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Abstract: A process is well understood when all critical mes of variability are
identified and explained, variability is managedthg process design and monitoring,
and product quality attributes is accurately ariioey predicted over the design space.
Quality by Design (QbD) is a systematic approaciprtmduct development can process
control that begins with predefined objectives, bagizes product and process
understanding and sets up process control basesoond science and quality risk
management. The Food and Drug Administration (FD#&)d the International
Conference on Harmonization of Technical Requiredsefor Registration of
Pharmaceuticals for Human Use (ICH) have recertdyted promoting QbD in an
attempt to curb rising development costs and régulabarriers to innovation and
creativity. QbD is partially based on the applioatiof multivariate statistical methods
and a statistical Design of Experiments strategyhto development of both analytical
methods and pharmaceutical formulations. In thisepawe review the basics of QbD
and their impact on the innovative, generic andsibidar pharmaceutical industry. In
particular, we consider the challenge of mapphmg ¢ontrol space in biotechnological
processes and how advances in statistical mettadsantribute to QbD.
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1. Introduction

A process is well understood when all critical s@sr of variability are
identified and explained, variability is proactiyehanaged by the process, and
product quality attributes can be accurately andhbly predicted over the
design space. Processes must meet current goodfaotming practices to
ensure that drug products meet safety and efficagyirements. Traditionally,
this requirement has been met in the pharmaceutickistry by performing
process validation studies on three batches. Ith®s®s recognized that this
approach is unlikely to fully represent routine miacturing and therefore
unlikely to cover all potential sources of varidyil (e.g., raw materials,
operators, shifts, reactor vessels). The Officélefv Drug Quality Assessment
at the FDA, has identified this issue as a chabetagthe regulatory process and
stated that there is currently a "focus on prooediglation and not process
understanding” [15]. Quality by Design is aboutrgiag this approach.
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Quality by Design (QbD) is a systematic approachdéwelopment that
begins with predefined objectives, emphasizes podand process
understanding and sets up process control basesbumd science and quality
risk management. In the traditional approach, pcoduwality and performance
are achieved predominantly by restricting flexilyilin the manufacturing
process and by end product testing. Under the Qédnadigm, pharmaceutical
quality is assured by understanding and controllimanufacturing and
formulation variables. End product testing is usedonfirm the quality of the
product and is not part of the on going consisteagsyurance and/or process
control ([24]). The Food and Drug AdministrationD#) and the International
Conference on Harmonization of Technical Requirdméar Registration of
Pharmaceuticals for Human Use (ICH) have recen#istesd promoting QbD in
an attempt to curb rising development costs andlaggry barriers to innovation
and creativity [4, 8, 10, 16, 23, and 24]. Histatig, the QbD paradigm was first
integrated in the pharmaceutical industry, befoesnd considered by the
biopharmaceutical industry. Although ICH guidekithat define QbD (e.g. [9])
apply to both sectors, the biopharmaceutical irmgtuststriding to catch up.

An operational definition of QbD in analytical metts has been proposed
by Borman et al from GlaxoSmithKline (see [2]). Wild on their approach,
emphasizing the specific needs of biosimilar preslu@bD can be described as
a four stage process addressing both design anbtdrhe stages are:

I. Design Intent: The Active Pharmaceutical Ingredient (API) chemizad
physical characteristics and Drug Product (DP) grerénce targets are
identified for the commercial product.

[I. Design Selection: The APl manufacturing process and the DP
formulation and manufacturing process are seletexthieve the Design Intent
for the commercial product.

[1l. Control Definition: The largest contributors to Critical Quality
Attributes (CQA) variability are established andntols defined to ensure
process performance expectations are met.

IV. Control Verification: The performance of the APl and DP processes in
manufacturing are measured to verify that the oisitare effective and the
product performance acceptable.

QbD is partially based on the application of mudtiate statistical methods
[5, 6, 7, 11, 25] and a Statistical Design of Expents strategy [10, 11, 12, 25]
to the development of both analytical methods amafpaceutical formulations.
In defining the controls (Stage 3), a QbD procssapplied again to the design
of the analytical methods in order to provide tlEeassary controls. The next
section is a general review of the application &DQto the development of
analytical methods in the chemical and biotechriokdg pharmaceutical
industry.
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2. Quality by Design Challenges in Biopharmaceutal Products

The biopharmaceutical industry has emerged from dbeelopment of
recombinant DNA techniques in the 1980s. Today mbes 120 therapeutic
proteins are widely used for treating cancer, angnhieumatoid arthritis etc and
are saving millions of lives. The most common daHlwexpression systems used
to manufacture therapeutic proteins include baztgeast, mammalian cells and
insect cells. The choice of expression system di#pen factors such as type of
target protein, posttranslational modifications,pr@ssion level, intellectual
property rights and economy of manufacture. Baalteystems offer rapid and
cheap expression, but cannot express complex psoteich are glycosylated
and require an in vitro folding and tag removalpstduring downstream
processing. Yeast generally expresses the targtgip in its native form to the
medium but expression levels are very low. Inselis provide many advantages
of the mammalian cell characteristics but curretitigre are no such products
approved. A large stake of the 40 billion dollapgiiarmaceutical market is
composed of recombinant proteins produced in l&igesactors of 10-25,000
liters with engineered mammalian cells. The proidctost of such processes is
very high and can reach 1 million dollars per batch

In recent years, some of the early patents setd¥pibtechnology innovator
companies are beginning to expire opening the giedar generic versions of
biopharmaceuticals called biosimilar or follow-oriolbgics. Although no
regulatory infrastructure presently exists in theSU for biosimilars, the
regulatory systems are fast responding to this ,h@edesponse to intense
political pressure to provide cheaper life savimggd. Fore more background
see [17]. In fact, by definition, the developmentlahe production of biosimilar
products fits very well the QbD paradigm as thgeauality attributes sought
of a biosimilar product are those of the innovaproduct on the market.
Therefore from early development stages, companabissessments need to be
performed with innovator product by an array oflgiieal methods which probe
the structure, the modifications, the activity, #pecificity, the purity, the size
and the stability of the product. As stated byltheauthorities (e.g. EMEA, the
European Medicines Agency, http://www.emea.eurapa.the success of the
biosimilar development approach depends on thdtyhd characterize the
product and therefore to demonstrate the similaureaof the concerned
products. Biological medicinal products are usuailyre difficult to characterize
than chemically derived medicinal products. In #&ddj there is a spectrum of
molecular complexity among the various productsgnebinant DNA, blood or
plasma-derived, immunological, gene and cell-thgraptc.). Moreover,
parameters such as the three-dimensional strudtuzeamount of acido-basic
variants or post-translational modifications sushtee glycosylation profile can
be significantly altered by changes, which mayiaflif be considered to be
‘minor’ in the manufacturing process. Thus, theesgéfficacy profile of these
products is highly dependent on the robustnesstia@dnonitoring of quality
aspects.
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As a consequence of these conditions, the standarebric approach
(demonstration of bioequivalence with a referencediginal product by
appropriate bioavailability studies) is not appriaf#, while the approach based
on a comparability exercise needs to be followednovators of well
characterized biotech products also perform conftyilsa exercises after
manufacturing changes. The challenges and appreacked to demonstrate
comparability of a well characterized biopharmaimaltcan be as varied and
complex as the products themselves. The qualitypates of a biotech product
are traditionally associated with specificationbeTnternational Conference on
Harmonization (ICH) defines specifications as "st Iof tests, references to
analytical procedures, and appropriate acceptaritezi@ which are numerical
limits, ranges, or other criteria for the testsalibed.” Ideally, the acceptance
criteria should be set to meet well-establisheduiregnents such as that
representing product performance. However, thisrinétion is often missing
and specifications are set by establishing theylikenge of acceptable values to
be seen in production data. When reviewing acceptagriteria set using
preproduction data, regulators tend to favor theg®a limits that are used for
control charts. In practice, limits set using dintam a small number of batches
are almost always too tight [18] with the risk @&jection of "good batches".
Some outstanding issues relate to comparability. (gocess scale up and scale
down versus current process scale of biosimilasugmnovator product) and to
the setting of product specifications, when onlindted number of batches are
available. This situation is particularly relevdot products produced in large
bioreactors. Under the traditional Quality by Tegtapproach (QbT) ,a product
specification is often set by observing data fronsnaall number of batches
believed to be acceptable and then setting upom theceptance criteria for
future batches. Under QbD consistency comes frend#sign and control of the
manufacturing process. Moreover specification & thiug product should be
clinically relevant and generally determined byduct performance. Although
specifications are set for a drug product underhbtite QbT and QbD
paradigms, the roles that the specifications ptaycampletely different. Under
QDbT, each batch has to be tested against the ®adicifi to ensure its quality
manufacturing consistency while under QbD, the ifipation is solely for the
confirmation of product quality and not for manufamg consistency or process
control. ([24]).

In sum, pharmaceutical Drug Products (DP) are affyicsmall molecules,
often very stable, mostly without a drug delivergvite and produced by
chemical synthesis. In contrast, biopharmaceutizalg Products are large,
complex molecules where stability requires spebihdling and the delivery
device is often a key differentiator. Biopharmag=altDP are produced in living
organisms at comparatively high costs and are Yighihsitive to manufacturing
changes. In the next section we focus on the Qbizldpment of analytical
methods emphasizing statistical methods that rddipess these challenges.
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3. Development of Analytical Methods

The application of QbD to the development of anedytmethods applies
the same four steps outlined above to stage Ill Cohtrol Definition.
Specifically, we have the following steps first geated in [2]:

i. Method Design Intent: The analytical method performance criteria are
identified for the methods intended to be usedc@nmercial product release.

ii. Method Design Selection: The method conditions are selected to achieve
the Design Intent for the commercial release method

iii. Method Control Definition: The largest contributors to variability in the
method performance characteristics are establisdretl controls defined to
ensure method performance expectations are met.

iv. Method Control Validation: The performance of the analytical method in
use in a manufacturing environment is measured eigfyvthat the method
controls are effective and the method performascetable.

Analytical methods performance criteria are drignan understanding of
the process monitoring and control requirementduding the process critical
quality attributes (CQAs) and specification limit€QAs are identified by
uncovering the characteristics of a drug substaneedrug product that needs to
be controlled, to ensure the safety or efficacyaoproduct. The criteria for
evaluating methods measuring these CQAs include:

Precision: the requirement for the method variability to lae small
proportion of the specification.

Salectivity: the determination of which impurities actuallyedeto be
monitored at each step and ensuring adequaterdigation between them

Sengitivity: ensuring the method is sufficiently sensitiveatigke to the
specification limit in order to achieve effectiveopess control.

These criteria address the aspects of the methat afe required to
facilitate ease of use in routine operation (eanalysis time, acceptable
solvents, and available equipment). Opportunities the implementation of
improved or new technology also need to be idedifiThese criteria can be
generated by performing an analysis of the voicthefcustomer (VoC) (i.e., the
aspects of a method that are considered importntttfe quality control
laboratories within manufacturing, where the conuiar methods will be
operated). Fundamental to design selection, isrtethod-development phase.
To develop a QbD method, the method performanderiimust be understood
as well as the desired operational intent thattrentual end user would wish to
see in the method. To deliver the latter, methodstrake into account the VoC.
Traditional approaches to analytical method vaiaatand analytical method
transfer, rely on a one time evaluation of the mdtand do not provide a high
level of assurance of method reliability. The liitunderstanding of a method
obtained through these traditional approaches ftaa ¢ed to poor technology
transfer exercise from development into use in cemoial manufacturing
facilities. The fact that significant analytical thed variables are not fully
explored, leads to post transfer method failurebekvtransfers fail, significant
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resources are often required to attempt to rembdycthuses of the transfer
failure, usually at a time when there is considlerglressure to support the
introduction and launch of a new product.

The desired state is to be able to prove that tethad will be reliable
(robust and rugged) throughout the life cycle sfuse. This can be achieved by
a risk assessment for identifying potential vaeabland determine which
robustness and ruggedness experiments are to fuerped. The latter can be
tested as part of a measurement systems analydig ist which the most likely
sources of variability are identified and studiédl.the knowledge (not just the
technology) should then be transferred; any futir@nges to the method or the
environment in which it is operated should be askessed; and, if appropriate,
equivalency should be demonstrated as part of amriding change-control
procedure.

Analytical method robustness testing typically ilwes evaluating the
influence of small changes in the operating coadgi([20]). Ruggedness testing
identifies the degree of reproducibility of tessukts obtained by the analysis of
the same sample under various normal test conditismch as different
laboratories, analysts, and instruments. The ternrobustness"
has been used differently when describing chenfioatesses where processes
are defined as robust if they have the abilitydierate the expected variability
of raw materials, operating conditions, process ipgent, environmental
conditions, and human factors. In the analyticalrlyoit includes factors
affecting robustness and ruggedness.

4. Statistical Methods in the Application of QbD

The application of QbD to the development of anedyt methods is
supported by an extensive statistical methodoldgyparticular we briefly
review some of the following topics:

O Statistical Design of Experiments
Simulation experiments
Stochastic emulators
Variable fidelity experimentation
Combining expert opinions with physical end simiglatexperiments
Response surface methodologies
Multi-objective optimization
Multivariate methods

Ooo0ooooo

4.1. Statigtical design of experiments

Statistically designed experiments are now recaghis essential for rapid
learning and thus for reducing time-to-market wigiteserving high quality and
peak performance (see [11, 25]). The applicationstitistically designed
experiments, in the development of analytical méthds reported in [2, 16, 23].
One such example is the design of an HPLC methed us determine eight
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biogenetic amines as dabsyl derivatives [20]. Tystesn consists of an Agilent
1050 High Performance Liquid Chromatography, witlvaiable-wavelength
UV-vis detector and a model 3396-A integrator. Tisé of factors and their
levels, used in the statistically designed expemningepresented in Table 1.

Table 1. Factors and levels in HPLC experiment iilesd in [20].

Factor Nominal Value | Lower level (-1) | Upper level (1)
Gradient Profile 1 0 2
Column Temp<C) 40 38 42

Buffer Conc. (mM) 40 36 44
Mobile-phase Buffer pH 5 4.8 5.2
Detection Wavelength (nm) 446 441 451
Triethylamine(%) 0.23 0.21 0.25
Dimethylformamidg%) 10 9.5 10.5

The specific experimental array used in the expemins a 2* Fractional
Factorial experiment with 3 center points, is diésa in Table 2. The level "-1"
and "1" correspond to the lower and upper levefedisin Table 1, "0"
corresponds to the nominal level.

Table 2. Experimental array of experiment describg@0].
Gradient |Caol Temp |Buf Conc |Buf pH Det Wave |Trie perc |Dim Perc

-
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olalal=|aoa)alofa] o

.:,.:,.:._,_._,_,_._,_\
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The statistically designed experimental array cziasof 11 experimental
runs that involve combining the design factors levim a balanced set of
combinations. The statistically designed experingayroach is maximizing the
learned information for a given experimental bud§edbm the experimental plan
in Table 2, one can deduce the main effects of tfeetors on various responses
such the method resolution (see Figure 1).
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From this analysis, one can determine that Gradinfile and Column
Temperature are active factors affecting resolutign contour plot display of
the method's design space, accounting for nonrlietacts of Gradient Profile

Figure 1. Main effects of factors on method resofufrom data in [20].

and Column Temperature is presented in Figure 2.

Gradient

The Fractional Factorial design used in the develp of the HPLC
method provided a full exploration of the desiga@pin terms of main effects
and robustness properties. These experiments arsicph experiments and
require optimization in experimental set up comjtiex and budget limitations.

Contour Plot of Res vs Gradient, Col Temp

0.0
Col Temp

0.5 1.0

Figure 2. Contour plot of effect of Gradient Prefiand Column
temperature on method resolution from data in [20].
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In contrast, simulation experiments provide new aypmities for quick and
extensive learning (see [12]). Such experimentsiaseribed next.

4.2. Simulation experiments and stochastic emulators

Modern simulation platforms provide efficient anffeetive opportunities
for conducing experiments and learn about the impdcdesign factors on
CQAs. For exampleVisiMix enables mathematical modeling of mixing
phenomena. It conducts calculation of average adl|characteristics of
mixing flow and distribution of concentration, inding simulations of “non
perfect” mixing. Another software product focused the development of
analytical methods from the Molnar-Institute BryLab. This simulator
simplifies and speeds the process of developingdgabromatographic
separations or methods by allowing to model chamgeseparation conditions
using a personal computer. One more examplzyi®Chem which is used for
fitting chemical reaction models, prediction of lseap conditions, optimization
of laboratory and production results, equipmentratizrization and shows the
effect of scale dependent physical phenomena (mixireat transfer, mass
transfer). Dynochem can be used for simulation of reactions perfornied
homogenous environment. When mixing is not ideal #me solution is not
homogenousyisiMix can be used for finding the required mixing caod. In
recent years, a comprehensive statistical methggtolms been developed to
exploit such simulation platforms, see [1, 12,24, 25].

Simulation experiments also provide an effectivprapch to address issues
of robustness. Products are robust when they lmavevariation. So it might
appear that simulator experiments, in which theneo outcome variation, might
not be useful at all here. In fact, they can beati¥ely used by exploiting one of
the central ideas in Taguchi’s strategy for rolulestign experimentation, the use
of both design factors and noise factors in theedrment (see for example
chapter 13 in [11]). Any factor that can be seatnominal value as part of the
engineering specification of the product is a dedigctor. Factors that are
subject to random variation in the production oages environment are noise
factors. This paradigm can also be applied to mammyputer simulations by
specifically including noise factors as inputs e simulator and studying how
variation in these inputs affects product perforogarThese noise factors might
describe variations of components or raw mateahtsut their specified nominal
values or uncontrollable variation in the usageir@mvnent, such as the loads to
which a plane frame will be subjected. The goal tikése robust design
experiments will typically be to optimize one or madfeatures of the output
distribution, for example to achieve low variati@nout a target outcome.

The new experimental framework of computer simutatwas stimulated the
development of new types of experimental desigmsraathods of analysis that
are tailored to these studies. The guiding ideexjmerimental design has been
to achieve nearly uniform coverage of the experialeregion. The most
commonly used design has been the so-called Latperbube. In Latin
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hypercube designs, each factor is given a largebruwf levels, an option that is
virtually impossible in the lab but very easy wheqperimenting on a simulator.
Schemes to mate the levels from the different factforming design points,
include random mating and methods for limiting etation or achieving first-
order orthogonally. Some experiments are desigiséty deterministic "space
filling" sequences, such as those offered by skedaluniform designs" and
special point sets for numerical integration inthiimensions (for more on these
and related topics see [25]).

In using computer experiments for robust designbi@ms, outcome
variation is induced via uncertainty in the inpufBhe most direct way to assess
such variation is to generate simulator outputafanoderate to large sample of
input settings. However, if the simulator is sl@amd/or expensive, such a
scheme may not be practical. The stochastic eorytatradigm ([1]) provides a
simple solution, by replacing the simulator with @nulator for the bulk of the
computations. The key steps of the stochastic @wuéapproach are as follows:

1. Begin with a Latin hypercube (or other space-fgin
design of moderate size.

2. Use the simulator to generate data at points imésign.

3. Model the simulator data to create an emulatotedahe
stochastic emulator.

4. Use cross-validation to verify that the emulataruaately
represents the simulator.

5. Generate a new space-filling design. Each conrditm in
this design is a potential nominal setting at whighwill
assess properties of the output distribution.

6. At each configuration in the new design, samplergd
number of points from the noise factors and compute
output data from the stochastic emulator.

7. Construct statistical models that relate featufahe
output distribution to the design factor settinghese
models might themselves be emulators.

This approach can dramatically reduce the ovemtiputational burden by
using the stochastic emulator, rather than thelaimy to compute the results in
step 6. Stochastic emulators are a primary Quabyy Design tools in
organizations that have successfully incorporatedilation experiments in the
design of drug products, analytical methods anteaga processes.

4.3. Bayesian models

In [19], information from expert opinion, computexperiments and
physical experiments are combined in a simple ssjpa model of the form:

Y = f(X,B)+¢ )
In this model X represents the design space corresponding, fonggato

the values of the factors in Table 1. In this exemi is an 8xk matrix, k
representing the number of observations in the raxeats, the first column

10
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consisting of the value '1" used to accommodate aerage response. The
vector B represents the values of the model coefficientsthis case of
dimension 7, and represents the k observations, for example of nietho
resolution. This is achieved by modeling physicgdeximental data as:

Y, ~N(X B,o%) @

where o is the experimental variance representing the nmiogy of
responses due to experimental conditions and measut system.

Instead of relying solely on the physical experiteeto establish the
distribution of the response in the design space, start by first eliciting
estimates from expert opinion and, later, add testdm computer experiments.
Results from physical experiments are then superseg on these two sources

of information. Suppose there ageexpert opinions. Expert opinions on the
values off can be described as quantiles of:

Y, ~NXB+8,,0°L,) 3)

where d, is the expert specific location bias.

Assuming the following prior distributions for thenknown parametef
and o :

Blo® ~N(m,.0°C,) )4
o’ ~1G(a,,7,) (5)
Where N(p,o?) stands for a normal distribution anbG(a, 7)is the

inverse gamma distribution.
Using Bayes'’s theorem, the resulting posterioritistion of § becomes:

ZB1o”mY,) ~N (X ESX,+C) 2,0 KZ X +CH)) (6)
with z=XZX (y,-9,)+Cn ) (7
The computer experimental data can be described as:

Y, ~NXB+8,,0°%,) (8)
Combining these results with the expert opiniont@dsrs we derive a
second posterior distribution and then adding esBs from physical

experiments trough Markov Chain Monte Carlo we ulalie the final
distribution for 3 .

11
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Stage 1Y,) > Stage 2, + Y,) > Stage 3¥ + Y + Yp) 9)

A related approach called "variable fidelity expsgints" has been proposed
in [8] to combine results from experiments conddct various levels of
sophistication.

Consider for example combining simple calculatiamsExcel, to results
from VisiMix and actual physical mixing experiments
The combined model is:

Y(Xil)=f1(x)‘l31+f2(x)'l32+Zws(xil)—i—gmeans(l) (10)

where | =1,...,m is fidelity level of the experimental systelﬁsys(x,l),

is the systematic error and,... () is the random errorl (=1 corresponds to

the real system). There are also primary termspaehtial terms, only the
primary terms f, (X) , are included in the regression model.

Assuming that the covariance matkixis is known andy is a vector that
contains data from n experiments, the GLS estineftof, is:

B =(XVX)XY Y (12)

The next section deals with response surface metbgyg a comprehensive
approach for running experimental designs.

4.4. Response surface methodology

Response surface methodology (RSM) is a strategyekploring the
relationship between controllable factors and ingrdrresponse variables. RSM
makes extensive use of statistically designed éxgerts and regression models.
A key element to RSM is the notion of sequentigdrténg where initial
experiments help focus attention on the most ingmyriactors, subsequent steps
help to bring these factors to settings that achigeod results, and finally
efficient statistical modeling techniques are useestimate how these factors
affect the response variables of greatest impoetéfsee [10, 11, 14, 25]).

The following steps are typical in RSM studies:

O screening — identifying which of the factors arallsecritical for

performance;

O effect estimation — estimating the effect of eatthe important

factors;

O steepest ascent — following an estimated directf@teepest ascent to

achieve better results;

O response modeling — fitting a more complex regogssiodel that

includes nonlinear effects of the factors;

O optimization — using the fitted surface to estimgéimal operating

conditions.

12
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The screening step is quite intuitive. Supposestiteening step identifies
two key factors and we proceed with these factothe next steps. An effective
analogy to understand the remaining journey isitaktof climbing to the top of
a mountain. Imagine a contour map in which our factors form the north—
south and east—west axes and the contour linesremapns of high and low
response such as in Figure 3. The map is derivedh finformation in
experiments that expose the likely height at paldicfactor settings. Early in the
RSM program we are often near the base of the raour®ur experiments for
estimating effects will pick up the direction ofettslope that leads us uphill.
Experiments along the line of steepest ascentviollos route up until we reach
a crest. Using this approach one can optimizeddsgn of the HPLC method
described in Table 1, to achieve maximum resolutiorthe bottom left corner
of Figure 2.

4.5. Multivariate methods

Data collected by analytical methods is typicallyultivariate. DP
specifications are almost always presented in gauiaite format, one variable at
a time. Multivariate statistics offer effective appches to set specifications and
describe DP performance. For example, in [5], Maliiate tolerance regions are
used to specify the performance of a product bysicleming the combined
distribution of its CQA characteristics. Such arpmach accounts for the
correlation structure between CQAs thus enhanangisvity and specificity of
the analytical methods. For more on multivariatprapches to process control
and specification setting see [5, 6, 7, 11, 25].

5. A case study from the process development ob@pharmaceutical

To conclude this paper we describe a typical exarfipm a downstream
purification step of a monoclonal antibody adagdted the case study presented
in [3]. Initially, the hydrophobic interaction chratography (HIC) process step
is mapped by the process verification methodolobickvallows identifying key
process variables. Subsequently, designed expesinaea used to identify the
critical operational parameters and their targets.

An experiment was designed with six factors: coluped height, protein
loading density, pH, temperature, flow rate, anl sancentration of the load.
Typical response or dependent variables are yieldity, elution gate, and
resolution between product and impurity peaks.

Load material was produced by processing clarifiadvest material from
two 10-L cultures over a Protein A capture colufmhe Protein A eluate was
adjusted to pH 6.0 and frozen in aliquots at —70P@ each chromatography
run, thawed Protein An eluate was filtered and tdduto the appropriate
ammonium sulfate concentration with 2 M (NH4)2S®4ld 6.0, 6.5, or 7.0.

13
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The protein solution was filtered again and UV abaace at 280 nm was
measured to calculate the total protein concentradf the load volume required
for each run. The load was equilibrated in the whggh to attain the specified
temperature before starting the chromatography run.

The SEC-HPLC assay was used to determine the pgeofgroduct and
impurity species A, B, and C present in a test $amf Tosoh G3000SWXL
column (catalog nhumber 08541) with a guard colunais wsed to analyze Octyl
fractions. The mobile phase used was 100 mM sodiwsphate, 200 mM
sodium chloride, pH 6.5. The target load was.80f protein per injection, and
total run time was 35 minutes. A gel filtrationrsfard was used (Bio-Rad, 151—
1901) to verify system suitability.

None of the variables tested had any impact onlugsn between product
and species B. Octyl Sepharose Fast Flow may la@aide of better separation,
or the controlling parameter has yet to be diseedeResolution of species C
only seemed correlated with the percent A in thadloThese observations
reaffirmed that the primary role of the Octyl coluris to remove species A,
other species may be reduced, but not removedpextea high cost to yield.
However, as long as the key variables are conttpllee prediction profiler
generated by JMP or MINITAB calculates that theohetion of species A
should vary only between 0.53 and 0.59 for 6.9-%2M in the load for the
Octyl column.

The non-critical parameters that were identifiedevpH and flow rate or
residence time. Key parameters were temperatugglilg density, and the
concentration of ammonium sulfate in the load. Thécal parameter for this
case study was the percent of species A preseheiload. It affected yield and
separation of product from impurities and was nell wontrolled at that point in
development. The Octyl step was designed to camlgtremove amounts of
species A between 7 and 12% by controlling the pasameters. Meanwhile,
upstream conditions were refined so that the péroéispecies A in the load
during the manufacturing runs was 9.5% + 0.6%. Theent A was down-
graded from a critical to a key parameter.

Following development of the purification procefssjr manufacturing runs
were conducted at the 2,000-L culture scale. The w@ume of the Octyl
column was 40.5 L The yield and purity were 66% % @nd 92% * 2%,
respectively. Those are narrow ranges, particulfolya product in its first
manufacturing campaign.

The key and critical parameters for the manufacturuns were analyzed.
However the number of data points and the breafdtiheoranges of the data was
insufficient to yield any statistically significanbrrelations. Loading density and
conductivity, used here in place of ammonium salfadncentration, appeared to
result in earlier elution as predicted. Increasgmnductivity resulted in less
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resolution of species A from the main product, amate species A in the load
had a negative impact on yield.

The results of the manufacturing runs showed thatprocess was robust
when the key parameters identified in process dgveént were controlled. The
small variation among the runs coincided with tlesufts of the bench-scale
experiments, demonstrating the predictive powdghefmodel.

6. Summary and Conclusions

The application of QbD to the development of drugdoicts and analytical
methods is providing an opportunity to revise ttiadial concepts and
procedures for designing and validating analyticaéthods and setting
specifications in drug products. In this paper,outline the challenges faced by
modern medicinal products, and their generic aoditiilar counterparts. These
challenges can be addressed by statistical methgigsl such as statistically
designed experiments, multivariate methods, Bagesi@odels, simulation
experiments and stochastic emulators. The paperigh level introduction to
these topics referring the reader to referencemfire details.

Acronyms
QbD - Quality by Design API - Active Pharmaceuticayredient
DP - Drug Product CQA - Critical Quality Atite

VoC - Voice of the Customer FDA - Food and Drugwidistration
ICH - The International Conference on Harmonizatbii echnical
Requirements for Registration of Pharmaceutical$tioman Use.

Software Products for simulations and QbD statistial analysis
Simulation experiments:

VisiMix - http://www.visimix.com

DryLab - http://www.molnar-institut.com/cd/indexé

DynoChem http://www.scale-up.com/index.html
Statistical design of experiments:

JMP - http://www.jmp.com

MINITAB - http://mww.minitab.com/

Design-Expert - http://www.statease.com/dx71desot.h

Empower 2 Method Validation Managewww.waters.com
Multivariate methods:

Clementine - http://www.spss.com/clementine/cajitéslhtm

GeNie - http://genie.sis.pitt.edu

R - http://ww.r-project.org

TITOSIM - http://www.titosim.com
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