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HE QUALITY COMMUNITY HAS LARGELY

ignored a major issue in product
improvement: how to improve products
from the standpoint of property trade-
offs. The problem is one of optimizing

property balance. It arises because, as one proper-
ty is improved, it is often at the expense of one or
more other properties.

The trade-off problem is particularly chronic in
formulation-related products, such as adhesives,
rubber, plastics, inks, paints, and alloys. It is not
uncommon to have to balance as many as 20 prop-
erties for such formulation products. For example,
the abrasion resistance of a rubber shoe sole for-
mulation might be improved by adding certain
fillers. But this change might also result in more
complex production processes and higher produc-
tion costs. The problem becomes considerably
more complex when several components of the
formulation are being varied.

Balance problems can be solved by using a
modified formula of E.C. Harrington’s desirability
function1 and combining it with response surface
methodology (RSM)2 to form a methodology
called desirability optimization methodology
(DOM). Computer implementation of DOM fur-
ther enhances its power. 

Why is property balancing difficult?
To see why property balancing can be difficult,

consider a rubber formulation with properties of
tensile strength, hardness, cost, and rebound.
When balancing, difficulties result from deciding
how to average properties measured in different
units since the different properties cannot be mea-
sured using the same scale. If they could be mea-
sured using the same scale, it would be possible to
simply take an average of the various properties
and maximize it—that, however, is precisely the
purpose of the desirability function. It provides a
metric for balance.

The desirability function ranges between zero
and one. Any property can be mapped onto the

function. A desirability of zero represents a proper-
ty level that is expected to render the product unac-
ceptable for use. A desirability of one represents a
property level at which a small increase or
decrease will not further improve the product.

The following looks at how the desirability
function can be used for both discrete and continu-
ous cases. 

A discrete case
Figure 1 shows four formulations, each with

three properties: tensile, hardness, and elongation.
Above the tabular information is one desirability
curve for each property. For any property value, a
zero-to-one desirability can be found from the cor-
responding desirability curve. In addition to the
desirability curves, each property is associated
with a weight. This allows different importance
levels to be assigned to different properties.

In this example, the assigned weights imply that
hardness is twice as important as tensile and elon-
gation is four times more important than tensile. It
must follow that elongation is twice as important
as hardness.

Both the desirability curves and weight assign-
ments are individual or group judgments. (This
important factor is discussed in the sidebar “Where
Do Desirability Curves and Weights Come
From?”) Now that each property can be assigned a
zero-to-one desirability, the three individual desir-
abilities for each formulation can be combined into
a composite desirability scale, denoted D, that rep-
resents average desirability. D, however, is a geo-
metric mean, not an arithmetic mean, because in
most product development situations, a single
property at an unacceptable level renders the prod-
uct useless. Even if this is not the case, it is a useful
model for product development.

The far right column is the weighted composite
desirability, which is calculated from the equation:

D = [(d1)1(d2)2(d3)4]1/7

Composite desirability takes into account the
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property weights, which are exponents of the individual desir-
abilities. To find the best formulation, simply look for the
largest D value in the far right column. Clearly, formulation
No. 4 represents the best balance of properties. This is a simple
example that shows how useful the desirability concept can be
when working with a large data base of property values. 

A continuous case
By combining the desirability concept with RSM, DOM is

created. One can think of DOM in terms of substituting a set of
prediction equations (one equation for each property) for the
data base in the previous example. These equations have the
capability of predicting each pertinent property level for any set
of independent variable levels within the area of the data.
Therefore, D values can also be produced from these equations,
which allows further analysis through the creation of contour
surfaces, the location of local maxima/minima, and the use of
other techniques.

To illustrate how DOM works, an example with one X vari-
able will first be considered, which will then be expanded to
include any number of independent and dependent variables. In
Figure 2, plot A is a plot of tensile (Y2) vs. filler level (X1). This
is an equation fitted to the four data values shown. Plot B trans-

lates the tensile scale into a zero-to-one desirability, or d scale.
This plot indicates that below 800 pounds per square inch (psi),
the product will be unacceptable. At 1,400 psi, a level is
reached where higher values are of no added utility. Between
800 and 1,400 psi, higher values correspond to higher values of
desirability and thus greater product functionality. Considering
plots A and B together, it becomes clear that any filler level
within the range of the data will yield a desirability. For exam-
ple, at 10 parts per 100 parts of rubber (phr), the line shows how
one would find di for 10 phr filler level. Of course, the same
operation can be done for any filler level.

In plots C and D, the same procedure is performed with vis-
cosity, except that, for this property, it is desired to target viscos-
ity at 60 and force values greater than 72 and less than 40 to be
zero desirability.

For any filler level (X1) input, both a d1 value and a d2 value
can be obtained. Assuming equal importance for the two prop-
erties (w1 = w2 = 1), a plot of composite desirability can be con-
structed as a function of filler alone, using the equation:

D = (d1d2)1/2

Composite desirability is shown in plot E. This plot clearly
indicates that, for the given desirability curves and weight
assignments, the optimum formulation is equal to that of 10 phr

Figure 1. Desirability Optimization for the Discrete Case
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Figure 2. Desirability Optimization for the Continuous Case
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Figure 3. Desirability Optimization for Multiple X’s and Y’s
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filler. There is no limit to the number of properties that can be
stacked up and optimized as is shown in Figure 2.

Although this example has been illustrated graphically for
ease of understanding, the procedure can also be expressed in
mathematical terms. Yi is a function of X1 (filler in this case), di

is a function of Yi, and D is a function of d1 and d2 . Therefore,
D is simply a function of X1. 

Expansion to multiple independent variables
Conceptually, adding independent variables does not create a

problem; instead of each dependent variable being a function of
one independent variable, X, it becomes a function of two or
more X’s. All that is needed are data that are appropriate for fit-
ting a prediction equation. Extensive experience in the chemi-
cal, physical, and engineering sciences has shown that second-
order polynomial equations are flexible enough to fit most
behaviors encountered in production or research-and-develop-
ment practices.

The only remaining problem is what specific combinations
of X-variable levels will enable the fitting of such an equation.
The RSM discipline has thoroughly addressed this subject.3

Thus, there are numerous response surface designs from which
to choose. RSM is a powerful tool that permits the mathemati-
cal modeling of one or more responses as a function of several

factors (i.e., independent variables). Therefore, it is easy to
explore the consequences of a change in one factor (or a combi-
nation of factors) on all responses.

Figure 3 is a schematic for the cases with multiple X’s and
Y’s. The four peripheral contour plots represent properties as a
function of two X variables. Each point in the X1 – X2 space is
transformed into a zero-to-one desirability value. The resultant
four d values are then combined into a composite desirability,
D, which is represented in the center contour plot. The highest
point on the center plot corresponds to the optimum formula-
tion. Again, this maximum can be calculated mathematically
using a maximization algorithm. 

Computer implementation
Although DOM has been used for more than 20 years, its

implementation has been tedious and has required a knowledge
of (or software for) experimental design, regression analysis,
optimization, and graphics. Thus, many have avoided using it.
Fortunately, easy-to-use software for DOM implementation is
now available.4 With the availability of such software, added
advantages of DOM have come to light, particularly the ability
to do what-if simulations and to enhance robust product design.
These will be demonstrated using SynGenics Corporation’s
ImproveIt software. 

Figure 4. Optimum Formulation and Desirability Histogram for Equal Weight Case
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What-if scenarios
Figure 4 shows results from the optimization of a rubber

shoe sole formulation.5 It displays the property levels expected
from the optimum formulation, which consists of 43 parts of
resin, 52 parts of silica, and 19 parts of oil. The bars are plotted
on the desirability scale. Note the trade-offs among the various
properties, which are represented by the different sized bars.
Some desirabilities are high, and some are near zero. It is
important to remember that, by definition, if a d value is greater
than zero, the formulation is acceptable.

Using this same example, suppose that a price-sensitive for-
mulation needs to be developed. To obtain this, the optimization
is simply repeated, with cost being given a higher weight. The
resulting property spectrum for this price-sensitive product is
shown in Figure 5. As the figure shows, the optimum X-vari-
able settings have changed considerably. To increase the cost
desirability (i.e., decrease the cost), other properties had to
decrease in desirability, although the resulting formulation is
still acceptable. Many other possibilities suggest themselves.
For example, the same trade-off analysis can be performed to
make the shoe sole wear longer and be more skid resistant on
wet surfaces. In this case, the property of abrasion resistance
would be given more weight. 

Figure 5. Optimum Formulation and Desirability Histogram for Optimization With Cost Heavily Weighted
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Figure 6. Composite Desirability at Optimum Representing
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gradient function.6

This example represents an after-the-fact examination of
product robustness. It is also possible and desirable to include a
measure of robustness into the desirability function. To do so,
the individual response gradients should be included in the
composite desirability function.7

A proven methodology
DOM is a proven methodology for developing products in

which many properties must be balanced. It is especially useful
when those properties must be balanced against each other. 
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Where Do Desirability Curves and 
Weights Come From?

Desirability curves represent engineering judgments
on how individual properties or responses translate into
product quality. They come either from individual judg-
ments or group consensus.

If the desirabilities are specified by an individual, that
person should be very familiar with the product. Ideally,
however, the process of assigning desirability curves
and their weights is best done by consensus in the
early stages of product conception. The consensus
meeting should include an expert facilitator and repre-
sentatives from all functional areas involved with the
product, including marketing, sales, production, and in
some cases, customer service.

The tangible product of a consensus meeting is a set
of agreed-on desirability curves and assigned weights.
Consensus ensures that the product development team
has a well-defined goal before it spends time and
money developing the product.

Participants in desirability facilitation meetings often
express satisfaction with the fact that potential design
and production problems are identified up front before
a lot of expense is incurred fixing them later in the
process. Here is an enlightening example: In one meet-
ing involving two different laboratories in two different
countries, the facilitation session revealed that one lab
had spent two years trying to maximize a particularly
important property while the other had been busy trying
to minimize it. Although an extreme example, it under-
scores the importance of thinking through the process
and product before rushing into development and pro-
duction.

The desirability optimization methodology is most
effective when implemented after a facilitation session
is carried out. It provides an ideal structure for obtaining
the consensus judgments necessary for developing
world-class products. 
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Robust product design
A robust product is one that is resistant to the sources of vari-

ability both during product manufacture and product use.
Variance reduction has become another phrase that captures the
essence of robust product design—that is, making a product
resistant to variability.

An optimal formulation product is represented by a maxi-
mum D value. In other words, it represents the top of a desir-
ability hill. For more than two X variables, the product is repre-
sented by a hilltop in hyperspace. It is important to determine
how steep the hilltop is so that product stability and manufac-
turability can be predicted. A steep peak translates into
increased variability in manufactured product; a relatively flat
hilltop means that the resulting manufacturing process is much
more forgiving.

For example, Figures 6 and 7 represent extreme cases. In
Figure 6, it is clear that small perturbations in the level of the Xi

at the peak translate to large deviations in D, which in turn
translate into large variations in product quality. In Figure 7, the
product would be more robust at the optimum D. The gradient
at the peak can be expressed mathematically using the
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