report, they are required to calculate the repeatability and reproducibility of the gauge “by 
hand” in Excel. The experimental results and calculations are assessed by the instructor with 
output from commercial statistics software package, StatGraphics; thus, the accuracy of the 
numerical results of each group can be checked even though they all have independent data sets. 
In Spring 2003, 49 students completed this case study/lab project. The assessment of this group 
and improvements implemented in Spring 2004 will be presented. 
 
Introduction 
As educators are well aware, the customary educational setting in which students develop 
problem solving skills is one where the numerical values presented are specific and absolute.  
The deterministic nature of the end-of-chapter type problems is imbedded in their minds well 
before students even matriculate.  However, as practicing engineers, they will confront the 
variation associated with measured data in the real world. Statistics can be defined as the science 
of how to collect, analyze, interpret and present data with the purpose of understanding variation 
in a system. A key objective of integrating statistics into the ChE curriculum is to have students 
recognize variation is inevitable, and teach them skills to quantify the variation and make 
engineering decisions which account for it. Indeed, the importance of statistics is well recognized 
in the chemical engineering community.  For example, several recent articles in Chemical 
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Engineering Progress have focused on applied statistics.1-5  Many chemical engineering 
programs have incorporated statistics into their curriculum.6  Several ChE specific courses in 
applied statistics have been recently reported.7-10 The example presented here provides a hands-
on example of how to quantify the variation associated with a measurement gauge.  This material 
can either be integrated directly into an introductory statistics class or, alternatively, taught as a 
“module” in a core ChE class, as is done at Oregon State University. 
  
Experimental or process data are obtained through a measurement system.  Values of variables 
such as temperature, pressure, flow rate, concentration, thickness, etc. are needed to analyze and 
control processes.   If we are not able to adequately make measurements, we cannot hope to 
make useful decisions.   The first step in assessing and analyzing data should be to characterize 
the measurement system.  Measurement System Analysis evaluates the measurement instruments 
in order to determine their accuracy and estimate the sources of variation and their extent.  The 
process of evaluating a particular set of measurement instruments is often called a gauge study.  
For example, a gauge study is the first step in the formal process and equipment qualification 
plan developed by SEMATECH, a government supported consortium of major US 
semiconductor manufacturers.11,12  In fact, many interns and recent college graduates are tasked 
with executing gauge studies.   However, most engineering statistics textbooks either omit this 
topic13-21 or, at best, cover it in a cursory manner.22 This paper describes how this topic is 
introduced to ChE sophomores through experiential learning.  The introductory concepts are 
presented in class where a “text book” example allows students to inductively learn how to 
decompose the variance components of a measurement gauge.  In a homework assignment, 
students are asked to work through a case study from industry, which is then reviewed in class. 
They are then asked to perform a similar analysis on measurements that they take in the lab from 
a different gauge.   This topic not only gives process engineers a useful tool for immediate 
practice but also provides a useful platform to learn about variation and variance. 
 
Measurement System Analysis 
The major concepts of measurement system analysis are first introduced in a class handout.a  A 
measurement process is the acquisition of data in a specified way using a gauge or measuring 
instrument.  The objective of a gauge study is to characterize the location (central tendency) and 
variability (dispersion) of the measurements.  From this information, we can determine if the 
measurement system is capable for the purpose for which we need the data. 
  
Concepts of accuracy, calibration, bias, stability and linearity are introduced to characterize the 
location of the measurements. The accuracy of a measurement process is the difference between 
the observed average of the measurements and the true value.  The true value is determined from 
a standard, if available, or it can be approximated by measuring with the best measuring 
equipment available.  The observed average is determined by a series of measurements with the 
measurement system in question.  Bias is defined as the difference between the average value of 
all measurements and the true value.  Thus, the less bias a gauge exhibits, the more accurate it is.  
A measurement device (gauge) can be calibrated to reduce bias.  Stability is a measure of how 
consistent the measured values are over time.  

                                                
a Contact the author if you want a copy of the handout, examples and homework problems. 
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The variation in the measurement system is characterized by its precision.  Precision is the 
degree of agreement between measurements on a specific sample.  It consists of variation from 
two sources: repeatability and reproducibility.  
 
   Precision = Repeatability + Reproducibility 
 
These components are illustrated graphically in terms of a characteristic normal distribution in 
Figure 1. The repeatability is the variation of measurements when a single instrument is used to 
measure a sample under a fixed set of external conditions.  It represents the inherent variability 
of the measurement instrument, itself. The reproducibility is the variation in the measurements 
due to different conditions when measuring identical samples such as different operators, 
environments, or measuring instruments.  It represents the variability that results from using the 
measurement system to make measurements under different conditions of normal use.  The 
learning activities that follow (case study and lab) illustrate how to account for the variability in 
a measurement system.  From the results, it can be assessed if the measurement system is 
capable.  If it is not capable, this analysis allows one to determine if the variability is inherent in 
the gauge or if there is an opportunity to improve the measurement process without replacing the 
gauge. 
 

reproducability

Operator 1

Operator 3

Operator 2

repeatability

 
Figure 1. Components of precision including reproducibility and repeatability 

 
 
Gauge R&R Case Study 
The case study introduced is based on data collected by an OSU ChE interning at Merix 
Corporation, a printed circuit board manufacturer in Forest Grove, ORb.  This study was 
performed to evaluate the capability of a video micrometer in use and assess if newer 
instruments needed to be purchased.  While the experimental design is an important component 
to this process, that methodology is not covered and the design that was used is simply presented.   
 
Three different samples, n, are measured by four different operators, m.  Each operator 
performed three repeated readings, k on each sample. The samples were taken at random from 

                                                
b While the data from Merix were used, the analysis that follows differs significantly. 
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production. The operators and samples are treated as random factors  (as opposed to fixed 
factors), i.e., the factor levels that are specifically used in the experiment are chosen at random 
from a larger population of levels.  Table 1 shows the measured values in mils (1 mil = 25 µm) 
of the line width of metal lines on a printed circuit board. Since many students are visual 
learners, it is useful to represent the data and their sources of variation graphically.  Figure 2 
shows a depiction of the 36 values of line width from this gauge study.  This particular study was 
chosen in part since the sample size is amenable to such a graphical representation.  The values 
of measured line width are given on the x-axis.  The nine values of operator Brad data are shown 
on the top third of the figure, Operators Jon, Tim and Edger follow.  The three values obtained 
by each operator for each sample are presented in order, followed by the next sample, and the 
third. The scatter in the data relative to the x-axis is an indication of the variance in the 
measurement system. 
 
Table 1. Measured values of line width (in mils) for the video micrometer gauge study 
 
 Operator: Brad     Operator: Jon 

 
 Operator: Tim     Operator: Edgar 

Sample  Reading Measurement  Sample  Reading Measurement 
 1 5.08   1 5.08 
1 2 5.16  1 2 4.98 
 3 4.94   3 4.98 
 1 6.16   1 5.55 
2 2 5.84  2 2 5.53 
 3 5.82   3 5.62 
 1 6.01   1 6.03 
3 2 5.99  3 2 5.89 
 3 6.00   3 5.94 

Sample  Reading Measurement  Sample  Reading Measurement 
 1 5.21   1 4.98 
1 2 5.01  1 2 5.01 
 3 5.12   3 4.99 
 1 5.91   1 5.63 
2 2 6.09  2 2 5.84 
 3 6.06   3 5.85 
 1 6.02   1 5.90 
3 2 6.08  3 2 5.96 
 3 5.95   3 5.95 
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  Figure 2. Graphical representation of data from the case study. 
 
The quantification of the precision and its reduction into components of repeatability and 
reproducibility is based on the variation in the measured data.  Through the technique of analysis 
of variance (ANOVA), we can decompose the total variation of the system into components 
corresponding to different sources of variation.23   We develop the concept of variance 
components heuristically in analogy to definitions of standard deviation and variance, which are 
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already known. In fact, this approach captures the essence of inductive learning, where students 
learn the generalized theory from specific examples that they have investigated closely.24 In the 
following analysis, these calculations are illustrated using the data from Table 1.  
  
Repeatability measures the variability inherent in the micrometer, itself, when all the external 
conditions of the measurement process are identical.  To determine the repeatability, we compare 
the deviation of each measured value from the average of all the repeated measurements from the 
same sample, n, and the same operator, m, which is labeled 

  

! 

x mn .  It is useful to have students 
draw in lines that demark 

  

! 

x mn  for each of the 12 cases in Figure 2.  We can see that the deviation 
of a repeated reading from its average, with all conditions being the same, is given by 

  

! 

xkmn " x mn( ) , where k is the number of the repeated measurement.  The variance from each 

point is then the square of the deviation, 
  

! 

xkmn " x mn( )
2

.  The total variation due to this 
component is given by the sum of the squares, SSrepeated, by summing over all 36 data points: 
 
 

  

! 

SSrepeated = xkmn " x mn( )
2

k,m,n

# = 0.200 mil
2[ ]    (1) 

 
The expression above uses a triple sum over repeated readings, operators and samples.  The 
numerical value that is given in Equation 1 corresponds to the data from Table 1.  The 
calculations are performed in a computer-enhanced class by the students using a spreadsheet so 
they can “see” where the numbers come from.  We next need to scale this value appropriately.  
Thus, we divide SSrepeated by the degrees of freedom to get the mean squares of the repeated 
measurements, MSrepeated. The degrees of freedom is equal to the number of independent 
elements in SSrepeated.  Once we know the average 

  

! 

x mn , only k-1 elements are independent for 
each pair of n and m.  Thus, the degrees of freedom are given by nm(k-1) and the mean squares 
is:  
 

 
  

! 

MSrepeated =
SSrepeated

nm k "1( )
= 0.00831 mil

2[ ]     (2) 

 
The expected value of the population standard deviation, σ, is defined as:  
 
 

! 

E(MSrepeated ) =" repeated

2       (3) 

  
The reproducibility, in this gauge study is characterized by the variance in values due to 
differences in the measurement process, in this case  between operators.  Reproducibility can 
also be assigned to different environments, different gauges, etc.  Only one external source of 
variation is examined in this study; however, for completeness as many sources of variation as 
possible that influence the measured values should be included.  This variance component can 
also be understood in terms of the graph in Figure 2.  It is given as the difference between the 
grand average 

! 

x  and the average of all measurements by a given operator 

! 

x 
O
. The variance 

component that is used to calculate the reproducibility is demarked by colored arrows; for 
example a blue arrow is used for the operator John.  Summing over all four operators gives: 
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! 

SSOperator = x " x m( )
2

k,m,n

# = kn x " x m( )
m

#
2

= 0.234 mil
2[ ]  (4) 

 
where the value k and n can be pulled outside the sum since they are averaged in both terms.  
Again the mean sum of the squares is found by dividing by the degrees of freedom to get: 
 

 

! 

MSOperator =
SSOperator

m "1( )
= 0.0781 mil

2[ ]     (5) 

 
There is another effect that the operators contribute to the variation, given by the interaction 
between operators and samples.23,25 The interaction results from systematic differences between 
operators as they measure different samples.  For example, if one operator consistently got 
smaller values than another when measuring thin lines but larger values when measuring thick 
lines.  The interaction between operators and samples can be calculated:  
 

 

! 

SS
Interaction

= k x " x 
m
" x 

n
+ x 

mn( )
m,n

#
2

= 0.166 mil
2[ ]    (6) 

 
Again the mean sum of the squares is found by dividing by the degrees of freedom to get: 
 

 

! 

MS
Interaction

=
SS

Interaction

m "1( ) n "1( )
= 0.0277 mil

2[ ]     (7) 

 
The expected mean squares of the interaction is given by contributions from both the 
repeatability and the interaction: 
 
 

! 

E(MSInteraction ) =" repeated

2
+ k" Interaction

2      (9) 

 
Hence 
 

 

! 

sInteraction
2 =

MSInteraction " srepeatability
2

k
= 0.00647 mil

2[ ]    (10) 

 
Similarly, the expected mean squares of the operators is given by contributions from the 
repeatability, the interaction and the operators: 
 
 

! 

E(MSOperator) =" repeated

2
+ k" Interaction

2
+ kn"Operator

2    (11) 

 
Hence 
 

 

! 

sOperator
2 =

MSOperator " ksInteraction
2

" srepeatability
2

kn
= 0.0056 mil

2[ ]   (12) 
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The sample standard deviation due to repeatability, srepeated, which estimates the corresponding 
population standard deviation can be found by Equations 2 and 3: 
 
 

  

! 

srepeated = MSrepeated = 0.0912 mil[ ]     (13) 
 
Similarly, the sample standard deviation due to reproducibility (different conditions) is found 
according to contributions from both the Operators and interactions: 
 

 

! 

sreproduc " sOperator
2 + sInteraction

2 = 0.110 mil[ ]     (14) 
 
The precision, sR&R, is estimated by adding together the contribution from both of these 
components: 
 

 

! 

sr&R = srepeated
2 + sreproduc

2 = 0.143 mil[ ]    (15) 
 
For this case study, 41% of the variation is estimated to be due to repeatability and 59% to 
reproducibility.  There is a significant contribution from each source of variation.   This result 
indicates improvement to the measurement system could be made by improving the 
measurement process of the operators, but if substantial improvement is needed a new 
measurement system would be needed.  In other cases, this type of analysis can tell the engineer 
the inherent variability of the gauge is the dominant source of variation, or, conversely, that the 
measurement process, is responsible for most of the variation in the measurement and the gauge, 
itself, is capable. 
  
The precision to tolerance ratio (P/T) is used to assess the capability of a gauge to give 
satisfactory measurements.  It is given by: 
 

 
  

! 

P

T
=

6sr&R

USL" LSL
       (16) 

 
where USL and LSL are the upper and lower specification limits of the process, respectively.  A 
small precision to tolerance ratio is desirable so that only a small portion of the tolerance is 
consumed by measurement variability.  Values of P/T less than 0.3 are considered acceptable; 
values less than 0.1 are good. 
  
It is illustrative to look at the variation in the samples as well.  In analogy to the development 
above, the variation in the samples can be described by the sum of the squares of the samples, 
SSsample.  In this case, the variance is represented by the difference between the sample average, 

  

! 

x n , and the grand average,   

! 

x , which averages over all 36 measured values in the study.  This 
component of variation is given by: 
 

 

  

! 

SSsample = x n " x ( )
k ,m,n

#
2

= km x n " x ( )
n

#
2

= 6.00 mil
2[ ]   (17) 
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Again the values k and m are brought outside the sum since each term is averaged over the 
repeated readings k and the operators m.  The mean squares is given by dividing SSsample by the 
degrees of freedom: 
 

 
  

! 

MSsample =
SSsample

n "1( )
= 3.00 mil

2[ ]      (18) 

 
Finally, the estimate of the standard deviation from the sample is given by 
 

 
  

! 

ssample "
MSsample # MSoperator

km
= 0.496 mil[ ]    (19) 

 
As an alternative to P/T ratio can use: 
 

 
  

! 

sR&R

ssample

= 0.33         (20) 

 
This result allows us to assess the capability of the gauge in examining variation in the system 
irrespective of the specification limits.  In this case, the standard deviation due to the 
measurement system is 33% that of the sample. 

 
The total sum of the squares is found from the deviation of each measurement from the grand 
mean of all the measurements: 
 

  

! 

SStotal = xkmn " x ( )
k ,m,n

#
2

= 6.60 mil
2[ ]     (21)   

 
The resulting standard deviation is that which students are accustomed to seeing: 

 

  

! 

s "
SStotal

kmn #1
= 0.434 mil[ ]       (22) 

 
Alternatively we can find the total sum of the squares by adding together the three components 
described above: 

 

! 

SStotal = SSsample + SSoperator + SSInteraction + SSrepeated    (23) 

 
Equations 20 and 22 yield identical results.  Finally these results can be summarized in an 
“ANOVA Table,” as illustrated in Table 2. 
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Table 2. ANOVA Table for the gauge r&R case study 
 Sum of the Squares (SS) Degrees of 

Freedom (ν) 
Mean Sum 
of the 
Squares 
(MS=SS/ν) 

F-Ratio 
=MSi/MSR 

p 

Samples 

! 

SS
S

= km x " x 
n( )
2

n

# = 6.00 n – 1 = 2  3.00 360. 0.0000 

Operators 

! 

SS
O

= kn x " x 
m( )

2

m

# = 0.234  m – 1 = 3 0.0781 9.39 0.0003 

Interaction = 
Operators x 
Sites 

! 

SS
Int

= k x 
mn
" x 

m
" x 

n
+ x ( )

2

m,n

#

= 0.166

 
(m –1) x  
(n – 1) = 6 0.0277 3.33 0.0153 

Repeatability 
(Error) 

! 

SS
R

= x 
mn
" x

kmn( )
2

=
k,m,n

# 0.200 mn(k – 1)=24 0.0083   

Total 

! 

SS
Total

= x " x
kmn( )

k,m,n

#
2

= 6.60  kmn – 1 = 35    

 
Gauge R&R Lab Study 
Students were then given a “hands-on” opportunity to apply what they had learned in class and in 
the case study and perform a Gauge R&R study in the lab.  In this experiment, they measured the 
thickness of SiO2 films on 6”silicon wafers using ellipsometry.  This process was selected since 
measurements can be made rapidly and it gives them experience with an important measurement 
system used in the microelectronics industry. In principle, any measurement system available in 
the undergraduate lab that allows students to get the necessary data within the time allotted for 
the lab can be used.  Groups of three or four students were used so that they could measure the 
operator variation (reproducibility) in addition to the repeatability. 
 
Ellipsometry measures the change in polarization of light reflected off of a surface. This process 
together with the experimental system used in the lab is shown in Figure 3. In ellipsometry, a 
wafer is placed on the sample table.  The ellipsometer emits monochromatic, polarized light.  

Figure 3:  Ellipsometry measurement gauge for film thickness. 
 

PC

Light Source Detector

Wafer
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Some of the light reflects off of the thin film surface and some of it reflects off of the substrate 
surface. The change in polarization is measured by the detector. The polarization change can be 
used to determine the change in phase and the change in amplitude of the light.  Given the index 
of refraction and an initial guess of thickness, the thickness of a film can be determined.  
 
In this experiment, each student “Operator” (m = 3 or 4) measures the thickness of three Sites (S 
= 3) (1=center, 2=half way in between, 3=close to edge) on two Wafers, (W = 2).  The each 
perform two repeated runs (k  = 2).  Thus each student makes 12 measurements and each group 
has 36 or 48 data points to analyze. A design array used to collect the measured data for a group 
of three students is shown in Table 3.  The students were given a sample set of three wafers from 
which they were to use two.  Two were close in thickness while the third differed. 

 
 Table 3. Design array used for the gauge study in the lab 

W S O T (k=1) T (k=2) 

1 1 1   
1 2 1   
1 3 1   
2 1 1   
2 2 1   
2 3 1   
1 1 2   
1 2 2   
1 3 2   
2 1 2   
2 2 2   
2 3 2   
1 1 3   
1 2 3   
1 3 3   
2 1 3   
2 2 3   
2 3 3   

 
In their report, students were asked to  (i) calculate the mean, variance and standard deviation of 
all measured data; (ii) perform a gauge study for Wafer 1 reporting the repeatability and 
reproducibility values: 

! 

srepeatability
2

,  sreproducability
2

,  sr& r

2 , 

! 

srepeatability,  sreproducability,  sr& r , % repeatability , % 
reproducibility.  (iii) repeat for Wafer 2; and (iv) An ANOVA analysis on the sample, not 
including interactions, i.e., the variance components from wafer, site and operators. They were 
also asked how do the r&R values for wafer 1 and wafer 2 compared and if they made sense. 
 
Commercial Statistics Software and Assessment of Student Performance 
In practice, statistical analysis is usually performed with software, using either a dedicated 
software package or the statistical add-ins associated with a spreadsheet package. There are 
many common statistics programs used including: Minitab, StatGraphics, Statistical Applications 
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System – JMP, and Statistica. The experimental results and calculations are assessed by the 
instructor with output from commercial statistics software package, StatGraphics; thus, the 
accuracy of the numerical results of each group can be checked even though they all have 
independent data sets. To facilitate this process, students were asked to submit their results 
electronically, in Excel files which were formatted to directly import to StatGraphics.  Only six 
of the fifteen groups had calculations correct.  The next time this module is used, a greater 
emphasis will be placed on numerical accuracy. Once the reports were turned in, students were 
shown how to use the computer program to perform these calculations. The exposure to statistics 
software is not intended to train the students on a particular software package but rather to get 
them to integrate the concepts developed in this exercise to intelligently use statistics software.  
The premise is that if students can apply the core concepts that they have learned to a particular 
software package, it will be straightforward for them to apply it to any other package as well. 
 
Summary 
A key component to quality improvement strategies is to understand the variation in a chemical 
process.  The data used to assess the variation is obtained through measurement tools.  
Measurement system analysis can quantify the contribution of the complete measurement 
process to the overall variation in the process.  These methods are often used by practicing 
engineers and are appropriate to teach in the chemical engineering curriculum.  This paper 
illustrated a gauge r&R study through a case study taken from industry and then application in 
the lab.  This scope of this study allows the data to be plotted graphically and the variance 
components to be induced from the graphical approach, leading to a methodical account of 
different sources of variation. The details of calculating the precision of a measurement gauge 
can then be taught. Measurement system analysis is an excellent topic for integration into lab 
courses. The design presented in class is then applied in the lab.  The use of StatGraphics 
software allows each group’s results to be checked for numerical accuracy.   
 
Acknowledgements 
The author is grateful to Merix for the data used in the case study and the encouragement to 
integrate statistical measurements into the curriculum. 
 
 
 
 
References 
1.  Wheeler, James M., “Getting Started: Six-Sigma Control of Chemical Operations,” Chem. Eng Progress p. 76 

June 2002. 
2.  Trivedi, Yogesh B., Applying 6 Sigma,” Chem. Eng Progress p. 76 July 2002. 
3.  Deshpande, Pradeep B., Sohan L. Makker and Mark Goldstein, “Boost Competitiveness via Six Sigma,” Chem. 

Eng Progress p. 65 September 1999. 
4.  Anderson, Mark J. and Patrick J. Whitcomb, “Optimize Your Process-Optimization Efforts,” Chem. Eng 

Progress p. 51 December 1996. 
5.  Shunta, Joseph P., “Use Statistics to Identify Process Control Opportunities,” Chem. Eng Progress p. 47 

October 1996.  
6.  Eckert, Roger E., “Applied Statistics: Are Educators Meeting the Challenge,” Chem. Eng. Ed. p. 122 spring 

1996. 
7.  Fahidy, Thomas Z., “An Undegraduate Course in Applied Probability and Statistics,” Chem. Eng. Ed. p. 170 

spring 2002. 
8.  Dorland, Dianne and K. Karen Yin, “Teaching Statistics to ChE Students,” Chem. Eng. Ed. 170 summer 1997. 
9  Young, V.L., 2003, “Designing a Statistics Course for Chemical Engineers, ” Proc. ASEE, Session 3513 (2003).  



Proceedings of the 2005 American Society for Engineering Education Annual Conference & Exposition 
Copyright © 2005, American Society for Engineering Education 

 

 

10  Koretsky, Milo D., “Getting Students to Account for Variation in their Analysis of Real ChE Processes,” Proc. 
ASEE, Session 3515 (2003). 

11. Czitrom, Veronica and Karen Horrell, “SEMATECH Qualification Plan” in Statistical Case Studies for 
Industrial Process Improvement, Society for Industrial and Applied Mathematics, Philadelphia, PA; American 
Statistical Association, Alexandria, VA (1997). 

12. NIST/SEMATECH “e-Handbook of Statistical Methods,” http://www.itl.nist.gov/div898/handbook (2003). 
International 300 mm Initiative, “Metrology Tool Gauge Study Procedure for the International 300 MM 
Initiative (I300I)” http://www.sematech.org/public/docubase/document/3295axfr.pdf (1997).  

13. Ayyub, B.M., and R.H. McCuen, Probability, Statistics, and Reliability for Engineers and Scientists, Chapman 
& Hall/CRC, Boca Raton, FL. (2003).  

14. Hayter, A.J., Probability and Statistics for Engineers and Scientists, 2nd Ed., Duxbury Press, Pacific Grove, CA 
(2002). 

15. Johnson, R.H., Miller and Freund’s Probability and Statistics for Engineers, 6th. Ed, Prentice Hall, Upper 
Saddle River, NJ (2000). 

16. Lapin, L.L., Modern Engineering Statistics, Duxbury Press; Belmont, CA (1997). 
17. Levine, D.M., P P. Ramsey, and R.K. Smidt, Applied Statistics For Engineers and Scientists Using Microsoft 

Excel and MINITAB, Prentice Hall, Upper Saddle River, NJ (2001). 
18. Montgomery, D.C., G.C. Runger, and N.F. Hubele, Engineering Statistics, John Wiley & Sons, New York, NY 

(1998). 
19. Vining, G.G., Statistical Methods for Engineers, Duxbury Press, Pacific Grove, CA (1998). 
20. Walpole, R.E., R.H. Myers, S.L. Myers, and K.Yee, Probability and Statistics for Engineers and Scientists, 7th 

Ed., Prentice Hall, Upper Saddle River, NJ (2002).  
21. Scheaffer, R.L. and J.T. McClave, Probability and Statistics for Engineers and Scientists, 4th Ed., Duxbury 

Press, Belmont, CA (2002). 
22. Devore, J. and N. Farnum, Applied Statistics For Engineers and Scientist, Duxbury Press, Pacific Grove, CA 

(1999).  
23. Montgomery, D.C., and G.C. Runger, “Gauge Capability and Designed Experiments. Part I: Basic Methods.” 

Qual. Eng., 6 115-135 (1993). 
24. Hesketh, R.P.,  Stephanie Farrell, and C. Stewart Slater, “The Role of Experiments in Inductive Learning,” 

Proc. ASEE, Session 3613, (2002).  
25. Montgomery, D.C., Design and Analysis of Experiments, 5th Ed., John Wiley & Sons, New York, NY (2001).  

 

 

 

 

Milo D. Koretsky is an Associate Professor of Chemical Engineering at OSU.  He received his BS and MS degrees 
from UCSD and Ph D from UC Berkeley, all in chemical engineering.  Professor Koretsky’s research interests are in 
thin film materials processing including: plasma etching, chemical vapor deposition, electrochemical processes and 
chemical process statistics. He is author of the book, Engineering and Chemical Thermodynamics. 
 


