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experiment. Other causes in the same time family as the suspect will not have time to vary substantially
during the verification experiment. As a result, the experimental principles of replication and random
assignment are not critical. On the other hand, if the dominant cause acts over a short time, we do need to
worry about possible confounding between the suspect and other inputs in the same time family in the
verification experiment. Then, in this case, we need a verification experiment that utilizes sufficient
replication (i.e., many runs at each of the two levels of the suspect) and random ordering to control the
risk of confounding.
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As suggested in Figure 2, there are seven possible approaches to reducing variation: fix the obvious,
desensitization, feed forward control, feedback control, robustness, 100% inspection, and moving the
process center. More details on these approaches are given in MacKay and Steiner (1997-199819.
MacKay , R. J., Steiner, S. H. ( 1997-1998 ). Strategies for variability reduction . Quality Engineering ,
10:125-136.

[Taylor & Francis Online]

View all references). We can use the time nature of the output variation from the baseline to help assess
the feasibility of some of these variation reduction approaches. For instance, if the output FEoV is seen
over a short time, feedback control is not feasible because any observed output values provide only a
poor prediction for future values.

To reduce variation, we must make some appropriate change to the process. We can add, remove, or
change a processing step (inspection, controller), change some normally fixed input, or apply the StatEng
algorithm upstream to reduce variation in the identified dominant cause. Here we look at improving a
process by changing the level of one or more normally fixed inputs. Because the input is normally fixed,
we will need an experiment to find the appropriate fixed input(s) to change and its best level. The
baseline information is useful to help plan and analyze subsequent experiments designed to determine
whether an approach is feasible and/or how to implement a particular approach. The time nature of the
output variation seen in the baseline can help define a run. Generally, for experiments conducted to check
the feasibility of a variation reduction approach, we want each run to resemble a mini baseline
investigation; that is, we want each run to provide an estimate of the long-term behavior of the process
with the process changes specified by the factor levels in the run. This suggests, for instance, that if the
output FEoV is seen over a long time, the robustness approach (as defined in Steiner and MacKay
200524. Steiner , S. H. , MacKay , R. J. (2005). Statistical Engineering: An Algorithm for Reducing
Variation in Manufacturing Processes Milwaukee , WI : ASQ Quality Press .

View all references; see also the upcoming example) is likely not feasible because each run in a
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robustness experiment would need to be conducted over too long a time frame.

In the crossbar dimension example, the team decided that the obvious solution of reducing variation in
the barrel temperature was too expensive and difficult with the existing process. Instead, they hoped that
they could change the process in some other way to make it less sensitive to the variation in barrel
temperature. The team then noticed the nonlinear relationship between barrel temperature and crossbar
dimension in the right panel of Figure 6. As a result, they decided to raise the barrel temperature set point
(average) to make the process less sensitive to barrel temperature variation. Afterwards it was
straightforward to adjust the crossbar dimension average (downward to compensate for the increase that
resulted from increasing the barrel temperature setpoint) by changing another normally fixed process
input. However, when validating the solution, they discovered that while the crossbar dimension
variation was reduced substantially, the higher barrel temperature setpoint resulted in an increase in the
frequency of a mold defect called burn. The burn problem arises when the barrel temperature, which will
still vary, is too high. The team decided to retain the crossbar dimension solution they worked hard to
find and attack the burn defect as a new problem. Investigating further (details not shown here), they
showed that the dominant cause of burn acted in the part-to-part family, but the specific dominant cause
was not found. They suspected that the defect occurred due to variation in filling of the mold. Next the
team decided to try to make the process robust to the unknown dominant cause(s) of the burn defect.

To look for a solution to the burn problem, the team planned an experiment with four factors that are
normally fixed inputs: injection speed, injection pressure, back-pressure, and screw speed (rpm). These
factors were selected because of their influence on fill speed and other potential dominant causes in the
part-to-part family. They selected two levels for each factor as given in Table 2. Just for the experiment,
the team planned to classify burn on each part into one of four categories of increasing severity. Levels 1
and 2 were acceptable, whereas levels 3 and 4 resulted in scrap. Using a single rater and boundary
samples (i.e., photos of plastic bases at the agreed-upon boundaries between the burn levels), the team
felt that this measurement system would add little variation. A full baseline investigation with the new
burn classification system was not conducted, but because burn levels 1 through 4 had been seen in the
earlier investigations, that gave the FEoV.

TABLE 2 Factors and levels for the burn robustness experiment

CSVPDEFDisplay Table

The team selected a fractional factorial experiment with eight runs as given in Table 3 Because there was
no proper baseline investigation for the new burn problem, the team assigned the labels A, B, C, and D to
the factors so that one of the treatments (treatment 5) corresponded to the current process settings.

TABLE 3 Experimental Plan and Data for the Burn Robustness Experiment

CSVPDEFDisplay Table
In the resolution IV design, pairs of two-factor interactions are confounded, as given in Table 4.

TABLE 4 Robustness Experiment Aliasing Structure

CSVPDEFDisplay Table
The team defined a run as five consecutive parts. Because they knew from the baseline that the time
family of variation containing the dominant cause (of burn) was part-to-part, they hoped that the
dominant cause would act within each run in the planned robustness experiment. Deciding to use only
five parts for each run was a great risk. Having more parts would have made it more likely that each run
would reflect the long-term behavior of the process but would have cost more time and money. Each run
was carried out once the process stabilized after changing the values of the factors. The order of the runs
was randomized. The results from this robustness experiment are given in Table 3.
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We plot the individual burn scores against treatment yumber in Figure 10, Because the data are discrete,

we add jitter in the vertical direction, Examining the results, we see that treatmentis 2 end 3 are promising
and ook much better than the exigting process performance ag given by treatment 5, It ig & bit worrigome,
but not surprising given the run size, that we did not see the FEoV (scores from 1 io 4) in the treatment 5
nn.

FIGURE 10 Burn by treatment plot for bum robusiness experiment with added vertical jitter,
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settings thet made the performance measure as small as possible. We can think of this as

variation in the burn score about the ideal score of zero. Fitting a full mode] with all possible effects (four
main ang three two-way interactions) we get the Pareto plot of the effects for the average bum score in
Figure 11. Note that in Figure 11 the factor labels erbitrarily show only the first of the pairs of aliased
effects as given in Table 4, We see that only factor C (back-pressure) has a large effect. In drawing this
conchusion the team asgumed that the three-input interaction (ABD) aliazed with C was negligible,
Checking Table 3 we see that low level of back-pressure gives less bum on average than the high level
and] that the results appear better than the baseline for the existing process, The team decided to address
the burn defect problem by reducing the back-pressure to 75 and leaving the other fixed inputs at their
FIGURE 11 Pareto plot of input effects on everage bum score,
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Pareto Chart of the Effects

(response is lower is, Alpha = _10)

A Injectio
B: injectio
C: back pra
D screw mp

W:mndmhemﬁﬂdramgmnchmmﬁnmtheﬂpmmmtdﬂmmdmlmkforamady We wani
to select new settings for one or more of the experimental factors that resulis in better performance then
we saw in the baseline, We are not simply looking for a significantly large effect in the experiment, If
other settings had been very poor, then a factor might be significant even it both levels reanlt in a process
thet is worse than the current process settings. The baseline resutts again provide the appropriate
comparison, We could have added the horizontal lines showing the baseline FEoV for burn to Figure 10,
thongh here it does not help much becanss the oufpwt has only four possible valnss,

Suppose that the team had been able to identify the dominant cause of bum that acts in the part-to-part
femily. Then, if that cause could be controlled in an experiment, but not eagily in the reguler process, it
would make sense to use a desengitization rather than a robustness experiment (Steiner and MacKay
200524, Steiner , 5. H, , MacKay | R. 1. ( 2005 ). Statistical Engineering: An Alporithm for Reducing
Variation in Manufacturing Processes Milwaukee , W1 : ASQ) Quality Press .

View all references). The goal of the desensitization experiment is the same as in the robustness
experiment, namely, we want to gee whether changing the level of ene or more fixed inputs can make the
process less sengitive to veriation in the dominant cause. However, with a desensgitization experiment the
team would deliberately manipulate both of the dominant ceuse(s) and the candidete fixed inputs, In this
way, with the desengitization experiment, we observe the variation due to the dominant cense acting
explicitly rather than implicitly as with the robustness experiment. This will make finding a better
process (if one exists) easier and more reliable becemse we no longer have to rely on the five repeats to
provide a measure of the process variability. As a side point, note that knowledge of the dominant cause
mey algo have suggested other (better) choices for the experimental factors (fixed inputs) than given in
the example, For further comparison of robustnes and desensitization experiments see Asilahijani et al,
(20103, Agilahijani , H. , Steiner , §. H, , MacKay , R. J. ( 2010 }. Reducing Variation in an Existing
PmcmWﬂhRubusthm:terDesign.QmﬂwEugbxwﬁg,zz:Bﬂ—ﬁ.

[Taylor & Francis Qnline]

¥Yiew all references).

To finizh the project, the team conducted a validation investigation with the new process gettings. They
produced 30 parts over a mumber of hours and measured both the croasbar dimengion and the bym
defect score, The standard deviation of the crosshar dimengion was 0.23 thon and only two parts were
scrapped. for the bumn defect. The team recommended the new settings for the back-pressure end the
target barrel temperature that resulted from investigating the two problems,
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In SE, we look for better ways to use statistics to achieve a specified goal. In the important context of
variation reduction (using DMAIC or StatEng) of existing medium- to high-volume processes we suggest
that starting with a well-designed baseline investigation is an improvement over most current practice.
We showed how the results of the baseline investigation can be of great help in subsequent
investigations, first looking for a dominant cause of the variation and then looking for the remedy. The
key feature of the proposed baseline investigation is the recommendation to sample parts from the
process systematically over time. From the baseline data we quantify the magnitude of the problem,
determine the FEoV in the output, and the time nature of the output variation.

The baseline knowledge is helpful in the planning and analysis of subsequent investigations to

e assess the measurement system,

e search for and verify a dominant cause,

e assess a variation reduction approach (i.e., search for a solution), and
e validate a proposed solution.

To meet these goals, the baseline investigation should consist of a reasonably large sample size (e.g.,
hundreds of observations for a continuous output) so that we can well quantify the output FEoV and
standard deviation. We also recommend that the baseline investigation use a systematic (rather than
random) sampling plan that allows us to identify how the output variation acts over time. The time nature
of the output variation is valuable information to help plan subsequent investigations. It can be used to

e choose an appropriate study population time frame;
e generate clues about the dominant cause of variation;

e help define a run, assess the risk of confounding, and determine the importance of the experimental
principles of replication and random assignment in an experimental plan; and

¢ rule out some variation reduction approaches as not feasible.

The estimated performance measure and output FEoV can be used in planning and are useful when
analyzing the results of any subsequent process investigation. We recommend adding lines showing the
baseline output FEoV to all plots that show individual output values. Knowing the FEoV allows us to

http://www tandfonline.com/doi/full/10.1080/08982112.2013.846069 26/31
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e select extreme parts (as in the measurement assessment investigation) that must be generated by
the action of the dominant cause(s),

o directly see whether the dominant cause has acted in an observational investigation, and

¢ determine how the process variation compares to the baseline variation in an experimental
investigation.

In addition, the explicit use of the baseline FEoV in the analysis of subsequent investigations forces
problem solvers to address the important difference between statistical and practical significance. In
problem solving, practical significance is what matters. Comparing results to the baseline FEoV provides
a direct way to determine whether any observed effects are large relative to the baseline variation. Small
effects can be statistically significant while being unimportant. When searching for causes we want to
find the dominant cause(s); that is, an input that explains a lot of the output variation, not one that is only
statistically significant. The issue of practical versus statistical significance is even more critical when we
use experiments to look for a solution. We want to find new process settings that are better than the
current process rather than better than other treatments used in the experiment. One method to alleviate
the concern about drawing inappropriate conclusions from an experiment is to always include a treatment
with the current setting for each of the fixed inputs (though this costs a run).

This article has illustrated how using information gained in the baseline investigation can be effectively
used to better plan and analyze future process investigations. The work has addressed a number of
important issues and suggests many further questions related to how to better run variation reduction
projects, including the following:

e How important is the power/generality tradeoff (De Mast and Lokkerbol 201212. De Mast, J. ,
Lokkerbol , J. (2012 ). An analysis of the Six Sigma DMAIC method from the perspective of
problem solving . International Journal of Production Economics , 139 : 604 — 614 .
[CrossRef], [Web of Science ®]

View all references) in the choice of problem-solving system?

e How important is process stability, as defined by statistical process control?

e What are the consequences if there is no single dominant cause?

e When should blocking be used in the design of an experiment?

e What is the best way to train novice problem solvers to use sequential learning effectively?

Related to the last question, training problem solvers to effectively reduce variation is challenging.
DMAIC and StatEng provide general roadmaps of how to proceed. But there are no specific recipes.
Each application is different. There are always choices concerning what should be done next. Problem
solvers must choose among the numerous available investigation plans, each with their own cost and
likelihood of success. Novice practitioners of StatEng or Six Sigma will find making these choices
difficult. It is clearly so much more than just applying the appropriate tool. Variation reduction involves
conducting a series of investigations, and for each investigation we must choose an appropriate goal,
study population, sample size, inputs to set (and their levels), and/or inputs to measure. In the appropriate
circumstances the advantages of a more targeted variation reduction method are evident. However, even
providing good examples is difficult because each step requires not just describing the goals of the
current investigation but also background on information obtained in earlier investigations. To address
this need we have, over a number of years, developed a virtual manufacturing process, called Watfactory
(Steiner and MacKay 20092S. Steiner , S. H. , MacKay , R. J. ( 2009 ). Teaching process improvement

http://www tandfonline.com/doi/full/10.1080/08982112.2013.846069 27131
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using a virtual manufacturing environment . American Statistician , 63 (4 ): 361 —365 .

[Taylor & Francis Online], [Web of Science ®]

View all references). Watfactory can be accessed through the website

http://www.student.math.uwaterloo.ca/~watfacto/login.htm allows a wide variety of process
investigations and possible remedies.
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Notes

SS: Sum of squares. MS: meansquare.

*Indicates level in current process.

*Treatment 5 uses the current process levels.

Article presented at the First Stu Hunter Research Conference in Heemskerk, Netherlands, March 2013.
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