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Product development firms continually struggle to simultaneously keep product cos
while increasing product quality. This paper focuses on variation and its impact on
quality-failure costs—scrap, rework, extra labor, customer dissatisfaction, and pro
returns. In many cases, reducing quality failures requires an increase in product
Balancing these two costs is challenging because perfect information about process
ability is rarely, if ever, available. As a result of process variation uncertainty, there is
clear optimal solution to the quality-failure cost/unit cost tradeoff. The author has
served that companies take one of two approaches to this dilemma: optimistic or p
mistic. The optimistic approach risks high rework costs to ensure the lowest cost pro
On the other hand, the pessimistic approach forgoes potential unit cost reductio
avoid any quality failure. This paper presents a utility theory model of decision ma
under process capability uncertainty. This model is used to describe why either app
can be optimal depending on the organization, market, and product characteristic
addition, information value theory is applied to explain the relative value of proc
capability information and variation reduction in the two approaches. The paper us
frequently encountered design scenario to demonstrate the approach. In addition,
riety of other examples from industry are used to describe how the theory can be ap
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1 Introduction
Product development firms constantly struggle with decreas

product costs while simultaneously improving quality. One a
proach being used by a variety of companies is to decrease
quality-failure costs—scrap, rework, extra labor, customer diss
isfaction, and product returns. Companies are achieving these
provements by employing methods to reduce manufactu
variation and methods to reduce design variation sensitivity.

Two methods can be used to decrease quality-failure c
without increasing product cost. Designers can use paramete
sign @1#, also called robust design, to change a design so it is
sensitive to variation. Alternatively, manufacturers can use va
tion reduction methods—e.g., statistical process control@2# and
Six Sigma methods@3,4#—to reduce manufacturing and proce
variation.

However, there are circumstances where teams must incr
product unit cost to decrease a potential quality-failure cost.
example, a design team may be faced with the question:is it
worth putting more expensive bearings into a machine to red
the chance of a field failure? Taguchi@1# calls this process toler
ance design. To make this decision, designers must quantify
the unit costs and the expected quality-failure costs. Next, des
ers must quantify the failure probability@5–7#. However, the va-
lidity of the failure mode prediction depends on the existence
perfect information about process standard deviations and m
shifts ~also termed process capability!.

Perfect information about process capability is rarely, if ev
available@8#. In most cases, process capability can only be ac
rately expressed as a range and a confidence level~e.g., there is a
95 percent confidence the standard deviation will fall betweens l l
and sul!. Given this uncertainty, designers must still make de
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sions about configurations, components, and dimensions. If
worst case is assumed, expensive parts, processes, and co
may be needed to offset potential quality failures. This can s
nificantly increase unit cost. If the best case is assumed, the de
team can use lower cost parts and processes. However, thi
proach can result in high quality-failure costs. When faced w
this dilemma, a designer must answer:how much are you willing
to increase unit cost to reduce the chance of a quality failure?

The author has observed two approaches to this dilemma:opti-
mistic andpessimistic. Optimistic organizations base their desig
on the best case. They risk high rework costs to ensure the lo
cost product. On the other hand, pessimistic organizations b
their designs on the worst case. They forgo potential unit c
reductions to avoid any downstream quality failure. This obser
tion raised several questions.

What is the right decision? This paper proves that both beha
iors are rational. Differences in cost competitiveness and volum
are used to explain why organizations take different approache
process uncertainty.

How can an optimistic approach ever be profitable? The
optimistic approach to design, while creating a low-cost produ
is inherently very risky. Despite the risk, companies are succ
fully employing optimistic strategies. It will be shownthat the
success of an optimistic approach is a function of two facto
quickly and effectively reducing both variation and uncertainty.
addition, it will be shown, using information value theory, th
process capability data has a higher value in the optimistic c
than in the pessimistic case.

How can an organization transition from a pessimistic to an
optimistic approach? For example, producers of military system
have traditionally taken a pessimistic approach to design. H
ever, cost pressures in military acquisitions are forcing them
reduce unit costs. One way they can do this is to transition fro
pessimistic to an optimistic approach. Suggestions are given
how to effectively make this transfer without sacrificing quality
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2 Existing Work
Works relating to variation and process capability uncertai

fall into three categories: robust design, uncertainty methods,
process capability uncertainty methods.

Robust designis used to optimize product and process para
eters to reduce sensitivity to internal and external noise@1#. This
can be done experimentally@9# or using computational model
@6#.

There are a wide variety of approaches to robust design.
example, Parkinson@5# describes a methodology for selecting o
timal design solutions where parameters are subject to varia
and the design space is bounded by a hard constraint. Accor
to Parkinson, a designer should pick a point, 3s, away from the
constraint. However, this analysis does not include the cos
being away from the optimal.

On the other hand, Yu and Ishii@10# developed methods to
match designs with process variability introduced by machin
processes. Similar work was done by the same research g
@6,11# on injection molding. Soderberg@12# uses the Taguchi los
functions to optimize tolerance design.

All of the above methods focus on reducing the sensitivity o
design to variation. However, they all rely on the existence
perfect information about process capability to determine the
timal design.

Uncertainty models. Uncertainty in decision making is a well
acknowledged problem. There is a variety of literature on decis
trees and Bayesian networks. These methods are used to
decisions where there are multiple actions and the outcom
uncertain@13#. Utility theory provides a framework to describ
why groups make different decisions under the same uncerta
According to Arrow@14#, decision-making is the process selecti
between actions to maximize the utility of the resulting con
quences. This method has been applied to a wide variety of fi
including design@15,16#.

There are many methods to model imprecise information
design. For example, Kim et al.@17# model imprecision by propa
gating intervals through a constraint set. Finch@18# proposes a
method to model imprecise constraints using predicate logic. O
and Antonsson@19# and Law and Antonsson@20# propose math-
ematics to propagate imprecise constraints in a design space.
dley and Agogino@21# use information theory and uncertain
models to assist in component selection. Their system focuse
designer’s attention on those factors that are critical and ident
where further information will benefit the search.

Process capability uncertainty. Most process capability un
certainty methods rely on buffers, safety factors, and rules
thumb. For example, Six Sigma methods account for process
certainty by including a 1.5s mean shift in the analysis. Anothe
way @22# replaces the standard statistical tolerancing rule,s
5ASs i

2 with s5(11h)ASs i
2 whereh is the safety factor.

In both methods, where there are a large number of contribu
to variation, final quality may be significantly underestimate
This can inappropriately increase cost. A method to model proc
uncertainty has been described by the author@23#. This method
propagates uncertainty through a design using a Monte C
simulation.

Summary. There are a variety of articles and methods th
individually address robust design, decision making under un
tainty, and uncertainty in design decisions. However, there
distinct lack of research on decision making when there is un
tainty about process capability.

3 Case Study
In order to illustrate optimistic versus pessimistic approache

uncertainty, a single example will be used throughout the pa
The scenario, positioning two parts in close proximity witho
touching, appears in a variety of industries. First, the general
ample will be described, and then a set of industrial examples
314 Õ Vol. 123, SEPTEMBER 2001
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be given where this scenario appears. At the end of the pa
more general examples will be given to demonstrate how the
sults translate to other scenarios.

Two parts, A and B, are located relative to each other us
either locating features or a fixture~Fig. 1!. The gap,g, between
the two parts is ideally zero, because, as the gap increases,
costs increase~i.e., manufacturing time may increase or warran
returns may increase!. However, an impact condition—where th
gap is less than zero—will necessitate scrap, rework, or rep
Because there is inherent variability in the parts~shown by the
Gaussian probability density function!, the design team’s task is to
balance the impact condition probability~i.e., quality-failure cost!
against the increased labor content~i.e., increased unit cost!.

This design scenario appears frequently in a variety
industries.

• Aircraft . Aircraft structures cannot be significantly deflecte
during assembly because built-in stresses can reduce aircra
tigue life ~usually a maximum pull-up force is specified!. To avoid
stressing parts, a combination of designed-in gaps and shims
used to mate parts. When an impact condition occurs, parts
need to be reworked, trimmed, or, in the worst case, scrappe

• Automotive body panels. Gaps between automotive bod
panels are a key quality characteristic@24#. Gaps around the door
hood, and trunk are highly visible to the customer: the larger
gap~or worse, the more uneven the gap!, the lower the perceived
quality. However, there are two problems with a small gap. Wh
body panels overlap, significant rework is required. Second, va
tion in a narrow seam is more visible than in a wide seam.

• Automotive components. One key quality characteristic o
many automotive drive train components is durability. Durabil
is often a function of how closely parts fit together@25#. However,
if the gap is too small, parts may bind and not function.

• Ships. In the ship building industry, welding is used to fi
gaps between structural elements. Larger gaps take longer t
and increase both the labor content and the cycle time. In s
specialized applications, additional filler material also adds c
However, if there is an impact condition between compone
parts must be separated and trimmed, resulting in large rew
costs.

All of these cases are characterized by an uneven cost/loss f
tion: i.e., the gap,g, is subject to both alarger is betterand a
smaller is bettercondition @1#. The larger the gap, the less likel
an impact condition will occur; however, the smaller the gap,
lower the production costs. A nominal gap,g, is specified to bal-
ance the unit cost~smaller is better! against a quality-failure cos
~larger is better!. If the gap is too small, higher than acceptab
quality failures may occur. If the gap is too large, the product u
cost will be too high. The problem of selecting the optimal me
has been described by a number of authors@26#.

4 Variation Cost
Quantification of variation cost begins with a definition of

cost/loss function. This function describes the cost incurred w
the gap, as produced, has a value ofgp ~Fig. 2!. In this case, the

Fig. 1 Specified gap
Transactions of the ASME
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left-hand side~an impact condition! is modeled as a step functio
(C5Cl). When a part is trimmed there is no cost difference b
tween trimming one inch or two inches. The right hand side~posi-
tive gap! is modeled using a linear function. For example, we
time and volume increases linearly with an increase in the g
between ship panels. A single characteristic point anchors
curve (gup ,Cup).

1 Equation 1 describes the cost/loss function.

C~gp!5H Cl if gp,0

Cup

gup
gp if gp.0

(1)

Assuming no variation, the optimal gap is zero. However, the
will vary according to a probability density function~p.d.f!,
p(gp). Variation ingp can be modeled as a Gaussian distributio2

with a mean ofg, and a standard deviation ofs. The expected cos
is a function ofP(gp) andC(gp).

Cexp~g,s!5E@C#
@pg#

5E
2`

`

C~gp!p~gp!dgp (2)

After integrating and removing terms whose contribution is mi
mal, the expression forCexp(g,s) is derived where erf istheerror
function.

Cexp~g,s!5
Cl

2 Fer fS 2g

s&
D 11G1

Cup

gup

8

2 F11er fS g

s&
D G

(3)

The optimal gap,gmin(s), satisfies min(Cexp(g,s)). Equation 3 is
graphed in Fig. 3 for four values ofs ~0.00, 0.01, 0.02, and 0.03!.
The curveswere calculated usingCl5100, Cup55, and gup
50.03. The relative values of these numbers reflect examples
in industry.

Figure 3 also demonstrates how the cost is locked in by des
The minimum unit cost for any gap is defined by the bottom cu
(s50).

Cexp~g,0!5g
Cup

gup
(4)

If the standard deviation is assumed to be 0.03, minimizingCexp
results in a gap of 0.06. In this case, even if the variation
reduced to zero, the product cost cannot be reduced below
However, if the standard deviation is assumed to be 0.01, m
mizing Cexp results in a gap of 0.02. In this case, if the variati
is reduced to zero, the cost could be theoretically reduced as
as 5.

1This curve can also be modeled as a Taguchi quadratic function. The conclu
of the paper are not altered when the alternative function is used. The quad
function tends to estimate a higher net cost.

2Other distributions will alter the equations and the numerical results. Howe
the overall conclusions of the paper are not affected by the shape of the proba
density functions.

Fig. 2 Cost curves
Journal of Mechanical Design
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5 Uncertainty Model
Equation 3 enables a design team to calculate the optimal

However organizations are rightly wary of such analyses beca
‘‘the process capability may be worse than we expected.’’ This
a valid concern because processes degrade over time, sup
change, and unexpected problems occur. As a result, the true
timal value forg is not known a priori. However, designers a
required to set the gap in the design stage before the final pro
capability is known. This section addresses the question pose
the beginning of the paper:what is the right decision?

5.1 Sources of Uncertainty. There are two methods used t
predict process capability data for internal parts: process cap
ity databases and manufacturing knowledge. Process capa
databases provide surrogate data for similar parts@27,28#. How-
ever, surrogate data is not always an accurate performance
cator for a new design. Differences in material, geometry, a
process parameters can result in different standard deviations
mean shifts. Where there are multiple surrogate parts there ma
multiple standard deviation values. In addition, inaccuracies a
because process capability measures are often based on shor
process performance and may not include process degradation
to tool wear, lack of machine maintenance, or operator effe
Where process capability databases do not exist, manufactu
functions are required to make educated guesses about varia
Guesses are based on experience and are often communicate
range rather than a specific value.

Outsourced parts have an even higher uncertainty. In so
cases, suppliers are unable or unwilling to share their capab
For others, the supplier may not have been selected and the
signer must design for a range of potential suppliers.

5.2 Process Capability Uncertainty. To capture uncer-
tainty, process capability can be expressed as a range@s l l ,sul#,
where there is a 95 percent probability the standard deviation
fall in the range~corresponding to 2ss!. To enable uncertainty
analysis, the range is translated into a probability distributi
Process capability can be modeled as a Gaussian distribution
a mean,ms , and a standard deviation,ss , where

ms5
sul1s l l

2
, ss5

sul2s l l

4
(5)

Figure 4 demonstrates why decision making under process
pability uncertainty is difficult. The bottom curve (s l l 50.010)
represents the minimum unit cost assuming variation canno
cost reduced belows l l . The top curve (sul50.020) shows the
curve for the worst-case scenario and represents the highest
sible value ofCexp. There is an optimal mean corresponding
each case,gll andgul . These two values bound potential valu
for g.

ions
ratic

er,
bility

Fig. 3 Cexp vs. g for four values of s „0.0, 0.010, 0.020, and
0.030…
SEPTEMBER 2001, Vol. 123 Õ 315
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If s is assumed to bes l l , the optimal gap,gll , is 0.025 result-
ing in aCexp of approximately 4.8. However, if thes turns out to
have a value ofsul , the cost will be 14.6~a three-fold increase!.
This delta is labeledquality-failure cost. The quality-failure cost
is the amount of additional cost created by the higher than
pected variation. By increasingg, unit cost is increased. This in
crease is labeledincrease in unit cost. However increasingg si-
multaneously reduces quality-failure costbecause larger gaps are
less sensitive to variation. This decrease is labeledreduction in
quality-failure costs.

5.3 Expected Cost Under Uncertainty. One way to deter-
mine optimal gap is to minimize the expected value under un
tainty. Cuc(g,ss ,ms) is calculated by

Cuc~g,ss ,ms!5 E
ps

@Cexp~g,s!#

5E
2`

`

Cexp~g,s!
1

ssA2p
e2~s2ms!2/2ss

2
ds

(6)

The optimal gap satisfies the expression minCuc(g,ss ,ms) ~in this
case g'0.037!. However, it was observed that designers rar
choose this value, rather they tend to design to one extreme o
other. The next section will explain, using utility theory, wh
designers tend to choose either thegul or gll .

6 Optimism vs. Pessimism
The author has observed organizations taking very differ

strategies when faced with the same uncertainty. Some compa
take apessimisticapproach to uncertainty and always design
the highest variability,gul . Other organizations take anoptimistic
approach and design to the lowest expected variation,gll . The
rest of this section describes why both approaches are rati
depending how companies value unit cost relative to poten
quality failures. First, observations are made about the correla
between the two approaches and organization characteristics.
ond, using utility theory this correlation will be shown to be r
tional.

6.1 Optimistic vs. Pessimistic. These observations ar
based on a large number of site visits, interviews, and exten
visits at over thirty companies.

Optimistic Approach . High-volume and/or low-margin orga
nizations tend to exhibit optimistic behavior when faced with p
cess capability uncertainty. Companies taking an optimistic
proach include automotive body assembly and chip ma
facturers. For example, automotive industries tend to set tig
gaps and gap tolerances than their current process capab
These targets are selected to place themselves competit
EMBER 2001
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against other organizations@24#. Chip manufacturers continue t
reduce their line widths below their current capability to redu
both unit cost and increase performance. Optimistic organizat
also tend to use production prototyping and product ramp cy
to identify and remove variation@29#.

Pessimistic Approach. On the other hand, it has been observ
that companies who produce high-price and/or low-volume pr
ucts tend to take the pessimistic approach. Historically, th
companies have competed on product quality and performa
rather than on price. For example, many military contractors
erate under cost-plus contracts. Under these contracts, the pr
based on the final cost to manufacture plus a percentage. The
very little incentive to reduce unit cost but a high incentive
design the highest performance product possible. Pessimistic
proaches are also often used where there are limited produc
prototypes.

6.2 Utility Theory. Differences between optimistic an
pessimistic approaches can be ascribed to differences in the
ties of unit cost and quality-failure costs. As stated above in S
tion 2, utility theory uses a measure of outcome utility~i.e., value!
to rank preferences. The optimal action maximizes the outco
utility.

In this case, selectingg is the action. There are two outcome
for every value ofg: a unit cost,Cu(g), and a potential quality-
failure cost,Cq(g). The unit cost is defined by the lower curve
Fig. 4. It represents the lowest possible expected cost for a g
gap,g.

Cu~g!5Cexp~g,s l l ! (7)

DCu is the difference between maximum unit cost and unit cos
gap,g.

DCu~g!5Cu~gul!2Cu~g! (8)

The quality-failure cost is defined by difference between the up
and lower curves in Fig. 4. It represents the increase in price
to increased variation for a given gap,g.

Cq~g!5Cexp~g,sul!2Cexp~g,sg! (9)

DCq is the difference between the maximum quality-failure co
and the quality-failure cost at gapg.

DCq~g!5Cq~gll !2Cq~g! (10)

The utility function is based on the question posed in Section
how much are you willing to increase unit cost to reduce t
chance of a quality failure later? This question can be translate
into utility theory terminology:what are the relative utilities of
decreasing unit costs versus decreasing quality-failure cos?
Transactions of the ASME
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U(g) is the total utility for a gapg; Uu is the utility of a decrease
in the unit cost (DCu(g)); andUq is the utility of a decrease in a
quality-failure cost (DCq(g)).

U~g!5UuDCu~g!1UqDCq~g! (11)

Utilities . There is a continuum of possible values forUq andUu .
To simplify the analysis, only two bounding conditions are an
lyzed. In the first case~value unit cost!, the organization puts a
high utility on the minimum product cost and does not value r
ducing potential quality-failure costs. In the second case, there
the organizations that place a high value on potential failure co
but don’t value minimizing unit cost~value quality failure!. Table
1 shows the utility values for the two cases.

Actions and outcome. Similarly, two actions, optimistic and
pessimistic, bound the continuum of actions. Table 2 shows
two outcomes for each action.

Relative utility of outcomes. Next, the relative utilities of the
outcomes for each action are calculated. This is done by multip
ing the cells in Table 1 and Table 2 using Eq.~11!.

Table 3 shows the two bounding value systems and the
bounding actions. The cells in the table show the relative utilit
for each action for each value system. The optimal decision ma
mizes the utility. The results show that valuing unit cost redu
tions is consistent with taking an optimistic approach. On t
other hand, those companies who value reducing potential qua
failures should take a pessimistic approach.

7 Variation and Uncertainty Reduction: The Missing
Link

Table 4 shows the values ofCu , Cq , and Cuc for the two
approaches. If unit costs and probabilistic quality-failure costs
considered static, the optimistic case will most likely result in
higher net cost~as defined byCuc!. However, companies still take
the optimistic approach to design. For example, chip manufac
ers like Intel and AMD continue to reduce their line widths eve
though their initial yields are very low. This section addresses
second question posed in the introduction:how can an optimistic
approach ever be profitable?

Table 1 Utility of unit vs. quality-failure costs

Table 2 Actions and outcomes

Table 3 Optimal scenario for each strategy

Table 4 Costs associated with each approach
Journal of Mechanical Design
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7.1 Variation Reduction. This apparent contradiction ca
be explained by taking a dynamic rather than a static view
process capability. If process capability is viewed as static—
subject to improvement—the optimistic case will, on average,
less cost effective. However, process capability is not static. P
cess variation reduction has been the subject of many books
ticles, and company initiatives. For example, Six Sigma is be
successfully applied by GE, AlliedSignal, and Motorola to redu
variation in existing manufacturing processes.

In addition, Intel’s success relies on actively pursuing incre
ing yields@30#. Rapidly increasing yields gives them a significa
edge over their competitor, Advanced Micro Devices~AMD !.
AMD struggled to increase yields on their chips and their inabil
to quickly improve yields impacted their profitability and com
petitiveness@31#.

The competitive advantage enabled by variation reduction
continuous quality improvements has also been described
number of articles and books. For example, Fine@32# provides a
quantitative proof of the benefits of continual quality improv
ments. The benefits of continual improvement and learning h
also been described in detail by Clark and Fujimoto@33# and
Womack, et al.@34#.

The effectiveness of variation reduction is also a function of
production rates. The variation reduction cycle includes ba
lining the process, running experiments, identifying the larg
contributors, imposing control on those contributors, and confi
ing the variation reduction. When companies produce at low ra
variation reduction can take a large percentage of the total
duction run to execute. High-volume producers have more opp
tunity to reduce variation and the benefits are amortized over m
products.

7.2 Uncertainty Reduction. When the optimistic approach
is taken, it assumes organizations are capable of reducing v
tion to the best case. However, inaccurate predictions may un
estimates l l . In this scenario, net cost may be higher than ori
nally expected. Therefore, it is in the best interest of
organization to make accurate predictions about process cap
ity. Leland@26# describes the effect of underestimating target p
cess variation. The case subject used significant resources d
ramp-up trying to remove a variation problem. Because they w
unable to reduce variation to a satisfactory level, the final solut
included an expensive design change.

Process capability uncertainty can be reduced using any num
of methodologies: prototypes, process models, and cr
functional interaction with suppliers and manufacturers. Howev
uncertainty reduction requires resources. To determine how m
uncertainty should be reduced, both the cost and benefit of in
mation must be quantified.

Uncertainty reduction. First, uncertainty reduction must b
quantified. Reduction in uncertainty is described by Rothsch
and Stiglitz @35# as a reduction in the variance fromss to ss8
around a static mean.

R5
ss8

ss
(12)

However, this measure has one major shortcoming: it does
quantify the resultant mean,ms . For example, if the original
bounds range from 0.010 to 0.050 and uncertainty is reduced
50 percent~i.e., R50.5!, the resulting mean can vary betwee
0.020 at best and 0.040 at worst~Fig. 5!. Because it is not possible
to predict the resulting mean, it is necessary to average acro
range of potential values.

Information benefit . Information benefit is typically measure
as a reduction in the expected cost@36#. In this case, the expecte
cost isCuc described in Eq. 6. The expected cost after uncerta
reduction,Cuc8 is:

Cuc8 51/2Cuc~g,ss8 ,ms8 !11/2Cuc~g,ss8 ,ms9 ! (13)
SEPTEMBER 2001, Vol. 123 Õ 317
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wheress8 is the reduced uncertainty andms8 andms9 are the upper
and lower bound on the mean. The benefit of information is t
difference in the expected cost before and after information.

DCuc5Cuc2Cuc8 (14)

Cost of information. The next step is to quantify information
cost. The measure of information content/entropy of a system,H,
was proposed by Shannon and Weaver@36#. Large values ofH
correspond to high entropy and low information quality. Chang
in H have been used as an information cost measure by a var
of researchers@14,37#. In most cases, the cost of uncertainty re
duction is assumed to be linear withDH.

The information entropy,H, @38# for a problem withn possible
outcomes where each outcome has a probabilitypi is:

H52K(
i

pi log pi where (
i

pi51 (15)

K is a constant used to scaleH. H is continuous withpi , is at a
maximum where allpi are equal, and has a minimum value o
zero when one value ofpi is one. The analogous case for a con
tinuous distribution with a probability distribution functionp(x)
is:

H52KE
2`

`

p~x!log p~x!dx (16)

In this case,p(s) is the p.d.f ofs andH is

H52KE
2`

`

p~s!log p~s!ds5K log~ssA2ep!1K
ms

2

2ss
2

(17)

Shannon and Weaver@36# note one important difference between
the continuous and discrete entropy measures. The discrete
tropy is strictly bounded and is always positive. The continuo
case, however, is a relative measure and cannot be guarantee
always be positive. The scaling problem is avoided by measur
information entropy deltas rather than an absolute value. In t
case, the change in information entropy,DH, due to a reduction in
uncertainty fromss to ss8 is3

DH52K log~R! where R5
ss8

ss
(18)

Figure 6 plots cost against information benefit for both the op
mistic and pessimistic case.DCuc is the benefit~Eq. ~14!! and
2 log R is the information cost~Eq. ~18!!. The figure shows that in
both cases, there is a decreasing marginal return for additio
information. In addition, it shows there is a dramatically large
benefit of information in the optimistic case than the pessimis
case.

The optimistic case benefits more from information because
potential quality-failure costs are significantly higher. The opt
mistic approach can be viewed as the riskier option although
benefits are higher. In general, the riskier a situation, the mo
information benefits the decision-maker@14#.

3This assumes the second term in Eq.~17! is a normalization term that scales the
entropy. It is therefore not included in the analysis.

Fig. 5 Uncertainty reduction
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The benefit of information in the optimistic case is further e
hanced by the low-volume/high-volume differences discussed
Section 6.1. The net information benefit,B, is the difference be-
tween the benefit of information and the cost of the informationB
is a function of the cost~Eq. ~14!! and benefit of information~Eq.
~18!! as well as the remaining production volume,V.

B5VDCun2K~2 log R! (19)

As stated above, most optimistic companies tend to be high
ume producers. The higher the volumes, the more benefit is
rived from the information gathered because the investmen
amortized over more products.

Ertan@38# surveyed a variety of companies about their variati
reduction methods. The surveyed companies were split into
groups: commercial/high-volume companies and military/lo
volume companies. The survey showed high-volume produc
were significantly better at capturing process capability data t
low-volume producers. Process capability data is used to red
uncertainty about the final variation. The better the data,
greater the certainty. This difference may be explained by
findings in this paper. First, low volume producers are less abl
collect process capability information because of the lack of da
points. The second, suggested by this analysis, is that there
greater incentive to understand process capability where an
mistic approach is used.

8 Industry Trends
This section addresses the third question posed at the begin

of the paper:how can an organization transition from a pessimi
tic approach to an optimistic approach?

As the market requires companies to become more cost c
petitive, they are being forced to reduce their unit cost. For
ample, historically Boeing’s success has been based on pe
mance rather than cost; however, they now are being pushe
reduce cost. As an article inForbes @39# stated ‘‘performance,
delivery, and technology mattered more than cost . . . but airli
design has plateaued, and the airlines that buy the planes toda
chiefly interested in how much carrying capacity they can buy
a buck.’’

Pushing process capability limits and taking a more optimis
approach should decrease unit costs. For example, military
ducers are being forced to become more cost competitive. T
are being required to include off-the-shelf components rather t
military specification parts~milspec!. The off-the-shelf compo-
nents are lower cost but there is generally less certainty ab
their quality and performance.

However, rapid shifts to optimistic from pessimistic approach
can be dangerous and expensive. As shown in Section 7, wit

Fig. 6 Cost vs. benefit of information
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lowering uncertainty and proactively reducing variation in pr
duction, there is a large potential downside to adopting optimi
approaches.

How can companies who have traditionally taken a pessimi
approach transition without encountering massive and expen
quality problems? For high-volume companies this is typical
done through SPC, production prototypes, and proactive desig
variation reduction plans. However, in the case of low-volu
companies, the application of the optimistic approach is tricki

There are two barriers to transitioning from a pessimistic
proach to an optimistic approach in low-volume companies. F
low volumes hamper uncertainty reduction. The amount of d
available from SPC and other data collections will be limite
Learning is also limited by the lack of a process ramp—the fi
product built is usually sold and there are limited production ru

This paper suggests three methods to overcome these bar
First, organizations should make a slow transition from pessim
tic to optimistic strategies. Transitions should be made first wh
the cost impact is low and where data collection can be levera
across other parts. Second, extensive modeling and simula
should be used. Because production prototypes can be pro
tively expensive, tools such as Variation Systems Analysis~VSA!
@40# can be used to simulate assembly.4 By learning through simu-
lation, high-risk assemblies can be identified prior to producti
Variation reduction plans can be initiated at the start of produc
rather than waiting for quality problems to occur. Third, unc
tainty reduction should leverage surrogate processes, similar p
common parts, and supplier parts. By sharing learning ove
larger number of similar parts, the quality of information can
improved.

In summary, low volume productscan take a more optimistic
approach to variation. However, a high degree of planning
analysis is required because they do not have the luxury of
duction prototypes and high production volumes. In additi
there may be some sub-systems where, given the high degr
uncertainty, the optimal approach may never be feasible.

9 Other Examples
These conclusions do not only apply to the gap example but

be generalized to other decisions about design configurations
manufacturing processes. Three examples are used to demon
this generalization: electronic assembly, adjustment parame
and aircraft assembly.

9.1 Computer Assembly. The optimistic/pessimistic di-
chotomy does not necessarily apply to entire organizations.
ferent product platforms~even products in the same product fam
ily ! may require different approaches to uncertainty. For exam
traditional computer assembly used screws to make connec
between sub-systems. However, the use of screws increase
sembly time. To reduce labor content, many companies now
snap fit connectors. Snap fits reduce assembly costs but ha
higher rate of connection failure. Variation in the moldings c
cause faulty connections to occur. The optimistic approach i
use snap fits; the pessimistic is to use screws.

Depending on the product characteristics, either the optimi
or pessimistic approach may be appropriate. For example, a
market size for the low-cost computer continues to grow, the p
sure to produce lower cost computers increases@41,42#. In this
market segment it is in the best interest of the organization to
a very optimistic approach to the product design. In order to
cost competitive, snap fits are probably more appropriate than
use of screws.

However, there is another class of computers—the high e
high performance systems where reliability is a dominant co

4There is always the risk, however, that the cost of simulation and modeling
be quite high.
Journal of Mechanical Design
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petitive factor. In this case, avoiding product returns and ensur
reliability may be worth the extra cost. Taking a pessimistic a
proach is probably the appropriate approach.

9.2 Adjustment Parameters. The least expensive manufac
turing process requires no special tools, steps, labor, or tuni
Parts are picked from bins and assembled without special adj
ments or fitting. Pick-and-place reduces the error rate, decrea
labor content, and removes the need for specialized traini
However, variation can hamper the efficiency of pick-and-pla
assembly. When too much variation exists, parts may not fit
function properly creating rework and production disruptions.

To compensate for variation, design teams may decide to
clude adjustments or tuning parameters to prevent quality failu
@43#. For example, a voltage might be tuned in the factory
achieve proper copy print quality. Although adjustment process
ensure product acceptability, they increase the unit product c
because additional equipment, training, and labor are required
addition, adjustments have been correlated with field problems

Many companies are trying to reduce their dependence on
justment parameters. However, this transition should not be m
without understanding the effects of uncertainty, proactively pla
ning variation reduction, and increasing process capability d
collection.

9.3 Aircraft Assembly. Historically, aircraft frame assem-
bly has relied on specialized tooling and processes to account
high part variability ~i.e., fixtured assembly!. However, as cost
pressures increase, aircraft companies are adopting assem
methods similar those used by automotive assembly~i.e., determi-
nate assembly! @7#. Figure 7 shows the differences between th
two assembly methods. In determinate assembly~left figure!, each
panel has predrilled location holes. Assembly involves lining u
the holes and inserting a fastener. The total length depends on
precision of the hole location. Fixtured assembly~right figure!
uses a dimensional fixture to define the total length. In this ca
two blank panels are placed in the fixture and a hole is drill
simultaneously through both. After match drilling, the parts mu
be pulled apart, the burrs removed, and the parts realigned. F
teners are then inserted in drilled hole.

Determinate assembly is less expensive because it removes
need for specialized fixtures and also reduces the labor cont
However, determinate assembly is highly sensitive to hole loc
tion variation and is at higher risk of quality failures. In addition
the failures are very expensive; if a part does not fit, the part m
have to be scrapped. The fixtured approach is more expensive
a unit cost basis because it requires additional labor, expens
dedicated fixtures, and prevents interchangeability and repla
ability of parts. However, it is less sensitive to part variation.

10 Summary
This paper contributes several new ideas. First, it propose

formalism for selecting the optimal design under process capa
ity uncertainty. Second, it proposes a quantitative explanation
various behaviors under uncertainty. Third, it describes why lea
ing and variation reduction are critical in cost competitive indu
tries. Fourth, it explains why it is critical for companies, whe

can

Fig. 7 Determinate and fixtured assembly
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making a shift from a pessimistic to an optimistic approach
variation, to simultaneously implement methods to reduce un
tainty as well as reduce variation.

Acknowledgments
The author would like to acknowledge the support provided

NSF Career Grant #9702662 managed through the Division
Design, Manufacturing & Industrial Innovation in the Engineeri
Directorate, the Center for Innovation in Product Developm
under NSF Cooperative Agreement Number EEC-9529140,
the Lean Aerospace Initiative. Specifically, the author wishes
acknowledge the input and feedback from William J. Brougha

Nomenclature

B 5 Net benefit of information
C(gp) 5 Cost when gap of sizegp is produced

Cexp(g,s) 5 Expected cost of a gap,g, for a given stan-
dard deviation,s

Cl 5 Impact cost
Cq 5 Quality-failure cost

Cup 5 Cost atgup
Cu 5 Unit cost

Cuc(g,ss ,ms) 5 Expected cost under uncertainty
DCq 5 Difference between maximum unit cost and

unit cost at gap,g
DCm 5 Difference between the maximum quality-

failure cost and the quality-failure cost at ga
g

g 5 Designed gap
gp 5 Gap as produced

gmin(s) 5 Gap that minimizesCexp for a given standard
deviation,s

gul 5 gmin(sul)
gll 5 gmin(sll)

gup 5 Anchoring point for cost/loss curve,C(gp)
H 5 Information entropy

DH 5 Decrease in information entropy
h 5 Process capability safety factor

Uq 5 Utility of a quality-failure cost decrease
Uu 5 Utility of a unit cost decrease

U(g) 5 Total utility for gap ~g!
p(gp) 5 Gap probability density function
s, s i 5 Standard deviation

s l l 5 Lower level of potential process standard
deviation

sul 5 Upper level of potential process deviation
ss 5 Standard deviation of process capability dis

tribution
ss8 5 Standard deviation after uncertainty reductio
ms 5 Mean value of process capability distribution
ms8 5 Lower bound on mean value after uncertain

reduction
ms9 5 Upper bound on mean value after uncertain

reduction
R 5 Uncertainty reduction
K 5 Scaling factor for information cost
V 5 Volume
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