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Establishingmeaningfulmultivariate specification regions on themultiple properties of a single rawmaterial has
been presented and illustrated by Duchesne &MacGregor Duchesne andMacGregor (2004) . However, theman-
ufacture of most final products usually involves the use of many raw materials each with multiple measured
properties and from different suppliers. Setting specifications separately on each of these materials is unreason-
able since it is the simultaneous combination of the properties of all thematerials thatwill affectfinal quality. This
paper presents an approach to determining the acceptability of new lots of rawmaterials frommultiple suppliers
and of assessing the suitability of combining specific lots of materials currently in inventory that will minimize
the risk of manufacturing a poor quality product. Multivariate statistical models based on PLS are used to deter-
mine the importance of all the properties of each of the materials and to develop the specification methodology.
Use of the models for achieving improved control over the product quality is also discussed.
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1. Introduction

Establishing specifications on incoming rawmaterial properties that
will assure a high probability ofmanufacturing an acceptablefinal prod-
uct is an important problem. DeSmet [3] and Duchesne &MacGregor [4]
emphasized that quality of a material is a multivariate property in
which the simultaneous combination of all the material's measured
properties is what is important rather than each of its properties indi-
vidually. They proposed procedures for defining multivariate specifica-
tion regions on all the measured properties of a single material. This
involved building multivariate latent variable models using PLS (Partial
Least Squares or Projection to Latent Structures), Geladi [5], Kourti and
MacGregor [6] relating the final quality of the manufactured product
to all themeasured properties of the incoming rawmaterial. The dimen-
sion of the latent variable space of these models is usually much lower
than the number of raw material properties due to correlation among
the rawmaterial properties and their correlationwith the product qual-
ity. Therefore the specification regions were established in this reduced
dimension latent variable space. Raw material lots meeting specifica-
tions would have scores that fall within the specification region in the

latent variable space and also have residual squared prediction errors
(SPE) that are acceptably small (e.g. within 3 SD limits).

To illustrate this methodology, we present an application to setting
specifications on an API (Active Pharmaceutical Ingredient) used in
the manufacture of a drug product. Seven properties were measured
on each lot of API and since this API was used in more than one drug
product manufactured at different locations, the company wanted to
set specifications on the API to determine which drugs could satisfacto-
rily use this API. In the pharmaceutical industry this is often referred to
as a design space on the raw materials.

Fig. 1 is a plot of a preliminary specification region based on a PLS
model built on a small initial number of API lots for one of the drug
products. The specification region is defined in the space of the two sta-
tistically significant latent variables (summary 1 and 2 in Fig.1). For each
lot of API two latent variables scores are computed from the measured
seven properties and plotted as shown in Fig. 1. The scores for the
API's that led to good product and poor product are shown and a
crude specification region (rectangle) defined for the API that included
the scores for the good and excluded the scores for the poor API's.

The scores for a new lot of API (+ in the plot) fall outside the speci-
fication region and hence this API lot should be rejected for use in this
product. Note that one of the seven measured properties was missing.
However, the missing data handling capabilities of PLS still allow for
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Fig. 1. Specification region for an API in latent variable space. API's yielding good quality are denoted byΔ and□ (those with□were just more difficult to process) and those yielding poor
quality are denoted by filled O. The scores for a new API lot are denoted by a (+).

Fig. 2. Contribution plot for the out of specification batch (+) in Fig. 1.
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