ABSTRACT

A lean and simple approach to increasing process understan-
ding that aligns scientific and engineerin rhinkfn? with
statistical principles is presented. This allows a larger
community of scientific and engineering users to apply
statistical methods to increase process understanding based on
data and use this knowledge fo increase product quality.

INTRODUCTION
The essence of the PAT initiative driven by the FDA (http://
www.fdo.gov/eder/guidance/641 9kl pdf) is to enable
Phamaceutical manulacturers to improve product quality
through increased process understanding based on data. The
initiative encourages a data driven approach in process
ment and monufacturing, specifically one of measuring

the relevant process features, integration of the resulting data,
and statistical medelling to drive process understanding based
on data. It is expected that companies who are able to
demonsirate process understanding based on su parlinﬂ data
will be treated differently and may benefit trom relaxed
regulotion and o tronsition towards continual verification that
a.iﬁws improvements throughout the life-time of manufacturing
to be made provided the proposed changes are supported by
data and statistical analysis of that data. This change allows
pharmaceutical manufacturers to catch vp with other
manufacturing sectors with regard to strategies for dramatically
improving quality and reducing costs that occurred over
the last twenty years or so through Tetal Quality Management
[TGIMY], Six Sigma and related initiatives.
The FDA Guidance lists four tools of PAT:

= Multivariate tools for design, data acquisition and analysis

—Pral-c]ess analysers [at-line, on-line, in-line measurement

fools
~ Process control tools
—Cull'blinuuus improvement and Icnuw|edge management
fools

Much of the focus to date has been in the area of installing
process analysers, calibrafing these new measurement systems
against existing off-line QA systems using multivariate analysis

and installing a new control system bosed around the
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newly calibrated in-line or at-line meosurement system with the
aim of increasing in-process or end-process unliﬁr. For brevity
this paper pm?s the first three tools and calls them PAT
calibration methods. It then conirasts PAT calibration metheds
and confinuous improvement tools with regard to the likelihood
of achieving dramatic improvements in product quality and
process understanding.

HOW DOES PAT CALIBRATION LEAD
TO BETTER QUALITY?
Process analysers include mid-infra red, near-infra red and
loser probes that deliver spectral data that need to be
calibroted ogainst a direct measurement of the entity of interest
using predictive modelling techniques such as Partial Least
Squares (PLS). Once calibrated o process analyser might be
used for end-point detection (i.e. stopping o process once the
desired state E; been achieved), e.q. parfice size in milling,
blend uniformity in blending, moisture content in drying, and
so on. Additionally process analysers once calibrated can
obtain in-line measurements of key process indicators such as
tablet coating thickness, AP| content in blended material, API
form and stability, etc. Figure 1 depicts a typical analysis
procedure for calibrating a process analyser against an
existing off-line measurement system for measuring the water
content of tablets. NIR transmittance measurements for a
sample of tablets result in @ spectra for sach tablet, the spectra
are pre-processed fo remove noise, the off-line water content is
then modelled as a function of the de-noised spectra using
predictive modelling techniques such as Parfial Least Square
[PLS) and providing the resulting model adequately Edm the
line measurement the new process analyser can be vsed for
in-line or at-line control purposes. This calibration process uses
a sophisticated multivariate toolset that requires a h]i%hly skilled
analyst such as a Chemometricion or Stafistician. The process
illustrated in Figure 1 is representative of many PAT projects to
date, the goal is to increase product quulilé,r through in-line
control and end-point detection based arcund in-line or at-line
process analysers, however this approach does not necessarily
drive increased process understanding (ot least in the context of
the definition given in section 3).

51X SIGMA: DRIVING INCREASED PROCESS
UNDERSTANDING THROUGH CONTINUOUS
IMPROVEMENT

Six Sigma is a process improvement or problem solving
metho ulog}r that helps us focus on snlving improvement
opportunities (problems) with the biggest business impact and
to E:se decisions on data. It requires us to think in terms of the
statistical principles of variation, specifically variation in
product quality [Y's) is due lo variation in one or more process
inputs [X's), The key is to find the ;peciﬁc process inputs [hat
X’s) that drive variation in product quality [Y's] and to
understand the transfer function (at least at an empirical level)
as to how the hot X's transmit variation inte product quulilr
[¥'s). DMAIC (Define, Measure, Analyse, Improve, and Control)
is o common problem solving process deployed within Six
Sigma. As illustrated in figure 2, it involves collecting data on a
large number of process inputs and modelling their impact on
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Figure 2. The Essence of DMAIC

product quality to determine the hot X's and the way in which
drive variation in nﬂdmtq::z
Unlike the PAT Calibration approach, Six Sigma aims fo drive
increased process und&rs'fﬂnding!lﬂuulil‘y through fewer
controls not more. Six Sigma thinking delivers process
understanding with the goal of informing us how to operate the
m&s for rnbu;nf il.e. m:;‘.i.;nise transmission of variability
process to ct i).
It takes the stance that we don’t want to be routinely mansurirg
lots of things in manufacturing. However, measurement
X's, is necessary to deliver the data required to build
models of the dependence of product quality on process inputs.
Effective implementation of Six Sigma is not without its
challenges. (IZ]he challenge is that Six Sigma requires us to
collect data on the potential process inputs or X's, which may
not be routinely available for the manufacture of mature
pharmaceutical products. Ancther challenge is the effort
mqluired to learn ond master the shatistical ¢ ts listed in
table 1. First prrjacrsuﬁmhwaﬂn elapsed fime of six months
to one year, and the two issues that contribute to these long
project s are the fime to:

1. Collect data on the X's and verify the adequacy of
measurement systems for the 's.

2. Time to become proficient in applying the stafistical toolset
in toble 1 to solve problems. A issue is
statistical analysis is performed on an infrequent basis,
users tend to forget how to apply statistical methods to
solve problems, nmuin'g that project cycle times rarely get
shorter than a few months.

Six Si is often overly engineered with respect to statistical
complexity. Section 4 will present some ways of reducing this
complexity and enabling engineering and quality departments
lo speed problem solving and incrementally drive increased
process understanding through the application of the princiﬁles
of statistical thinking. A lean, simpler, and faster approach to
problem solving is presented.

INTEGRATING PAT AND SIX SIGMA
An appropriate bolance of PAT calibration and Six Sigma
approaches are needed to deliver dramatic improvement in
product quality and reduction in waste. PAT calibration can
deliver timely dota on some process inputs, intermediate
product and final product quality, which feeds some of the
date sources required by Six Si'gbrm. As illustrated by Moare
(1) the odditional control capabilifies offered through PAT
calibration may offer an incremental improvement in product
m but PAT calibrofion and control alone will not deliver
or near defect free processes.  As illustrated in figure 3
a blend of three data analysis approaches are needed:
1. Calibration to deliver timely data to deploy in process
understanding and process control.
2. Process understanding based on a lean, simpler, and
faster approach to Six Sigma.
3. Process controls where needed, i.e. when the process
cannot be made sufficiently robust.

The enabling technology required to support this framework
falls into three categories as illustrated in Figure 4;
1. Data integration technology is required to deliver

integrated, clean

data  that s nml 2 ament ;ﬂ"“
analysis ready. ? umcm
Mote: the time to Data Cleansing

h ) i
deliver analysis WP !
ready data often Gl Slatiet D "“"I' ‘"’E‘: -
represents more Distribution Fitting
than half the time Saatic Graphs Histogram
spent in ﬁ:m g;ﬂw

(1 ]

performing data i
analysis. Data Scansrplot
integration 3d Scatter Piot
technology would BB e
integrate  and v
cleanse data from Malrix plot
dispﬂruh Bar Chart
manufacturing :m plot
and quality data Measurement Studies  Lineasity and Bias
sources including Gauge RER
LIMS, SCADA, Process Capabilty
MES, Process Hypalhesis Testing Compare Means/Medians
analysers, as well Compare Counts
as deskto Correlaion & Regression  Corrsiation Matrix
opplications suc Simple Regression
as . Simgle Logistic Regression
.Model Building —
technology s Advanced Statistics Mut-Way ANOVA
required to help Generalized Linear Madeling
mh pee w
enug:naering, and Taguchi
quality groups to
effectively and Control Charts Q"‘D;K
aefficiently apply UMR
the prinr.ilﬁlas of MA_ EWMA, Cusum
statistical thinking C.UP.We
and drive
increased process  Table 1. Statistical Took Used in Six
understanding Sigme

th raugh the
opplication of stafistical principles.

3. Model deployment refers to the process conirols needed to
ensure product quality when the process cannot be set to
deliver adequate robusiness,/ quality.

Lean Model Building Process
Moore and Cox [2) proposed a lean data analysis process for

the model building step supported
such as JMP from SAS. The first two steps of this process

lysis software

by visual ang
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Figure 3. Data analysis through manufacturing life cycle
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Figure 4. Enabling kechnelogy
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the process for rebustness, or by damrmining
additional controls required to oblain consistency

product or a combination of both. Moore (1) and
Moore and Cox (2] have presented case studies based
around this lean medel building process, one of these

cases is summarised.

CASE STUDY

A Fictional case study was presented in {1} based
r around a fairly typical situation in pharmaceutical
manufacturing. It related to a process for tablet

production at a single concentration where the key
ance mefric was 60-minute mean dissolution.

Fistorically, 16% of production batches failed fo meet
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the &0-minute mean dissolution requirement of not less

than 70%. Figure 5 summarises the key grophical tocls

used in framing the problem and identi iﬁfh& hat X's:

1. A process map was used to idenlify the data that
can be easily collected for past preduction lots.

2. Side by side histegrams with the lots with a &0-
minute mean dissolution below 70% identified in
darker shading help identify three hot X's - mill
time, screen size spray rate,

3. A data mining decision tree shows the acceptance
rate and reject rate according to four sub- roups
defined by splits based onr;ﬁi values of the top
three hot X's. Cne quick solution to reduce the reject
rate is offered in the right-hand branch of the
decision tree which invc?lvas tighter contrals on
screen size and spray rate.

4. A parallel coordinates plot identifies passing lots in
blue and failing lots in red and illustrates the
opportunity to ﬁgn'ren the contrel range of severcl
¥'s in order to reduce defect rate, these X's indude
mill time, blend time, blend speed, compression
force, coating viscosity, exhaust lemperature and
spray rate

Figure & illustrates what is possible when ressing

Figure &, Stafistical Modelling

concern the identification of the X's and ¥'s to measure,
ing the data, ensuring it is free of obvious errors and any
measurement errors will not mask the patterns of process
varigtion. Onee the data is dean ond free of large measurement
errors, the medel building process consists of two steps:
1. discovering patterns between X's and Y's using dynamic
visualisation techniques, and
2. empirical or statistical model building to help understand
how to exploit these relationships to ensure increased

product quality.

This lean analysis process aligns scientific and engineering
thinking with statistical principles, enabling o larger community

users to increase process u ing supported with data
and drive quality levels higher by determining how to operate
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to statistical modelling methods with multiple
regression analysis confirming the imporfance of the
het X's identified by parallel coordinates and running
Monte Carlo simulations from the multiple regression modsl to
identify the control tolerances of the hat X's we need to
maintain in order to get a near free process.

SUMMARY
PAT calibration and contrel methods alene are unlikely to
deliver near defect free processes. Continuous improvemant
methodologies such as Six Sigma are also required to deliver a
body of knowledge to ensure processes are made robust
possible with process contrels depleyed to ensure
high levels of quality where robustness cannet be designed into
the process. A lean and simple appreach te Six Sigma
concepts that aligns scientific and engineering thinking with
stafistical principles, and enables a larger community of
scientific and engineering users to increase process
understanding busj on was pre . This approach
speeds project cycles ond provides a sound basis for
incramenmliy improving product quality as per the PAT
principle of continuous verification.
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