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ABSTRACT

The purpose of stability studies is to determine ghelf life of drug products. The
period between the date of manufacture and expiratate of a given product is known as
the shelf life, and consequently the shelf lifeitaties the period of time during which the
consumer can expect the product to be safe andtigéie A minimum of three batches is
required to perform stability studies. If batchkatch variability is small then the batches
can be analyzed as one batch, assuming that tmeg from a single population. This result
is determined by testing the batches for equalityslopes and intercepts of the linear
degradation rate. However, if a test shows thatbdehes cannot be combined, then the
expiration date should be based on the minimumhef éxpiration dates obtained from
analyzing each batch separately. This project ptes&NCOVA (Analysis of Covariance),
and the Indicator Variables method, both method®weed to identify and evaluate with the
help of simulation techniques if multiple batches ®e considered as coming from the same
population. Initially it was thought that Indicatviariables would overcome ANCOVA but
the simulation results indicate that ANCOVA is supeto Indicator Variables. It is then
recommended to use ANCOVA to test variability bedwdatches.

Accelerated studies were also analyzed in thiseptojrhe drug investigated is stored
under high temperatures to accelerate the degoadatid thus allows the rate constants to be
determined in a shorter period of time. Temperatsithe most common acceleration factor
used because its relationship with drug degradatsorcharacterized by the Arrhenius

equation.



RESUMEN

El propdsito de los estudios de estabilidad esriahétar la vida atil de los productos
farmaceéuticos. El periodo comprendido entre ladetdh fabricacion y fecha de vencimiento
de un determinado producto se conoce como “stielf i por tanto el “shelf life” indica el
periodo de tiempo durante el cual el consumidodewesperar que el producto sea seguro y
eficaz. Un minimo de tres lotes se requiere pasdizee estudios de estabilidad. Si la
variabilidad entre lotes es pequefa, entoncesoles pueden ser analizados como un solo
lote, presumiendo que provienen de una sola pdblaEiste resultado se determina mediante
pruebas entre los lotes para verificar igualdagatelientes e interceptos de la linea de razén
de degradacién. Sin embargo, si la prueba muesgalag lotes no se pueden combinar,
entonces la fecha de expiracion debe basarse emingho de las fechas de expiracion
obtenidos del analisis de cada lote por separaste. ifoyecto presenta ANCOVA (Analisis
de Covarianza) y el método de variables indicad@ados métodos fueron utilizados para
identificar y evaluar con la ayuda de técnicas ideulscion si varios lotes pueden ser
considerados como provenientes de la misma poblakciitialmente se pensé que el método
de variables indicadoras iba a superar ANCOVA ple resultados de la simulacion
indicaron que ANCOVA es superior al método de \des indicadoras. Asi que se
recomienda el uso de ANCOVA para probar variabilidatre lotes.

Estudios acelerados también se analizaron en esteqgbo. La droga que se investiga
es almacenada a altas temperaturas para acelelegridacion y por tanto poder determinar

las constantes de la reaccion en un periodo dedemas corto. La temperatura es el factor



de aceleracion mas comunmente usado porque sibretaan la degradacion de la droga se

caracteriza con la ecuacion de Arrhenius.
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1 INTRODUCTION

Stability is defined as the capacity of a drug substana# gy product to remain within
established specifications to maintain its densstyength, quality, and purity throughout the
expiration date. Physical, chemical, and microlgalal data are observed as a function of time
and storage conditions (e.g., temperature andvelatimidity). Stability studies are the primary
tool used to estimate the shelf life of a drug pidMany protocols have been used for stability
testing, but most in the industry are now standadlion the recommendations of the
International Conference of Harmonization (ICH).e$k guidelines were developed as a
cooperative effort between regulatory agencies ftbenUnited States, Europe and Japan ICH

Topic Q1A (R2) (2003).

A complete stability study includeleng-term and accelerated studiedn long term
studies the samples of a drug product are storedntrolled room at constant temperature and
relative humidity, which is similar to the expectedrmal environmental conditions. However,
in accelerated studies the product is stored usiless conditions such as high temperature and
large relative humidity to increase the rate ofroloal degradation or physical change. Proper
design, implementation, monitoring and evaluatibthe studies are crucial for obtaining useful
and accurate stability data. Stability studies larked to the establishment and assurance of
safety, quality, and efficacy of the drug producini early phase development through the

lifecycle of the drug product.

Stability testing provides evidence that a drugdpid under the influence of various

environmental factors changes with time. Althoutgitegge conditions are relatively constant, the



distribution of environmental conditions can vameafly, especially when a drug product is

shipped between various climatic conditions.

The main purpose of this study is to use two stesistechniques to study whether or not
a set of samples from different batches can beyamsdlas if they come from a single batch.
Simulation techniques were used to compare theopeance of the methods. Statistical
technigues were also used to determine the exgirafate for a given drug product. This project

also includes the study of accelerated stabilitthods.

1.1 Judtification

The shelf life of a drug product is the time thag taverage drug characteristic remains
within an approved specification after manufactUiee FDA (Federal Drug Administration) and
ICH require indication of the expiration date fareey drug product on the container label. Since
the true shelf life of a drug product is unknowirhas to be estimated in the early stage of drug
development, when limited number of stability distavailable. Furthermore, both the FDA and

ICH requires that the estimated shelf life is serahan the true shelf-life.

Determining shelf life requires designing a systeenand efficient procedure to conduct
the stability studies. The studied methods wily reh statistical tools and will be implemented
according to the rules and regulations establighyethe FDA. Currently many of the available
procedures are tedious and time consuming. TheyAisabf Covariance is the conventional
method used to determine whether or not severahbatof drugs can be analyzed as a single
batch. The pharmaceutical industry requires a ntethat can be practical but at the same time

robust to determine if multiple batches can be yaeml and grouped as a single batch and



determine the expiration date based on a singlehbdihis project aims to study which of the

two analyzed methods is more suitable for the phaemtical industry.

1.2 Literature Review

The purpose of the stability testing of drug sulbstais to determine for what period of
time and under which conditions the drug substarere be stored and transported without
relevant changes in quality of drug product. Extenstudy and research have been done in
order to determine the stability of a drug produthe FDA and the ICH require that
pharmaceutical companies present factual evidempposting the shelf life for drug products,

(Ramirez et al. 2008).

The design of a stability study should be basetherbehavior and properties of the drug
substance and the data generated during clinicalulation studies. Statistical design principles
can be applied to reduce the amount of testingired|\{Fairweather, et. al 1995). Designing a
stability study is based on a factorial designxgfezgiments where a systematic procedure is used
to determine the effect on the response variableasious factors and factor combinations,
(Ramirez et al. 2008). A linear model is used fresent the relationship between the factors
and the factor combination with the response végiakhe typical factors that affect the stability

of a drug product are: drug strength, batch, pagkagd storage.

When designing a stability study two types of stsdare considered: full stability study
and reduced stability study. A full stability stutyone in which samples for every combination

of all factors are tested at the required pointsinre. A reduced stability study is used when



there are circumstances where it is not possibtitain the total amount of required samples to
perform a full stability study or if there is a dtesto reduce the samples that will be analyzed. To
perform this type of design two methods are recondwd by the FDA; bracketing and
matrixing, each one is applicable to different aiitons. Any full or reduced stability design
should have the ability to adequately estimatesttedf life. In the Guidance for Industry — Q1D
Bracketing and Matrixing: Designs for Stability Tieg of New Drug Substances and Products”
(2003), the FDA addresses recommendations on tpiécapon of bracketing and matrixing to
stability studies conducted in accordance with @pies outlined in the ICH guidance ICH

Topic Q1A (R2) (2003)

0 Bracketing

Bracketing is the design of a stability schedulehstinat only samples on the extremes of
certain design factors are tested at all pointame as in a full design. The design assumes that

the stability of any intermediate levels is repreged by the stability of the extremes.

For example, in Table 1 for a product with threedent strengths, tablets at 50, 75 and
100 mg, it may be possible to omit testing of tlenTg tablets, without affecting the stability

study.

Table 1 Example of Factor Combinationsfor Bracketing of threefactorswith threelevels

Strength 50 mg 75 mg 100 mg
Batch 11 2/ 31|2|3(1|2]|3
15 mL TIT|T TIT|T

Container 100 mL
Size 500 mL TIT|T TITI|T




0 Matrixing

Matrixing is the design of a stability schedule lsubat the selected subset of the total
number of possible samples for all factor comboragi would be tested at specified points in
time. The design assumes that the stability of eadbset of samples tested represents the
stability of all samples at a given time. The diffleces in the samples for the same drug product
should be identified. Examples of a matrixing desdg) different points in time for a product in

two strengths (S1 and S2) are shown in Table 2.

Table 2 Example of Matrixing Design on Time Pointsfor a Product with Strengths.

Time Points (month) 0 3 6 e 12 18 24 36
Batch 1 T T T T T T

AB| S1 | Bach2| T T T T T T
~ Batch3 | T T T T T
% Batchl | T T T T T
D | S2 [ Bach2| T T T T T T
Batch 3 T T T T T

Lin et al. (1994) investigated the applicabilitylmfth, the matrix and bracket design and
concluded that the full factorial design is thetlssign when precision in the estimation of the
expiration date is needed, and indicated that malesigns could be useful for drug products

with less variability among different strengths gratkage types.

In general, two stability studies are conductedrtsure that the drug product is under the
required specifications: long term and short tetabifity analysis. The first one is the stability
study under the regular and recommended storagétmnfor the retest period or shelf life; the

product is stored at room temperature and regulamidity conditions. For long term studies,



frequency of testing should be sufficient to essdibthe stability profile of the drug substance,
ICH Topic Q1A (R2) (2003). The second one is arebrated stability testing study, designed
to increase the rate of chemical degradation orsighy change of a drug product by using
exaggerated storage conditions. The principal ¢lEdés not only to determine the chemical
reaction kinetics but also to establish a tentagwgiration date under the environment of
marketing storage conditions. Chemical reactioretkas can be used to evaluate degradation
data at accelerated conditions and predict the gnogucts assay at normal conditions for
periods longer than the proposed shelf life.

There are three steps in the stability analysiseared by Chen (1997) and this methodology
will be explored in the development of this project

1. Collect assay results in different time intervals

2. Select the appropriate model to describe the orldietween the measured data and the

time intervals.

3. Estimate the expiration date based on the infoondtiom all the assayed batches.

Long and short term stability analysis and drudfdie for a single batch and multiple
batches, will be analyzed during the developmernhefproject. All these cases are presented in
Ramirez et al. (2008), but with a different scope.determine the shelf life for a single and
multiple batches Ramirez, et al. (2008), introduaed developed the indicator variables method
by using a regression analysis. This method haémesen used and provides similar results as
the covariance analysis. The covariance analydisbeiused during the development of this
project and Montgomery (2005) gives the generainfdation. The covariance analysis and

much of the methods, such as the methods for tegtolability based on testing slopes and



intercepts presented by Ruberg and Stegeman (B@@ilLhow and Liu (1995) are tedious. The
indicator variables method is presented in thisjgatoas a simple approach to analyzing

poolability of batches.

To calculate the shelf life for a single batch sasteps must be performed. These steps
are presented and described by Ramirez et al. (2608t, the assay results are collected and
second a regression technique is used to estimatexipected degradation line, and finally the

lower confidence bound for the mean degradatianigatalculated to determine the shelf life.

Ramirez et al. (2008), presents a series of stepadlyze the drug shelf life for multiple
batches. They developed a test for poolability attbes that tests whether or not the slopes are
the same across batches over time. Before usingdtaefrom several batches to estimate the
shelf life, a preliminary statistical test should performed to determine whether the regression
lines from different batches have a common slogkiatercept. The analysis of covariance can
be employed using a significance level of 0.25 &elby the FDA after recommendations of
Bancroft (1964). The FDA established that the Gfnificance level is used to compensate for
the expected low power of the design due to thatively limited sample size in a formal
stability study. If the test rejects the hypothesfsequality of slopes, it is not considered
appropriate to combine the data from all batches.

It is important to mention that at least three @riynbatches and preferably more should
be tested. To allow for some estimates from batdbatch variability and to test the hypothesis

that a single expiration date for all future bakisjustifiable, the FDA requires:



a. Batch sampling consideration — at least three aerbatches. A single batch does
not permit assessment of batch to batch variapidihd two may not provide a
reliable estimate.

b. Container — container from the batches must baidszl in the stability study, it
is recommended that at least as many containesaipled at each sampling
time.

Sampling time — The FDA recommends each three monttne first year, every 6
months during the second year, and annually thiere&fowever if the drug product is expected

to degrade rapidly, more frequent sampling maydiegsary.

This study is organized as follows. Chapter 2spn¢s the conventional method to
estimate the expiration date based on a singlehb&tapter 3 shows the batch-to-batch
variability tests and simulation techniques useddmpare the methods. Chapter 4 presents the
accelerating testing method, and the estimatiorthef tentative expiration date. Chapter 5

exhibits some conclusions, recommendations anddurork.



2 ESTIMATION OF SHELF LIFE

As indicated earlier, the primary objective of alslity study is not only to examine the
degradation of a drug over time, but also to esthlan expiration date for the drug product. The
shelf life is used to establish the expiration ddite individual batches and should be applicable

to all future batches produced by the manufactuprogess for the drug product.

2.1.1 Drug Shelf Life for a Single Batch

The shelf life is the time length that a materiaaynbe stored without chemical and
physical deterioration; i.e., the length of timepeoduct remains with the original product
properties. The expiration date on the other harttieé date in which a product expires because
the product exceeded the degradation level. The F&flation establishes that the expiration
date for a drug product consists on determiningtitme at which the 95% one sided lower
confidence interval for the mean degradation cumersects the lower acceptable specification
limit, which is usually adopted by the FDA as 90% {abel claim). The label claim is a claim
in the label to describe ingredients present indthgy at an specific percent. Assuming that the
degradation of a drug product decreases lineatly tvne, the degradation of a drug product can

be expressed as:

yvi=a+Pxi+eg i=1,..,n D

Wherey; is the percentage of the label claim at a givere#; for the " samplec and are the
regression parameters,represents the percentage label claim when® g is known as the
degradation rate, and the prodget is the stability loss over time. It is assumed tha random

variableg; follows a normal distribution with zero mean amhstant variance.
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2.1.2 Drug Expiration Date Calculation for a Single Batch

The drug expiration date for a single batch exhikit95% confidence that the average
drug characteristic of the dosage units in thetb&awithin specifications up to the end of the
expiration date. The method for computing the eatfin date was presented by Ramirez et al.
(2008), and the method is summarized as follows:

The 95% confidence interval can be expressed biotlweving probability statement:

P(t < toosn_z) = 0.95 (2)
wheretos,—2 iS the upper five percentile of thestudent distribution witlh — 2 degrees of
freedom. Assuming that the percentage of the lelagin (%LC) follows a normal distribution,

the statistica is defined as

[ — (u + Bx)]

=\2
\/02[%4_(965_—’0

L z _ 3)
SSE
/X’Z"/m 20 —2)]
where

Sxx = Z(x _x)z (4)

=1
SSE = Z(yl - 5})2 (5)

i=1

WhereSSE is the sum-of-square errorsis a random variable that follows the standard rabrm

[Uzii'iz)] follows a chi-square distribution with— 2 degrees of freedory.is the

distribution,
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estimated %LC at time, a andb are the estimates of the parameteendp, respectively, and
X is the average sampling time.
Thet statistic was used to eliminate the unknown patame. Thus, the equation

defining the statisti¢ (3) can be written as:

o=t Bx)
Sy (6)
1 (x—7%)>2
Sy:JMSE[T ] @)
_ SSE
MSE=1"3 (8)

where MSE is the mean-square error.

Thus equation (2) can be now written as

P<37—(u—ﬁx)

S t0_05' _2> = 095
5 " ©)

Therefore, the 95% one sided lower confidence basind

1 (x—x)?
—l (10)

L(x) =9 — toosn-25y = a— bx — to.os,n—z\/MSE [_ +
n Syx
The points wherd.(x) intersects the acceptable lower specification tlibhican be
obtained by finding the roots of the following etjaa: § — L(x) = 0. It should be pointed out

that this equation can also be written in the fwltgy form:

(x — %)

=0 (11)
Sxx

f(x) =[6 — (a+ bx)]* — t§osn2MSE E +
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The quadratic equation (11) has two roots and thelf dife can be obtained by
calculating the root of the equation that is smallean the established reference point. The

reference point can be defined as follows:

a—3=08

Xref = ) (12)

2.1.3 Example: Shelf Life Calculation
The label claim results for a batch of drug arespnéed in Table 3. Based on these
results, the shelf life for the batch will be detéred using the methodology previously

described.

Table 3 Single batch assay resultsto calculate shelf life.

Time (months) Labe Claim (%)
0 101.
3 98.7
6 96.t
9 95.£
12 03.€
18 92.%
24 90.1
36 88.¢

Given the data on Table 3, the equation for the icnminimize errors is shown in Figure
1. The line represents the label claim (%) as atfan of time (months) of the degradation rate

from the analyzed drug.
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y =-0.3344x + 99.127
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Figure 1l Degradation Linefor Single Batch Shelf Life Calculation

Using regression techniques the degradation lise¢dae calculated as shown in Figure 1. Thus
the degradation line may be expressed as:

y =99.127 — 0.3344x
A computer program to calculate the statistics ireguto determine the shelf life is presented in
Appendix A.2, but a conventional statistical congoytrogram can be used as well to conduct
model fitting. The following information can be aloted:

Table 4 Additional Information for Modd Fitting

t0.05,6 194:
MSE 2.271:
n 8
X 13.t
Seex 100¢

Thus, using the methodology previously explainegdsfeelf life calculation, the 95% one-

sided lower confidence bound for the mean degradatite is:

L(x) = 99.127 — 0.334x — 1.943\/2.2713 I1/8 +

(x — 13.5)2

1008
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Consequently, the shelf life can be obtained uliegollowing equation:

(x — 13.5)?

X) = —_ . — 0. X — 1. . +
(x) 90 — (99.127 — 0.3344x)]? — 1.943%(2.2713) 1 3 1008

(13)
=0
The reference point can be calculated as follows:

a—8 (99.127 - 90)

ref =} 0.334

Therefore, the shelf life is the root smaller than.326. A tool was created using
Matlab® and is presented in Appendix A.2. This wasd to compute the roots of equation (13).
It is important to remark that the equation wassodered to be solved using the quadratic
equation. However, it was found more convenienide line search. Thus, to solve the problem,
it is equivalent to finck such that minimizes the valuef@t). This root can be obtained using the
Quasi-Newton Line Search algorithm.(Reklaitis et H83) The algorithm consists of two
phases: determination of a direction search arek lgearch procedures. The Matlab® program

requires an initial point, and it is advisable s uhe following equation:

x(0) = Xper —p (14)

In equation (14) is a positive value that should be estimated usiagand error until
the program converges to a local minimum. The rdoge goes usually from 0 to 10. For this
example the algorithm convergesig,; = 23.202. The shelf life is the integer part of the root;

therefore the expiration date of this specific hasc23 months.
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2.1.4 Minimum Approach for Expiration Date with MultipBatches

As previously mentioned the FDA guidelines indictitat at least three or more batches
should be tested to allow for some estimate oftbadebatch variation and to test the hypothesis
of similarity of slopes and intercepts to justifiagle expiration date for all batches. However,
if the test results in a rejection of the hypotkesie pooling would not be permitted and the
minimum approach is implemented. Minimum approadans that the minimum value of the
expiration dates calculated for the batches hdmetnplemented for all the future batches. This
is because the degradation lines of individual legacannot be considered as they have the same
degradation rate. Under these circumstances the BDidelines establish that the overall
expiration dating period has to guarantee thatptiegluct will remain within acceptable limits
regardless of the batch from which it came. Thie,shelf life for each batch is calculated and
the expiration dating period is based on the loweéstl shelf lives. This method is known as the

minimum approach and it can be expressed as:
min {xL(i)l "'le(k)} (15)

wherex, (i) is the shelf life of thé™ batch, and is the total number of batches. Since the
minimum of all the expiration dating periods is thleortest shelf life among all batches, this
estimate will provide a 95% confidence that thersgth of the drug product will remain above

the acceptable lower specification limit.

2.1.5 Example: Shelf Life Minimum Approach

A stability study was performed and results ares@néed in Table 5. Using this

information the shelf life of the drug product damestimated.
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Table 5 Assay resultsfor the Shelf life minimum approach example

Time 0 3 6 9 12 18 24
(months)

Batch1 | 104.7¢ | 103.7« | 102.3¢ | 101.8° | 99.67 98.3: 96.9¢
Batch2 | 101.5: | 99.95¢ 98.1¢ 96.7¢ 96.2¢ 96.1- 95.57
Batch 3 | 105.37 | 104.3¢ | 102.3¢ | 100.9¢ | 98.3¢ 97.4¢ 95.4¢

To determine the shelf life, the slopes and infetcdiad to be analyzed to test if the
degradation rates of the batches are similar. Bb $emilarity of slopes and intercepts the
ANCOVA method is used. The first step is to tesettler or not the degradation rates for all the
batches exhibit similar slope. The following hypetls should be tested:

Ho: By = B2 = P53
To determine whether or not the hypothesis is tegetheF statistic is calculated.

MSsope  3.9617
F — = = 5.366
slore =™ MSE "~ 0.7382

F(o.25,2,15) = 1.522
The null hypothesis is rejected at 0.25 level ghiicance becausg;,p. > Fo.2s5.2,15)-

It is concluded that the slopes of the degradatioas of the batches are different and
consequently the minimum approach for the shedf diétermination applies. The next step is to
calculate the shelf life for each batch. The bdtat exhibits the minimum shelf life is the one

applied to all the future batches.

The shelf life for the first batch is obtained bgding the root that is smaller than the

reference point of the following equation:

(x —10.29)?] _
429.43 B

1
[90 — (104.54 — 0.3344x)]* — 2.015%(0.2434) [; +
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The reference point for this equation is:

a—6 104.54—-90

Xref =} 0.3344

Usingx(0) = x,.f — 5 as the initial point, the root is.,,.(1) = 39.17 and the shelf life

for the first batch of the analystsy,; (1) = 39 months.

The shelf life for the second batch is obtainedibging the root that is smaller than the

reference point of the following equation:

1 (x—10.29)2
[90 — (100.16 — 0.2336x)]? — 2.0152(1.2883) [5 + Q] =

429.43

The reference point for this equation is:

a—46 100.16 —90

_ _ — 43.49
Xref =} 0.2336

Usingx(0) = x,.s — 3 as the initial point, the root i§.,,.(2) = 32.41 and the shelf life
for the second batch istspe;r(2) = 32 months.

Finally, the shelf life for the third batch is olstead by finding the root that is smaller than
the reference point of the following equation:

1 —10.29)?
[90 — (104.99 — 0.4256x)]* — 2.015%(0.6830) [7 + u] _

429.43

The reference point for this equation is:

a—§6 10499 -90

Xref =} 0.4256

Usingx(0) = x,..r — 4 as the initial point that accomplishes convergertoe root is

Xro0t(3) = 31.05 and the shelf life for batch three igj.;r(3) = 31 months.



Thus, the shelf life that should be applied tdatllire batches is:

min{39, 32,31} = 31 months

18
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3 STATISTICAL TECHNIQUESFOR TESTING
BATCH-TO-BATCH VARIABILITY

This chapter presents a review of how to test anityl between batches, and the different
statistical techniques studied during the researtie. chapter is organized as follows: first, it
covers how the similarity between batches can Ineladed when there is equality of slopes and
intercepts, followed by a description of the anatyzmethods (Analysis of Covariance and
Indicator Variables), and finally Monte Carlo siratibn is used to evaluate the performance of

both methods under different scenarios.

Typically multiple batches are manufactured, ani itlesirable to pool the data from the
different batches to obtain a single shelf life fdl batches. A poolability test determines

whether the data from different batches can be awadlfor an overall estimate of a shelf life.

3.1 Testing Poolability of Batches

The FDA establishes that batch similarity can sessed by the equality of slopes and
intercepts of the individual batches. Assuming tihat degradation line decreases linearly with

time and it can be represented by:

yij=ai+Bixij+e; i=1L.,0j=1..,n 16

wherey;; is the assay results and usually known as theeptage of label claim (%LC) of thi
batch for a drug product sampled at timag, j is the number of sampling times for tifebatch,

n; is the total number of sampling times an the total number of batcheg.andp; are the
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intercept and slope of the degradation line forithebatch, respectively;; is assumed to be

random variable, with zero mean and constant vegian

After the test is completed if the batches belang single population a model should be
derived with a single intercept and slope for thére population of batches. Thus, a poolability
test should be implemented to verify if a singl@ylation of batches should be used. To test the
poolability of batches two methods will be used @awd steps performed with each method.
ANCOVA and indicator variables are the two methoded throughout the project, and each

method tests equality of slopes and equality @frogpts.

3.2 Analysisof Covariance (ANCOVA)

ANCOVA is a general linear model with one continsaasponse variable (quantitative)
and one or more factor variables (qualitative). ADMA is a merger of ANOVA and regression
techniques. ANOVA is a method commonly used tohraking the significance and adequacy
of the calculated linear regression model. It idelsia model, in which the variance is partitioned
into components due to different sources of vamatANOVA is used to test whether or not the
means of several groups are all equal (Paulson7)200 contrast, ANCOVA tests whether
certain factors have an effect on the responseariafter removing the variance for which
guantitative predictors (covariates) account. Ti@uision of covariates can increase statistical
power because it accounts for some of the vartgbis in any statistical procedure, ANCOVA
makes certain assumptions about the variablesdadlin the model. Only if these assumptions
are met, at least approximately, ANCOVA will yialdlid results. Specifically, ANCOVA, just

like ANOVA, assumes that the errase independently and normally distributed, withame
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zero and constant variance. Further, since ANCO¥A method based on linear regression, the
relationship of the dependent variable to the iedelent variable(s) must be linear in the

parameters.

Before analyzing the data from several batchesstomate shelf life, a preliminary
statistical test should be performed to determideether the regression lines from different
batches have a common slope and a common inte AEOVA can be employed, where time
is considered the covariate, to test the differsngeslopes and intercepts of the regression lines
among batches. Each of these tests should be deddusing a significance level of 0.25 to
compensate for the expected low power of the dedignto the relatively limited sample size in

a typical formal stability study.

It is allowed to combine stability data from diféeit batches because batch-to-batch
variability can be assessed based on differenc®islope and intercept for the dug degradation
line for each batch using ANCOVA. Thus, if the sttal procedure shows evidence that the
batches belong to the same population a singlé kileeWill be determined for all batches. The
FDA guidelines also established that batch sintjlasf the degradation lines can be assessed by

the equality of slopes and the equality of intetsey individual batches.

The sections below estimate the stability analf@idong-term studies. The objective of
the sections is to provide an explanation of tlatisttcal tools used to calculate the shelf life fo

single and multiple batches.
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3.2.1 Analysis of Covariance for Testing Similarity objsts

Under the assumption that the strength of a dradumt decreases linearly with time, the
degradation of the strength over time for a batuhlze described by the simple linear regression

model:

(17)

wherey;; is the percent label claim at sampling timg a; is the intercept, which is the value of
the percent label claim at the initial time poifitjs the slope, which is the degradation rate and
e;; are i.i.d. normal random variables with mean zerd variance?. The statistical model used

most often for comparindg batches is the ANCOVA method given by equatior).(17

The ANCOVA method starts determining whether or thet degradation rates for all

batchesl( behave in a similar way. The following hypothesh®uld be tested:

Hy:pi=pjforalli#j i=1,.landj=1,..,n (18

To be able to test this hypothesis it is requieeddmpute the aggregated sum of squares
of the sampling times and the percentage labeincléhe cross product between the sampling
times and the percentage label claim and the agtggégum of squares for the batches. This
method is also fully described in Chow (1995), Myrhery (1996) and Ramirez et al. (2008).

Here you will find the summary of the procedure.
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After all the aggregated sum of squared descrileddré were calculated the mean square

errors due to slope contribution is defined asfod:

SSE, — SSE

MSslope = -1 (19
SSE
= 20
MSE N — 21 (20
where,
i

N = Z n, (21)

i=1

andSSE, is the sum of square errors based on the aggregates.

Finally, the F statistics to test the hypothesis loa written as follows:

MSslope

— 22

F(slope) = — v (22)
The hypothesis is rejected whéfislope) > Fy5;-1n-21, WhereF, 5,1 y—2; IS the

upper percentile for the F distribution with-1, andN — 2] degrees of freedom. If the

hypothesis is not rejected (i.e., the slopes andlai), it can be proceeded with the next step; to

test whether or not the intercepts of the batchesianilar.

3.2.2 Analysis of Covariance for Testing Similarity ofelicepts
To determine whether the degradation lines arelegugen that the degradation lines

from the considered batches have similar slopesfalfowing hypothesis should be tested:

Hya;=a foralli#j i=1,..,landj=1,..,1I (23
Since differences in slopes were not identifie@, todel used for testing differences in

slopes (23) reduces to:

yij:ai+ﬁxij+€ij i:1,...,lj:1,...,ni (24)
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The intercepts can be decomposed in two elemdrgscammon intercept and the batch effect.
That isa; = a + 1;, wherea = u — BX;; is the common intercept, amgdis the batch effecp is

the expected value ¢f; , andx;; is the average of;;. Thus,y;; can be written as:

yij = u+ 1+ B(x;) + & (29)
A model without a batch effect is compared with @del that includes batch effect to be able to
measure the intercept effect. The above model deduhe batch effect and is a complete model.

The model that has no batch effect is known aslacexd model and can be expressed as follows:

yij =u+[)’(xl] —J?U) +‘€ij i = 1,...,1 ] = 1,...,7’ll' (26)

To be able to test this hypothesis it is requireccémpute the sum of squares, cross
products and errors for the reduced and comple@emdhis method is also fully described in
Chow (1995), Montgomery (1996) and Ramirez et 2008). For more details Montgomery
(1996) explains the full method.

The mean square errors for the intercept effect dwedmean square errors for the

complete model can be written as follows:

SSE, — SSE
MSE;,, = ————— ¢ (27)
-1
SSE,
_ 28
MSEc = 5——7 (29)

SSE,.is the sum of square errors for the reduced maahelSSE. is the sum of square errors for
the complete model.
Finally, the F statistics to measure whether orthetintercepts are different from batch

to batch is given as follows:

MSE;n;
MSE.

F(int) = (29)
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If the F-value obtained for the interceptint) > Fy 25,1 n—1—1; WhereF, ;5,1 y—1-1 IS
the upper percentile of the F distribution with- 1, andN — I — 1 degrees of freedom the
hypothesis is rejected. Thus if the null hypothésisot rejected at the 0.25 level of significance,
the batches can be considered as if they camedremgle population and the shelf life can be
computed based on the studies batches. If théteixase, the model reduces to the following
expression:

yij=a+Pfxjt+e;i=1,..,1j=1,..,n (30)
Wherea andf are the common intercept and slope, respectively.

If Ho: B; = Bj for all i # j is not rejected ant,: a; = @; for all i # j is rejected, the

model reduces to:
vij=ai+Bxj+e;i=1,..,1j=1..,n (31

If a common slope with different intercepts forfeient batches was obtained, the
expiration dating period is computed for each imtiial batch and the minimum of the
expiration dating periods of the individual batchedhe expiration dating period of the drug

product.

Another alternative may occur #,: f; = foralli #j is rejected, it is then
concluded that the batches do not belong to aesipgpulation and the shelf life should be
computed for each individual batch. The minimumtled expiration periods of the individual
batches is the shelf life for the whole populatidiatches.

The following example illustrated the applicatioh ANCOVA method when testing

similarity of intercepts and slopes.
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3.2.3 Numerical Example to Test Similarity of Slopes btercepts
Table 6 shows the simulated data created to testhglpothesis, similarity of slopes and
similarity of intercepts. Figure 2 shows the degtaxh lines for the simulated data during the 24

months of the analysis.

Table 6 Simulated data used for the numerical exampleto test similarity of slopesand inter cepts

Time 0 3 6 9 12 18 24

1 105.19 | 104.86 | 104.79 | 104.57 | 104.49 | 104.35| 103.93
2 105.08 | 104.95 | 104.75| 104.72 | 104.56 | 104.36 | 103.82
3 105.16 | 104.87 | 104.71 | 104.66 | 104.47 | 104.35 | 103.83
4 105.23 | 104.85 | 104.64 | 104.56 | 104.50 | 104.47 | 103.74

Same Slopes and Intercepts
105.4
105.2J,§
105-%

£ 1048
E 104.6 v # Batch 1
()]
'E 104.4 & W Batch 2
S 1042
°© 104 Batch 3

103.8 X Batch 4

103.6

1 4 9 14 19 24
Time (months)

Figure 2 Degradation linesto test similarity of slopes and inter cepts.

Results were obtained using a computer programlaiese to calculate similarity of
intercepts and slopes, this program is presentéoeifppendix A.3. In the program all the sum
of squares from the intercepts and the slopes wsamilated. To determine if the degradation
lines from the considered batches have similaresphe following hypothesis should be tested:

H,: B; =,8jfor alli#j i=1,..,landj=1,..,1
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To determine whether the degradation lines arelegueen that the degradation lines
from the considered batches have similar slopes.félhowing hypothesis should be tested for

the intercepts:

Hyia;=ajforalli#j i=1,.,landj=1,..,1

Table 7 shows the results obtained from the comartegram. The F-value obtained for

the slopes equals 0.053, when compared to theairitalue obtained for the slopes it is smaller
than(F3,20)1.481. The F-value obtained for the intercepts equal®®.resulting in a value
smaller than the critical value for the interce(n“f§23)1.466. If the hypotheses are not rejected

at the 0.25 level of significance, the batches lsarconsidered as if they came from a single

population and the shelf life can be computed baseithe studied batches.

Table 7 ANCOVA Final Results

F(0.25,3,20) 1.481
F(0.25,3,23) 1.466
F(siope) 0.053
F(intercept) 0.153
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3.3 Indicator Variables M ethod

A general analysis of covariance model for a sitgbdesign with several batches and
packages can be expressed as follows:

Yijk = Mij + BijXijk & 1=1,..,1 j=1,..,] k=1,..,n (32
where ;. is the response from tté" time point of the" batch and th¢'" package of a drug
product;x; ; is the sampling time at which thg;, response was obtaineg; is the intercept for
thei*" batch and th¢*" packagep;; is the degradation rate for tifé batch and th¢'" package;
&ji is the random error and is assumed to be indepégderd normally distributed with zero

mean and constant variance.

The general procedure consists of identifying tloeleh that is associated to a given assay
information. Once the correct model is determindte appropriate procedure should be

implemented.

3.3.1 Identification of the Regression Model

A general procedure based on regression analgsidentify the analysis of covariance
model that applies to a given set of assay resudss introduced by Ramirez et al (2008). The
procedure was called regression model with indicaamiables for testing poolability of batches

and packages. A simple case will be introduce@ddifate the understanding.
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Suppose we have three batches, the correspondiimgior variables model is defined as

follows:

Vij = Bo + 8141 + 6245 + x;;(B1 + A1A; + AA;) + e (33

where y;; is the assay result from tli# time point of the'* batch and the;; is the time at
which the assay sampjg; was obtaineds; andA, are indicator variables that assign a binary
code to each one of the factor combinatighss part of the intercept of the regression lifg,

is part of the slope of the regression line. Theapeterss’'s andA’s are estimated from assay
data,g;; is the random error and is assumed to be indepégdamd normally distributed with

zero mean and constant variance.

If we represent the batches 1, 2 and, 3 hy B and B respectively. We can use
indicator variables to indicate at which batch ssigned the response variable. For example, a
response variable for;Bs represented b§; = 1 and A, = 0. Similarly, a response variable
from B; is represented b§; = 0 and A, = 1. Also the response variable fog B represented
by A; = 0and A, = 0. Thus, the values of;andA, define the factor combination for each

batch. The indicator variables used for each ortbebatches are summarized in the table below.

Table 8 Binary Codification for Indicator Variables

Ay | Ay
B:| 1 0 Yij
B,| O 1|y
Bz | O 0 | ysj
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The response variables for batch L)(Ban be written as follows, after replacing the

values of the indicator variables presented in @&adh model (34):

Y11 = Po + 61+ x11(B1 + A1) + €11

Viz = Bo+ 61 + x12(B1 + A1) +eq3

Yin, = Bo + 61 + X5, (B1 + A1) + €1p,
Y21 = Bo+ 62 +x21(B1 +4;) + ez
Y22 = Po + 62 +x22(B1 +42) + ez
(39
Yon, = Bo + 82 + X2n,(B1 + A42) + €34,
Y31 = Po + X311 + €31

V32 = Bo + X321 + €3

V3ans = Bo + X3n,B1 + €3n,

wheren; is the number of sampling times in tH& batch. The system of linear equations
expressed by (34) represents the response vafiabiehe three batches. The required condition
for the three batches to have the same intercepaig; = §, = 0. The three batches will have
the same slope f;= A,= 0. Thus, the problem for testing the poolabilitybaftches reduces to
fit the regression model (34) and test the follayvinypothesisH;: §; = §, = 0, andH,: A;=
A,= 0. Therefore if the null hypothesi, is not rejected at the 0.25 significance levahiplies
that the slopes of the three batches are the sang, = B, = f; = . Similarly, if the null

hypothesidd, is not rejected, the intercepts of the three lemclre the same, i.@, = u, =
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us = u. If that is the case, the shelf life can be caltad using a model with a single intercept

and single slope.

3.3.2 Indicator Varibles Model for Two Factors

The indicator variables model to perform a poolgbtest for two factors (packages and
batches) can be expressed as follows (RamirezZ2808):
Vijk = Bo + .leijk + 6141 + 845 + -+ 6,4, + 0101 + 0,0, + -+ B,C;
+ xl]k(AlAl + AZAZ + cee + AT‘AT‘ + Cblcl + CDZCZ + b + CDSCS (35)
+ (,011A1C1 + 0‘)12A1C2 + -+ ()‘)I‘SAI‘CS) + ellk

Wherei =1,..,1 j=1,..,] andk =1,...,n;;, and/ represents the number of batchgs,
represents the number of packagggis the sample size of th& batch and thg‘" packages;

and(; are indicator variables that are defined in T&ble

Table 9 Binary Codefor factor Combinations

Factor Ay [ Ay | oo | Ap | G| Co | oo | G | Yiji
Combinations
B.P: 1 0 0 1 0 0 | y11k
BoP; 0 1 0 1 0 0 Y21k
Brpl 0 0 1 1 0 0 Yrik
B/P1 0] O 0]1]0 O | ¥k
B]_Pz 1 0 0 0 1 0 Y12k
szz O 1 0 0 1 0 Yook
B/P, 0 0 1 0 1 0 Vr2k
B\P> 0 0 0| O 1 0 | vk
B,P; 1 0| ..| 0 0 o ... 1 Y1k
B,P, O 1]../0 0| 0] ...| 1]y
B:P; 0 0 I 0 o ...| 1 Vrk
B,P; 0 0| ...| O 0 o| ...l 1 YVik
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The first column in Table 10 shows the factor camabibns. For example, 1B,
represents the first batch and the second pacRégesubscripts ands are defined as follows:
r=I1-1s=]—-1.

To perform a test for poolability it requires fitf the regression model with indicator
variables to the assay data and testing four plessiymotheses as Chen et. al. (1997), shows and,
the FDA implemented. Table 10 shows the hypothpsesented by Chen et. al. (1997) to be
tested, the corresponding interpretation to whetirenot the hypothesis is accepted (A) or

rejected (R).

Table 10 Procedureto identify the analysis of covariance model

Code Hypothesis A I nterpretation ANCOVA Mode
1 CO: M0Oa Hi:6,=26,="" X Intercepts of all batches are the Vijk
=§,=0 sameq,; = a,; = =0 = @ = a; + Bijxiji
+ Eijic
2Cl1: M1 Hy: Aj= Ay= - X Slopes of all batches are the same. Yijk
=A=0 Bij = B2y = =By = B; = a;; + Bixiji
and + Eijk
W11 = Wi =
= Wy = 0
2 C1: M3 H, andH, X All batches have the same Vijk
intercept and the same slope. = a; + Bixiji
Ay =0pj = =0 = + &iji
ﬁlj = ﬁzj == ﬁlj
=B
1 C0O: MOb H;: 0, =0, = X Intercepts of all batches are the Vijk
=9, = samea;; = a;; = = q;; = o =a; + Bijxiji
+ &ijie
3C2: M2 Hy: @, =, = X Slopes of all packages are the| Yijk
=&, =0,w; samef;; = Pip =+ = Piy = B; = a;; + Bixiji
=Wy = 0 = Wy + Eijk
=0
3C2: M4 H; andH, X Intercepts and slopes of all Yijk
packages are the same = a; + Bixiji
@iy = Ajp = =+ = Ay + &k
=a;
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Bir=Pip == ﬁi]
=B
3 C3: M5 H, andH, All batches and all packages haye Vijk
a common slope = a;; + Bxij
Bij = Bz2j == Bij + &k
=B
Bi = Biz = -+ = iy = p; and
Bi=Bi =8
4 C3: M6 H,,H, andH, All batches and packages have Vijk
common slope, and the intercepts = a; + Bxji
of all batches are the same. + &
=y ==
=aq;
ﬁlj = ﬁzj == ﬁlj
=B
Bix = Biz = -+ = Py = B and
Bi = ﬁj =P
4 C3: M7 H,, H; andH, All batches and packages have Vijk
common slope, and the intercepts = a; + Pxiji
of all packages are the same. + &
Qi1 = Ajp = = = Ay
=a;
ﬁ1j = .sz == BIj
=B
B = Biz = -+ = By = f; and
Bi = ﬁj =p
4 C8: M8 H,,H,, H; andH, Slopes and intercepts of all Vijk
batches and packages are the = a+ By
same. + &
Aqj = Gaj = = qyj
=q
@y = ap = =q;; = a; and
= =a
ﬁlj = ﬁzj == ﬁlj
=B
Bir = Bip = =+ = By = B; and
Bi = ﬁj =P
1C0 H,,H,,H; andH, Intercepts and slopes of batches Vijk
and packages are different. = a;j + BijXiji

+ &ijic
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Table 10 shows a set of rules presented by Chex. €1.997) that can be implemented when
computing the shelf life. After the analysis of aoance has been correctly identified the
expiration-dating period can be determined usimgniine models described next.

1. CO: The expiration dating periods are computed sedsrdte each batch/package
combination. The minimum of the expiration datirgyipds of the individual batches (at
least 3 batches) from the same package is theagiqpirdating period of that package.

2. C1: The data from the individual batches are combiné@tiinveach package. For each
package:

M1: Assuming a common slope with different intercdptsdifferent batches, the
expiration dating periods are computed for indialdbatches. The minimum of
the expiration dating periods of the individual dhegs is the expiration dating
period of that package.

M3: Assuming a common slope and a common intercepalfothe batches, a
single expiration dating period is computed asekiration dating period of that
package.

3. C2: The data from the individual packages are combméain each batch:

M2: For each batch, assuming a common slope with rdifteintercepts for
different packages, the expiration dating periods eomputed for individual
packages. The minimum of the expiration datingquisiof the individual batches
from the same package is used as the expiratiamgdaeriod of that package.
M4: For each batch, assuming a common slope and a corimtercept for all

packages, a single expiration dating period is agegh The minimum of the
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expiration dating periods of the individual batciessed as the expiration dating
period for every package.

4. C3: The data for all the packages and batches are oewtbi
M5: Assuming different intercepts but a common slagreall the batch/package
combinations, the expiration dating periods are mated for all individual
batch/package combinations. The minimum of therexipn dating periods of the
individual batches from the same package is usatieasxpiration dating period
of that package.
M6: Assuming a common intercept for all the batche & common slope for
the all batch/package combinations, a single efipiralating period is computed
for each package to be used as the expirationgdpériod of that package.
M7: Assuming a common intercept for all the packagesacommon slope for
the entire batch package combinations, the expiratating periods are computed
for each batch. The minimum of the individual baths used as the expiration
dating period for every package.
M8: Assuming a common slope and a common intercelfdine package/batch
combinations, a single expiration dating perioccéenputed to be used as the

expiration dating period for every package.
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3.4 Simulation Results

A simulation exercise was created to study batebatch variability. Three different
scenarios were simulated using Monte Carlo sinufatechniques. Computer programs to
compute ANCOVA and Indicator variables methods @nesented in Appendix A.4, and A.5.
The first scenario includes changes in the degi@daate, the second scenario includes changes
on the initial label claim, and the third scenarioludes changes in the degradation rate as well

as the initial label claim.

The simulation process consists in creating two paments: one deterministic and one
stochastic component. The deterministic componeptesents the drug degradation through
time. The drug degradation is representedyby: a + bx since it is assumed to have a lineal
degradation rate. The Initial Label Claim (ILC) ispresented in the equation hy the
degradation rate is represented hyandx is the time (month) in which the analysis was
performed; i.e.x ={0,3,6,9,12, 18,24}, finally the concentration of the active ingrediés
represented in the equation py The Label Claim (LC) was simulated using the dwiing
equation.C = y + e, wheree is the stochastic component and was generatedibg a random
variable that followed a normal distribution witream zero and variance 0.04. The variance was

selected small enough to avoid interference witraigation rate.

Figure 3 shows the slow degradation rate, and hewabel claim varies from 100% to 98%

during 24 months.
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Sirmulation of Label Claim with Slow Degradation Rate
1D1 T T T T T

100.5 B
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99 .5 K

% of Label Claim

949

98.5

98 0 3 [ 9 12 18 24

Tirme {months)

Figure 3 Simulation of 1000 batches with slow degradation rate equal to -0.05, and theinitial label claim was
100%

3.4.1 Analysis 1: Changes on degradation rate

The simulation of this scenario includes the depedent of three populations. The initial
label claim in the three populations was estabtisiee 100%. The first population was designed
to simulate low degradation rate, which was eqoal0t05. The second population simulates a
moderate degradation rate and was established eqgt@R, and the last population represents a
fast degradation rate, which was equal to -0.4. dégradation of the drug product was modeled
according to real cases in the pharmaceutical ingluSach population contains a thousand of
batches. The analysis consists of selecting 2 b8tpmpulations and extracts two batches from
each selected population. Two batches from eachlatpn were randomly selected to create a

sample of 4 batches. This process was repeatedaotiavusand times and results from these
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samples were used to validate the statistical nasthit is expected that both of the methods
(ANCOVA and indicator variables) detect that thdéchas exhibit different degradation rates
since they are from different populations. Figurehdws how the ANCOVA method detected
changes in degradation rates with no errors. Tiniramous line is the statistics for each one of
the samples and the horizontal line is the criticdue. However, in Figure 5 it is important to
point that ANCOVA incorrectly showed that the ialtilabel claim is different since the F-
statistics are larger than the critical value (6)48he ANCOVA method presents 100% false
alarm because actuality there were no changes etinitial label claim (ILC). The Indicator
Variables method also detected without errors thatdegradation rates are different since the
statistics are larger than the critical value, laews in Figure 6. The indicator variable method
shows incorrectly that 507 out of 1000 batches Hdifferent ILC, as shown in Figure 7. As a
result, both methods detected without error thenghan the degradation rate. In this scenario
the Indicator Variables performed better than ANGQYecause ANCOVA detected that all the
batches analyzed have a change in the ILC whenatati variables shows that only 507 batches

have a change in the ILC.
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Results for Testing Changes on Slope
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Figure4 Analysis#1 Resultsfor testing changes on slope for ANCOVA.
Results for testing changes on slope for ANCOVAe Eontinuous line shows the statistic for testihgnges in
slope, the red line shows the critical value ofstagistic (k5 20)=1.48).

Results for Testing Changes on Initial Label Claim
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Figure 5 Analysis#1 changes on the I nitial Label Claim (ILC), for ANCOVA.
Changes on the Initial Label Claim (ILC), for ANC@VAII of the batches were incorrectly detectediét
changes in the ILC. The horizontal line shows tfitical value (k ,5=1.46).
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Detecting Changes on Slope
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Figure 6 Analysis #1 Detecting the change on slopewith indicator variables.
Detecting the change on slope with indicator vdeisbThe continuous line shows the statisticsdetihg whether
or not the batches have the same slope. The heaidore represents the critical value.

Detecting Changes on the Initial Label Claim
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Figure 7 Analysis #1 Detecting changes on the ILC, using I ndicator Variables.
Detecting changes on the ILC, the continuous lieetlae statistics for testing whether or not charigghe
intercept were detected. The horizontal line indisahe critical value. This figure indicates tB&¥ batches show
changes on the intercept when in reality no chahgee occurred.
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3.4.2 Analysis 2: Changes on the initial label claim

The second analysis takes into account changesroagun the initial label claim and
maintaining constant degradation rate. The seleciéid! label claims were 105%, 100% and
95%. The degradation rate in all simulated casesseéected as moderate degradation rate and

equal to -0.2.

The ANCOVA method detects without any error thenges in the intercept as shown in
the Figure 8. The critical value to detect changethe intercept was 1.46. Figure 8 shows that
the statistics are greater than the critical vahagcating that there is a difference between the
intercepts. Figure 9 shows the statistics for hgssiopes, the horizontal line indicates the ailtic
value for testing the difference on slope. It iportant to show that ANCOVA detected changes
and differences in the slope when in reality theeze no differences in the slopes. The number

of times that incorrectly indicate a change was. 260

The Indicator Variable method detects also withembr that the batches have different
initial label claim. However, it is important to mMenstrate that the method detects changes in the
slope for 501 batches when there were no actualgesa Figure 10 shows that the Indicator
variable method detected the changes that occurriae@ initial label claim. Figure 11 shows the
statistics for testing changes on slope and howyniames the method incorrectly showed

changes on slopes.
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Results for Testing Changes on Initial Label Claim
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Figure 8 Analysis #2 Resultsfor testing changes on theinitial label claim with ANCOVA.
Statistic to measure whether or not there are asang the initial label claim, the critical valige k ,5=1.46.
ANCOVA method detected without any error changeth@lILC.

Results for Testing Changes on Slope
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Figure 9 Analysis#2 Resultsfor testing changes on slope with ANCOVA.
Statistic for testing changes on slope, the hoteddime shows the critical value of (F3,20=1.48)ere are 260 out
of 1000 samples that incorrectly indicate thatéreme some changes in the slope, when in reabigtivere no
changes in the slope.
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Detecting Changes on the Initial Label Claim
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Figure 10 Analysis#2 Changesin theinitial label claim with Indicator Variables.
Statistic for testing changes on the intercept® Midicator Variables method detected without amgrechanges in
the initial label claim in the 1000 batches.

Detecting Changes on Slope
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Figure 11 Analysis#2 Changesin the slopeswith Indicator Variables.
Statistics for testing changes on slopes. The boté line shows the critical value. There are %0t of 1000
samples that incorrectly indicate that there areesohanges in the slope.
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3.4.3 Analysis 3: Changes in both, the initial label siand slope

This scenario consists of implementing changesath lthe degradation rate and the
initial label claim. The analyzed data have changesslope: -0.05, -0.2 and -0.4; and also

include changes in the initial label claim: 105%0% and 95%.

The ANCOVA method detects without any error therdes in the intercept and the
slope as it is shown in Figures 12 and 13. Thécativalue to detect changes in the intercept was
Fozs, 3. 251.46 and changes in the slopessFs 351.48. Figures 12 and 13 show that the
statistics are greater than the critical value dating that there is a difference between the
intercepts and the slopes. The Indicator Variabkthod also detects without error that the
batches have different initial label claim and dpeson slopes. Figures 14 and 15 show that the
statistics are greater than the critical value athbcases, intercepts and slopes. It can be
concluded that both methods perform perfectly detg¢he change in initial label claim and the

change on slope.
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Results for Testing Changes on Initial Label Claim
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Figure 12 Analysis #3 Resultsfor testing changes on theinitial labe claim with ANCOVA.
The continuous line shows the statistic for testihgnges on the initial label claim, the criticalue is 1.46 (F3,23)
and is represented by the horizontal line. ANCOvWéthod detected without any error changes in titialifabel
claim.

Results for Testing Changes on Slope
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Figure 13 Analysis #3 Resultsfor testing changes on the slopeswith ANCOVA.
The continuous line shows the statistic for testihgnges on slope, and the horizontal line showstitical value
of 1.48 (R 20). The ANCOVA method detected without any error ¢thanges in the slope.
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Detecting Changes on the Initial Label Claim
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Figure 14 Analysis #3 Detecting changesin theinitial label claim with Indicator Variables.
Statistic to measure whether or not there are asang the initial label claim, the critical vali$e0.69. The
Indicator Variable method detected without any edmanges in the ILC.

Detecting Changes on Slope
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Figure 15 Analysis #3 Detecting changes on slopes with Indicator Variables.
The continuous line shows the statistic for testihgnges on slope, and the horizontal broken liogvs the critical
value of 0.69. The Indicator Variable method detedgthout any error the changes in the slope.
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3.4.4 Analysis 4: Batches are selected from the samelabmuo.

The last analysis consists on studying four batétues the same population and testing
whether or not the methods confirm that there ibatoh-to-batch variability. Thus, if there is no
batch-to-batch variability the expiration date tencomputed based on a single batch created by

including the data from the four batches.

Results for Testing Changes on Initial Label Claim
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Figure 16 Analysis #4 Resultsfor testing changes on theinitial labe claim with ANCOVA.
The continuous line shows the statistic for testihgnges on the initial label claim, the criticalue is 1.46.
ANCOVA method detected incorrectly changes in ttitdl label claim in 276 batches.
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Results for Testing Changes on Slope
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Figure 17 Analysis #4 Resultsfor testing changes on the slopewith ANCOVA.
The continuous line shows the statistic for testhgnges on slope, and the horizontal line shoe<titical value
of 1.48. The ANCOVA method detected incorrectlyrfes in the slope in 294 batches.

Detecting Changes on the Initial Label Claim
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Figure 18 Analysis #4 Detecting changesin theinitial label claim with Indicator Variables.
Statistic to measure whether or not there are asang the initial label claim, the critical vali$e0.69. The
Indicator Variable method detected incorrectly aemin the initial label claim in 519 batches.
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Detecting Changes on Slope
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Figure 19 Analysis #4 Detecting changes on the slopeswith Indicator Variables.
The continuous line shows the statistic for testthgnges on slope, and the horizontal line shoextitical value
of 0.69. The Indicator Variable method detects inactly changes in the slope in 536 batches.

Figure 16 shows the frequency ANCOVA incorrectlyed¢ed changes in the initial label
claim of 276 batches. In the graph, it can be okeskhow some of the statistical values are
higher than the critical value. This indicates araye in the initial label claim which is not

correct. Figure 17 shows how ANCOVA incorrectlyetged changes in slopes in 294 batches.

The Indicator Variables method also detected chagéhe initial label claim. Figure 18
shows that the method incorrectly detected chamyele initial label claim of 519 batches.
Figure 19 shows changes in the slopes of 536 batdhés important to clarify or take into
consideration that both methods detected changiislopes and intercepts when the changes

never occurred.
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The method of Indicator variables is simpler thaNGOVA and than much of the
methods that have been proposed. It is easier gigmeand, to analyze. This project
demonstrated the advantage of simplicity of theho@tbut when specifically compared to
ANCOVA, and ANCOVA is the one that presents the dovialse alarm. It is recommended to

use ANCOVA when detecting changes in slopes araldapts.

This chapter presented the different statisticahnéues used during the study, and the
results of a Monte Carlo simulation created to y®ldifferent scenarios. The purpose of the
simulation was to evaluate the performance of AN@O&hd Indicator Variables. It was
attempted to overcome ANCOVA using the method alfidator Variables but the simulation
results indicate that ANCOVA is superior to IndmaW/ariables. Indicator Variables tests the
hypothesis twice therefore, the possibility of coittimg error type | is approximately twice

using Indicator Variables in comparison with ANCOVA

Chapter 4 introduces the accelerated testing methdchow the accelerated data is used

to establish a shelf life.
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4 Accelerated Testing

This chapter will focus on the analysis of accaktalata and how to determine the shelf
life of a drug under stress conditions. The chapt@rganized as follows. First, it discusses the
basis of chemical reaction kinetics as well asrdaetion order, then the shelf life calculation is

described, and finally the simulation results weiszussed.

An accelerated testing is a short term stabilibdgtand most of the time realized under
stress conditions. The main goal of an accelerstakility testing is not only to determine the
chemical reaction kinetics but also to establisandative expiration date under the environment
of marketing storage conditions. The degradatiora afrug product is mainly caused by the
chemical reaction of the active pharmaceuticaledgnt (API) with the excipients or with the
environment causing a decrease on the assay resgltstime (Waterman, 2005). During the

entire shelf life, the API of a drug product deseaat an unknown rate.

Under the assumption that the rate of a chemieali@n is a function of temperature and
concentration of the reactants present, to induachange in the reaction rate, a change in

temperature of reactants should be implemented.

The primary goal of stability functions is to detene the rates of chemical and physical
reactions and their relationships with storage @1t such as temperature, moisture, light, and
others. To achieve this goal, accelerated staligitying is usually conducted. Stress conditions
are used to accelerate the reaction rate so tpaifisant degradation of the drug product can be

observed in a relatively short period of time. Tovegest possible expiration period is, of course
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an economic desirability, and many of the effortghe stability programs of pharmaceutical

companies are geared towards lengthening thisgerio

In the pharmaceutical industry, the Arrhenius (HeJsW. 1990)equation is employed to
relate the degradation reaction rate and the quurebng temperature. FDA guidelines indicate
that the results obtained from accelerated testargbe used only as supportive stability data.

Results from accelerated test can be used:
1. To estimate the kinetic parameters for the ratesadtions.
2. To characterize the relationship between degradatial storage conditions.

3. To provide critical information in the design andadysis of long term stability studies

under ambient conditions at the planning stage.

4.1 Chemical Reaction Kinetics

Is crucial to discuss basic chemical reaction kisetbecause it helps to further
understand degradation rates. A chemical react®orthé process in which one or more
components are transformed into one or more predddte rate of reaction is the velocity at
which the components are being transformed in aata reaction. For the following chemical

reaction:B + C — D the reaction rate can be expressed as (Fogler 2805%):

dD

dt = —kntm [B]"[C]™ (35)



53

where D is the molar concentration of the comporertie studiedk is the rate constant also
known as specific reaction rate. The rate of reacts positive if it refers to a product and
negative if it refers to a reactant. Establishing brder is important because the establishing of
expiration periods depends to some degree on eXatapg the concentration of the drug beyond
the last time point of testing. The reaction orderthe sum of exponents+ m. In the
pharmaceutical industry, the first order react®piliobably the most commonly employed model
for describing the decomposition and the degradaifactive ingredients of a drug product. The

zero order reaction is used occasionally, andelersd order reaction is rarely adopted.

4.1.1 The Zero Order Reaction

A zero order reaction has a rate that is indepenafetihe concentration of the reactants.
Increasing the concentration of the reactants wnit speed up the rate of the reaction. It
describes a linear relationship between the druayadteristics and time. According to this,

(Fogler, S.H., 2005):

dD
_ 36
dt ko (36)

whereD (t) is the concentration at timie@nd the solution of the differential equations is

D = Doy — kot (37)
whereD is the molar concentration at any timé, is the concentration at time zefg, is the
rate constant of the zétoorder reaction, and is the time. It is critical to notice that the
temperature has a strong effect on the rate cansthais effect is represented by the Arrhenius
equation, since the Arrhenius equation is a physased model derived for temperature

dependence, it is strongly recommended that theehtmelused for temperature accelerated test.
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The Arrhenius equation (38) gives the dependendheofate constank) of chemical reactions
on the temperaturd) and activation energye).

k = Ae~"/rr (39)
whereA is the frequency factor and has the same unitstbfs the activation energy (the energy
that the molecule must have to participate in #wction),R is the gas constant and T is the

absolute temperature in Kelvin (K). The logarithreipression of the Arrhenius equation is:

lnk=—lf—T+1nA (39
So, when a reaction has a rate constant which dbheyArrhenius equation, a plot of kj(
versusT ~* gives a straight line, whose slope and intercept loe used to determifeandA.
This type of plot is called an Arrhenius plot thldisplays the logarithm of kinetic constants
plotted against the inverse of the temperature. Ailnkeenius plots are often used to analyze the

effect of temperature on the rates of chemicalti@as. Figure 20, presents an example of the

Arrhenius plot.

Ay
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Figure 20 Arrhenius Plot
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4.1.1.1 Zero Order Reaction Sample Calculations

Table 11 shows an example of the data for a zaeterasf reaction. The data is not real

and will only be used for demonstration of the skngalculations.

Table 11 Data at normal conditions

t Assay
(Months) | 25°C
0 99.6
3 98.2
6 96.9
9 95.7
12 94.4
18 93.7
24 92.2
36 91.5

Table 12 Accelerated Stability Data Zero Order

Assay Assay Assay
t (Months) 30°C 40°C 50°C
0 99 99.0 99
2 98 97.1 94.7
4 96.8 95.9 90.3
6 95.5 94.2 87.5
Ko -0.585 -0.78 -1.945
In(Ko) -0.5361 | -0.2485 | 0.6653
uT 0.0033 | 0.0032 | 0.0031

Table 12 presents data at normal, intermediate aotlerated conditions. All assays are
expressed as a percentage of the label claim (%h&)yt 28C. This data helps in the estimation

of the assay values at%®5 (normal conditions) as a function of time.
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For a zero order reaction, the original concerdrstican be graphed as a function of
time. Figure 21 shows the graph for each one ottimeentrations. The slope of each one of the
lines corresponds to the valuekodit that specific temperature. The next step p®aofIn(k) vs.

T'. This plot (Figure 22) is prepared with the valugsk obtained from each one of the

accelerated storage conditions, determine fromrEigua.
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Figure 21 Degradation Assay Data treated as Zero Order of Reaction
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Figure 22 Arrhenius Plot for Zero Order Degradation

Using the Arrhenius equation to predict the drugagisas a function of time, the values of
the slope and intercept can be obtained using &igar The rate constant or specific reaction
rate k) can be calculated using the data obtained fromr€ig@. It shows the Arrhenius plot, the
x-axis is the inverse of the temperatures analyaadl the y-axis the natural logarithm of the

specific reaction rate.

ll’l(kzs) = ﬁ +InA

In(kys) = —5,8509 ( ) + 18.65

298.15

k,s = 0.3802 month™!

Once the specific reaction rate) @t 2%C or 298.15 K is calculated, the drug product

assay can be predicted using:

D:Do_kot
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For example, the predicted concentration obtairte@8amonths can be calculated as

follows:

D(18) = 100 — 0.3802 < ) (18 months)

months

D(18) = 93.16

Table 13 Predicted Assay for Zero Order of Reaction

Time Predicted Zero
(months) Assay Order
0 99.6 100.00
3 98.2 98.86
6 96.9 97.72
9 95.7 96.58
12 94.4 95.44
18 93.7 93.16
24 92.2 90.87
36 91.5 86.31

4.1.2 First Order Reaction

The first order reaction equation indicates thédgarithmic transformation of the drug

characteristic is a linear function of time.

For the first order reaction, the rate can be esqwé as:

— = —k;D (40

After solving the differential equation the resslas follows:

D = Dy — Dye~Fat (41)
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Once, the order of reaction is determined empiyictthe relationship between the rate of
degradation and the temperature can be charadeuseg the Arrhenius equation. The
Arrhenius equation describes the linear relatignletween log (degradation) and the reciprocal
of the absolute temperature. A prediction of th@imtion date can be then obtained after
applying the statistical techniques presented & ghevious chapters, as illustrated in section

4.1.4.

4.1.2.1 First Order Reaction Sample Calculations

The data used for these calculations was the sa®e for the zero order of reaction
example. The objective of using the same set & dais to compare the predicted assay values

obtained with each one of the orders and to comgadedecide which order of reaction performs

better.
Table 14 Degradation data treated as First Order Kinetics
t Assay Assay Assay In (Assay | In (Assay | In (Assay
(M onths) 30°C 40°C 50°C 30°C) 40°C) 50°C)
0 99 99.0 99 4.595 4.595 4.595
2 98 97.1 94.7 4.585 4576 4.55]
4 96.8 95.9 90.3 4,573 4.563 4.503
6 95.5 94.2 87.5 4.559 4.545 4472

The analysis was developed assuming that the osaistiof first order (usually the case
in real life). The first step is to obtain the naluogarithm of the concentration; these values ar
presented in Table 14. First order of reactiondat#is that a logarithmic transformation of the

drug characteristic is a linear function of timagddhese values are graphed as a function of time

and presented in Figure 23.



60

4.620
4.600 r
4.580 y =-0.006x + 4.596

— 4560 \ ¢ In Assay 30°C

g 4.540 \§—0.0081x «h\- B In Assay 40°C

E 4.520 In Assay 50°C
4.500 Linear (In Assay 30°C)
4.480 ——Linear (In Assay 40°C)
4.460 y =-0.0209x + 4.5929 Linear (In Assay 50°C)

0 2 4 6 8

Time (months)

Figure 23 Degradation Datatreated as First Order Kinetics

The slope of each line corresponds to the valuthefrate constank), for each one of
the temperatures. The next step is to piok) vs. (T), using the specific rate values obtained

for each of the analyzed temperatures.
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Figure 24 Arrhenius Plot for the First Order Degradation
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Using the Arrhenius equation to predict the drugpgisas a function of time, the values of
the slope and intercept can be obtained using &ig8r Figure 24 shows the Arrhenius plot for
the first order degradation, the rate constantpeciic reaction ratekj can be calculated using

the data obtained from this graph.

ll’l(kzs) = ﬁ +InA

In(k,s) = —6,064.5(

298.15) + 14.779

k,s = 0.00384 month™?!

Once the specific reaction ratd @t 2%C is calculated, the drug product assay for first
order reaction can be predicted using Equation 41.
For example, the predicted concentration obtairted9amonths can be calculated as
follows:
D(9) = 100 — 100 (e(-0-00384(9))
D(18) = 96.599

The results for the rest of the predicted assayfifet order reaction are presented in
Table 15.

Table 15 Predicted Assay for the First Order Reaction Kinetics

Assay Predicted 1%

t (Months) 25°C order

0 99.6 100

3 98.2 98.853

6 96.9 97.720

9 95.7 96.599

12 94.4 95.492

18 93.7 93.315

24 92.2 91.187

36 91.5 87.076
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4.1.3 Comparison of the Zero and the First Order Models

To compare the predictions of both models zerofastorder of reaction, Table 16 was
prepared. As it was expected, both models providee gsimilar results. The first order model

gives better results, suggesting that the deg@datiactually of first order as it was pointed out

before.
Table 16 Predicted assay values using Arrheniusfor zero and first order kinetics
t Predicted Zero | Predicted First
(Months) | Assay 25°C Order Order Erroro Error,
0 99.6 100 100 0.4 0.4
3 98.2 98.86 98.853 0.66 0.653
6 96.9 97.72 97.72 0.82 0.82
9 95.7 96.58 96.599 0.88 0.899
12 94.4 95.44 95.492 1.04 1.092
18 93.7 93.16 93.315 -0.54 -0.385
24 92.2 90.87 91.187 -1.33 -1.013
36 91.5 86.31 87.076 -5.19 -4.424
SSE 31.38 23.22

4.1.4 Shelf-Life Calculation for accelerated data

The shelf life can be calculated usihg accelerate results. The described regression
techniques can also be applied to the predictedyasebtained from accelerate data. The
procedure used for the long term stability analysisalso applied to analyze results from
accelerate stability analysis, the only changéas this time the predicted assays are included in
the calculation.

The quadratic equation to determine the shelfftifehe predicted assay values using the

zero order reaction kinetics presented in Tablaridimplementing Equation (11) is:
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(x—135)]

1
B B 2 2 -6} |
[90 — (100 — 0.380x)]* — 1.94% (6.99 x 107) |5+ — 55

The reference point for this equatiorxjs, = 26.32 and the initial point to accomplish
convergence is,.r — 5. The root for this equation is.,,; = 26.30 and the observed shelf life

for the predicted assay values using the zero aideaction iScser(0bs) = 26 months.

The quadratic equation for the predicted assayepted in Table 16 and assuming first
order reaction kinetics is:

(x—135)]

1
90 — (99.881 — 0.359x)]% — 1.94% (0.0094) |-
[90 — ( ] (0.0094) |5+

The reference point for this equatiorxjg, = 27.52 and the initial point to accomplish
convergence is,.; — 3. The root for this equation is.,,, = 27.50 and the observed shelf life

for the predicted assay values for the first oafeeaction isxspe;r(0bs) = 27 months.

The quadratic equation for the assay data % Zbable 16) is:

(x—135)]

1
— 2 2
[90 — (98304 — 0.2244x)]* — 1.94* (1.046) |2+~

The reference point for this equatiorxjs, = 37.00 and the initial point to accomplish
convergence is,.; — 8. The root for this equation is.,,; = 31.17 and the observed shelf life

for the assay data at Z5is xspe r(0bs) = 31 months
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In summary, the shelf life from the actual data 3&: months, the shelf life for the
predicted assay using a zero order reaction is @6t and, the shelf life for a first order
reaction is 27 months. Thus, it is again confirrtteat in this case the first order reaction analysis

is better than the zero order reaction analysis.

4.1.5 Analysis of Simulation Results for Acceleratedimgst

One thousand sets of accelerated stability daten fBobatches were generated using
Monte Carlo simulation. Data at 25 was simulated for 0, 3, 6, 9, 12, 18, and 24 imanssay
values were simulated at@ and 30C and at 0, 3, 6 and 9 months, and data &€ 4Gere also
simulated at 0, 3 and 6 months. The acceleratezl wWlate analyzed to make predictions of the
assay data at 26 with zero order of reaction and first order cdcton. Table 17 presents an

example of the accelerated simulated data, whiale weed to predict the concentration &t5

Table 17 Example of the accelerated simulated data used to predict the concentration at 25°C

0 3 6 9
50C 100 99 96 91
100 97 94 91
100 99 95 91
0 3 6 9
30°C 100 94 90 84
100 93 88 84
100 93 88 83
0 3 6
100 86 82
100 84 81
100 84 81
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Table 18 presents an extracted example of the gieetidata obtained after using the
Arrhenius equation to predict the drug concentratib23C. It is possible to see from Table 18
that the slopes of the batches are different wisetiea intercepts are the same. The intercepts
were expected to be the same because an initi@lentmation of 100 was established in the

analyzed data.

Table 18 Predicted assay for 25°C

Batch 1 | Batch 2 | Batch 3

0 100.000| 100.000| 100.000
3 98.514 | 98.479 | 98.393
6 97.050 | 96.981 | 96.812
9 95.608 | 95.505 | 95.256
12 94.188 | 94.052 | 93.725
18 91.410 | 91.212 | 90.737

24 88.913 | 88.458 | 87.285
Slope -0.464 | -0.481 | -0.524
Intercept | 99.868 | 99.901 | 99.993

102.000
100.000
98.000
96.000 & Batch1
Q
2 94.000 B Batch2
X
Batch 3

92.000
Linear (Batch 1)
90.000
88.000 \. ——Linear (Batch 2)
| y=-0.5242x+39.593 ——Linear (Batch 3)
86.000
0 10 20 30

Time (months)

Figure 25 Graph of the predicted assay valuesfrom Table 18.
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Table 18 and Figure 25 show only a small examplehefresults obtained from the
simulation. At the end, all of the batches analypszbented different slopes. The two statistical
methods presented in previous chapters to deteetbiay between batches were applied to the
simulated data. All the batches were rejected dude variability in the existing slopes. Table
19, shows the results for the indicator variableshod using the data presented in Table 18. The
method concludes that the slopes of the batchediféeeent thus, are significant for the analysis,

but the intercepts are not significant.

Table 19 Indicator Variables simulation results for accetedadata

Predictor Coef SE Coef T F
Constant 99,9933 0.0&860 1514.33 0.000
Bl -0.524235 0.005105 -102.68 0.000
51 -0.12532 0.08335 -1.34 0.19%
52 -0.09234 0.089335 -0.99 0.338
Al 1 0.0&0448 0.007220 2.37 0.000
&2_1 0.043408 0.007220 g.01 0.000

5 = 0.10579% R-Sg = 99.9% ER-Sg{adj) = 99.9%
Table 20 presents the results for the same preddaéa, but analyzed with ANCOVA.
The obtained results were not expected, since & wlaserved a difference in slopes and
intercepts. The ANCOVA method shows that the sitedabatches belong to different
populations since they have different slopes amerdepts. Table 20 shows that both statistics
are larger than the corresponding critical valuehicating that the hypothesis for equal slopes

and equal intercepts were rejected.

Table 20 ANCOVA simulation results for the accelerated data

Fesm 37.27
F(n?ﬁ?ﬁ\ 1.52
F(intercept) 7.76
F(07R717) 151
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Both methods conclude that all the batches analykethg the simulation had large
variability. It is possible to conclude that themts of the accelerated data look graphically
similar at first sight, but the slopes of the balare statistically different from each other, as
was shown in Figure 25 and Tables 19 and 20. Tédigiion exercise based on the Arrhenius
theory is not useful with this type of simulatioedause it produces predictions with different

slopes, although the slopes have been controlledye a small variation.

Analyzing and comparing the results of the two radthwe can observe how sensitive
the indicator variables method is as it was ablalétect differences in the slopes and the
similarity of the intercepts. ANCOVA in contrast tdamines variability of the intercepts,

estimating that the intercepts obtained in theiptiehs are different when in reality they are not.

The Arrhenius theory is essential to design expenits that lead to a provisional estimate
of the expiration date of a drug product. Incregsan decreasing the temperatures is the most
common acceleration factor used because its raldtip with the drug degradation is
characterized by the Arrhenius equation. Acceldrat@bility studies can be used to support

tentative expiration dates in the event that fa#lglife studies are not available.
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5 CONCLUSIONSAND FUTURE WORK

5.1 Conclusions

This chapter presents conclusions, recommendatsorts future work. The first section
summarizes the important points of this study apdcmlly the application of regression

techniques to analyze stability data.

The aim of this research has been to explore tiferdnt techniques to analyze batch-to-
batch variability. The first technique used wasdhalysis of covariance which is currently used
by the FDA to determine whether the studied batdwse from the same population. The
second technique used was the indicator variabéthod that was developed by Ramirez et al.
(2008) to analyze the similarities between slopas iatercepts of batches under study and to

determine whether or not the underlying batchesectsom the same population.

This research study has contributed in several wamsncipally is an actual
implementation of the indicator variables method an complete analysis using real and
simulated stability data. Specific contributionsthe performance measurement field have been
accomplished as follows:

1. We have analyzed two different techniques to temich-to-batch variability with
simulated data.

2. A study of accelerated data was also implemented.
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Four scenarios were simulated to study batch-toFbaariability. The first analysis
includes changes on the degradation rate, the demoalysis considers changes on the initial
label claim, the third analysis includes changesbath the initial label claim and in the
degradation rate, and the fourth analysis consibtdetermining whether or not the selected
batches from the same population confirm that #itehes belong to the same population. Three
populations were simulated representing the drugratkation according to the described
simulated scenarios. The explored degradation vaées: slow, moderate, and fast degradation

rates.

In the first analysis a change in degradation rates implemented, both methods
detected with no errors the changes on the degoadatte of the batches. However, ANCOVA
showed incorrectly that the initial label claim w@ifferent in all the samples analyzed when in
reality there were no changes in the initial latlalm of the batches. Indicator Variables on the
other hand, detected with no errors the changeshendegradation rate of the batches, but
showed incorrectly that the initial label claim wdsdferent in some batches. In the second
analysis changes in the initial label claim werelemented. Both ANCOVA and indicator
variables achieved similar results. The changebeninitial label claim were detected in all of
the samples, however, both methods also detectadgels in the degradation rate, when in
reality there were no changes. The third analygdoeed changes in the initial label claim and
in the degradation rate of the samples. Both methaetected without any error changes in
slopes and intercepts. The fourth and final anslgsinsists of extracting data from the same
population to test for batch-to-batch variabilityherefore, if there is no batch-to-batch

variability the expiration date can be calculateddd on a single batch created by including the
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data from the four batches. The ANCOVA, outperfadntiee Indicator Variable method in this
analysis. Indicator Variable detected incorrectiareges in the initial label claim in 51.9% of the
samples and changes in the degradation rate ifG3ereas the ANCOVA method detected
incorrectly changes in the initial label claim i7.8% of the samples and changes in the
degradation rate in 29.4%. It was clearly demotetrahat both methods perform similarly
during the different analysis, but ANCOVA performbdtter when data come from the same

population.

Results from accelerated data shows that the slépss similar to the naked eye
(graphically), but the slopes of the batches asgissically different from each other. The
simulation exercise based on the Arrhenius theay mot useful, because it produces predicted
data with different slopes, even if the slopeshefdccelerated data were controlled to have small
variation. It is important to remark that when lgmang the sensitivity of both methods, the
indicator variables method detects a differencglapes, but did detect differences in intercepts.
ANCOVA however, detected variability in both slops®d intercepts. In this case, the indicator
variable method surpasses ANCOVA when sensing méitiabecause there were no changes in

the intercepts, however ANCOVA did detect an erousechange in the intercepts.

5.2 Recommendationsand Future Work

The current research can be extended to improvdataegeneration when working with
accelerated testing analysis. Other statisticahods such as the method proposed by Chow and
Shao (1989) to test batch to batch variation aedriethod proposed by Chen (1997) to take into

account different batches and packages can berexplio future projects.
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This project revealed significant information abdlge two methods analyzed and how
they detected changes in slopes and intercepts wiifferent cases. This project introduces for
the first time the indicator variable method andaldes how it can be applied. Other types of
cases and factors may be tested (i.e. packagesg#is), such as data that contain different
cases presented every day in pharmaceutical ingsiskurther studies may focus on the effects

of the accelerated data in ANCOVA and indicatoialale method.

Overall, this project demonstrates an application aomparison of the indicator
variables method versus ANCOVA. Both methods clessithe data quite similar giving
statistically valid results, it is important to &slish that the simulation exercise results preskent
are meaningful because the data used follows th& olatained in real life scenarios when

analyzing drug stability in pharmaceutical induestri
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APPENDIX A.

This appendix contains the computer programs usedhfs project. Degradation Line Single
Batch specifically computes the degradation linedcsingle batch and save the results to be

input into the Shelf Life Estimation program.

A.1 Degradation Line Single Batch

%Regression Analysis for a Single Batch
clear all ;

clc;

close all ;

batch=1,;

i=1;

n1(1)=8; %Batches to be analyzed

N=n1(i);

x=[03 691218 24 36]; %Dates in which the LC are analyzed
y=[99.6 98.2 96.9 95.7 94.4 93.7 92.2 91.5]; %Label Claim
x1=[x(i,1:n1())];

y1=[y(i,1:n1(D))];

x1=x1"

X=[ones(N,1) x1];

Y=yl

b=inv(X"*X)*X"™*Y; % Regression parameters
y_est=X*b;

exY-y_est; % Residuals

SSE=e'*e; % Sum of squared errors
SST=Y"*Y-N*(mean(Y)"2); % Total sum of squares
SSR=SST-SSE; % Sum of squared errors due to regression
t=tinv(0.95,N-2); %T-test

R2=SSR/SST;

MSE=SSE/(N-2); %Mean Squared Errors

av_x=mean(x1);

Sxx=x1"x1-N*(av_x)"2;

vec=[b' N MSE av_x Sxx];

save res vec %Files saved to determine the shelf life
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Shelf Life Estimation estimates the shelf life éata that have been input after the calculation of

a degradation line program.

A.2 Shdlf Life Estimation

% Shelf Life Estimation
% This program computes the shelf life for data tha
% Degradation Line Single batch & Analysis for slop

clear all ;
clc;
close all ;
delete it*
display ( '1:f=(90-(b0-b1*x))"2-t"2*MSE*[1/n+(x-av_x)"2/Sxx]'
flag_fun=input( 'Enter the number of the function: '
load res
b=vec(1:2); % Data from the files saved
n=vec(3);
MSE=vec(4);
av_x=vec(5);
Sxx=vec(6);
d=-5.5;
reference=(b(1)-90)/(-b(2));
if flag_fun==1;
x0=(b(1)-90)/(-b(2))+d; %Initial Point
end
options=optimset( ‘LargeScale’ , 'off' );
cont=0;
save contador cont
[x, fval, exitflag, output]=fminunc(@(x)
obj_fun_expiration_date(x,flag_fun),x0,options);
% xO0 Initial point that the computer program requir
% d is a negative value that should be explored by
% x is the shelf life estimated for all the future

Routine needed for shelf life estimation
%Function needed by estimation of shelf life
function  f=obj_fun_expiration_date(x,flag_fun)

load contador ;
cont=cont+1;
save contador cont ;
load res ;
b=vec(1:2);
n=vec(3);
MSE=vec(4);
av_x=vec(5);
Sxx=vec(6);
t=tinv(0.95,n-2);
if flag_fun==1;

t have been input in
es and intercepts

es (xO=reference-d)
using trial and error
batches



f=abs((90-(b(1)+b(2)*x))"2-(t*2)*MSE*(1/n+(x-av
end
save ([ it numz2str(cont)], o, %, fflag_fun'

);

_X)N2/SxX));

77
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This program performs the ANCOVA method to detemmimhether or not the slopes and

intercepts of the degradation lines from the dédferbatches analyzed are similar.

A.3ANCOVA Method

%Analysis of Slopes and Intercepts from several bat
%ANCOVA Method
%Test for similarities (slopes & intercepts)

clear all ;

clc;

close all ;

batch=3; %Number of batches to be analyzed
x=[03 6 9 12 18 24

0 36 9 1218 24

0 3 6 9 12 18 24j; %Dates

y=[104.76 103.74 102.35 101.85 99.67 98.32
101.52 99.958 98.15 96.75 96.26 96.12 95.
105.32 104.36 102.36 100.98 98.34 97.45 095.

n(1)=7; %Label Claim to be analyzed in each batch
n(2)=7;
n(3)=7;

N=sum(n);
%%%% %% % %% %% %% %% % %% %% %
%Testing the Slopes
%%%% %% % %% %% %% %% % %% %% %
for i=1:batch;
sy=0;
sx=0;
sxy=0;
for j=1:n(i);
sy=sy+y(i,j)"2;
Sx=sx+x(i,))"2;
sxy=sxy+x(i,j)*y(i.j);
end
Syy(i)=sy-(sum(y(i,1:n(i))))*2/length(y(i,1:n(i
Sxx(i)=sx-(sum(x(i,1:n(i)))) 2/length(x(i,1:n(i
Sxy(i)=sxy-(sum(y(i,1:n(i)))*(sum(x(i,1:n(i))))
%SSE cross product between time and LC
end
SxXW=sum(Sxx); %SEE within batches
SyyW=sum(Syy);
SxyW=sum(Sxy);
SSEW=SyyW-SxyW"2/SxxW;
for i=1:batch;

ches

96.98
57
45]; %Label Claims

))E %SSE of time
));  %SSE of label claim

fllength(y(i,1:n(0))));

sse(i)=Syy(i)-Sxy (i) 2/Sxx(i); %Residuals for each batch

end



SSE=sum(sse); %Total residuals
SS_slope=SSEW-SSE; %Residuals for differences on slopes
k=batch-1;

MS_slope=SS_slope/(batch-1);

MSE=SSE/(N-2*batch);

F_slope=MS_slope/MSE; % F statistic to test if the slopes are similar fro
batch to batch

F_slope;

df_num=batch-1,

df_den=N-2*batch;

F_cri=finv(0.75,df _num,df_den); %(Critical F for the slopes

%If the null hypothesis of similarity between slope s is not rejected at 0.25,
the intercepts should be test for similarities.

%%%% %% % %% % %% %% %% %% %% %% %%
%Testing the Intercepts
%%%% %% % %% % %% %% %% %% %% %% %%

% The intercepts should be tested given that the de gradation lines from the
batches analyzed have similar slopes.
sy=0;
sy1=0;
sx=0;
sx1=0;
sxy=0;
for i=1:batch;
for j=1:n(i);

sy=sy+y(i,))"2;
sx=sx+x(i,j)"2;
sxy=sxy+x(i,j)*y(i.j);
end
syl=syl+sum(y(i,1:n(i)));
sx1=sx1+sum(x(i,1:n(i)));
end
sy; % Sum of squares, cross products and errors for the reduced model
SY1=sy1”2/N;
SYY=sy-SY1,
SX;
SX1=sx1"2/N;
SXX=sx-SX1;
SXy;
SXY1=sx1*syl/N;
SXY=sxy-SXY1;
tx=0; % Sum of squares for the complete model
ty=0;
txy=0;
for i=1:batch;
ty=ty+(sum(y(i,1:n(i))))*2/length(y(i,1:n(i)));
tx=tx+(sum(x(i,1:n(i))))*2/length(x(i,1:n(i)));
txy=txy+(sum(x(i,1:n(i))))*(sum(y(i,1:n(1))))/lengt h(y(i,1:n(i)));
end
my=sy1"2/N;
mx=sx1"2/N;
mxy=sx1*sy1/N;
Tyy=ty-my;
Txx=tx-mx;
Txy=txy-mxy;
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Eyy=SYY-Tyy;

Exx=SXX-Txx;

Exy=SXY-Txy;

SSEr=SYY-SXY"2/SXX; % Sum of square errors for the reduced model

SSEc=Eyy-Exy"2/Exx; % Sum of square errors for the complete model

SSbO=SSEr-SSEc

MSb0=SSb0/(batch-1); % Mean square errors for the intercept effect
MSEc=SSEc/(N-batch-1); % Mean square errors for the complete model

F_inter=MSb0/MSEc; % F statistic to test if the intercepts are differe nt

from batch to batch

df_num=batch-1,

df_den=N-batch-1;

F_cri_inter=finv(0.75,df_num,df_den); %Critical F for the intercepts
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This program performs the ANCOVA method for the wliation created to test the methods

presented in this project.

A.4 Data Simulation AnalysisUsing ANCOVA

clear all ;
close all ;
clc;

%a=load('data_change_slope.mat’);
%a=load('data_change_int.mat");

a=load( 'data_single_population.mat' ); %Data to analyze
%a=load('data_change_int_slope.mat’);

LC_1=a.P1; %Label Claim for each population

LC 2=a.P2;

LC_3=a.P3;

lotes_1=a.ltl; %Random batches choose for the simulation
lotes_2=a.lt2;

P1=LC 1(lotes_1(1,:),); %Batches to be analyzed from the 2 populations

P4=LC 1(lotes_2(1,:),);
P=[P1;P4];

LC=[];

for i=1:1000
P1=LC_1(lotes_1(i,:),?);
P4=LC_1(lotes_2(i,)),:);
LC=[LC;P1;P4];

end

LC=LC(:,[1:7]);
eading the LC inside the folder
batch_time=[0 3 6 9 12 18 24];

length_data=size((LC),1); %Analyzing the LC from each group of batches

I=1;
u=4;
F_slope_all=[];
F_inter_all=[];
shelf_life=[];
raices=[];
batch_LC_all=[];
reference_all=[];
for s=1l:length_data/4;
batch_LC=LC(l:u,:); %Analyzing the data in groups of 4
I=l+4
u=u+4
batch_LC_all=[batch_LC_all,batch_LC];
y=batch_LC;
time=7;
batch=4;
x=repmat(batch_time,batch,1);

%R



n(1)=time;
n(2)=time;
n(3)=time;
n(4)=time;
N=sum(n);
%%%% %% % %% %% %% %% % %% %% %
%Testing the Slopes
%%%% %% % %% %% %% %% % %% %% %
for i=1:batch;
sy=0;
sx=0;
sxy=0;
for j=1:n(i);
sy=sy+y(i.j))"2;
sx=sx+x(i,j)"2;
sxy=sxy+x(i,))*y(i.j);

end
Syy(i)=sy-(sum(y(i,1:n(i))))*2/length(y(i,1:n(i))); %SSE of time
Sxx(i)=sx-(sum(x(i,1:n(i)))) 2/length(x(i,1:n(i ));  %SSE of label claim
Sxy(i)=sxy-(sum(y(i,1:n(i)))*(sum(x(i,1:n(i)))) Nlength(y(i,1:n(i))));
%SSE cross product between time and LC
end
SxXW=sum(Sxx); %SEE within batches

SxXW=sum(Sxx);
SyyW=sum(Syy);
SxyW=sum(Sxy);
SSEW=SyyW-SxyW"2/SxxW;
for i=1:batch;
sse(i)=Syy(i)-Sxy(i)"2/Sxx(i);
end
SSE=sum(sse);
SS_slope=SSEW-SSE;
k=batch-1;
MS_slope=SS_slope/(batch-1);
MSE=SSE/(N-2*batch);
F_slope(s)=MS_slope/MSE; % F statistic to test if the slopes are
different from batch to batch
df_num=batch-1;
df_den=N-2*batch;
F_cri=finv(0.75,df_num,df_den); % Critical F
statistic %%%%%%%%%%%%% %% %% %% % %% %%
%Testing the Intercepts
%%%%%% % %% % %% %% %% %% % %% % %%
% The intercepts should be tested given that the de gradation lines from the
batches analyzed have similar slopes.

sy=0;

sy1=0;

sx=0;

sx1=0;

sxy=0;

for i=1:batch;
for j=1:n(i);
sy=sy+y(i.,j))*2;
sx=sx+x(i,j)"2;
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sxy=sxy+x(i,j))*y(i.j);
end
syl=syl+sum(y(i,1:n(i)));
sx1=sx1+sum(x(i,1:n(i)));
end

sy; % Sum of squares, cross products and errors for the

SY1=sy1”2/N;

SYY=sy-SY1,

SX;

SX1=sx1"2/N;

SXX=sx-SX1;

SXy;

SXY1=sx1*syl/N;

SXY=sxy-SXY1;

tx=0; % Sum of squares for the complete model
ty=0;

txy=0;

for i=1:batch;
ty=ty+(sum(y(i,1:n(i))))*2/length(y(i,1:n(i)));
tx=tx+(sum(x(i,1:n(i))))*2/length(x(i,1:n(i)));
txy=txy+(sum(x(i,1:n(i))))*(sum(y(i,1:n(1))))/lengt
end

my=sy1"2/N;

mx=sx1"2/N;

mxy=sx1*sy1/N;

Tyy=ty-my;

TXX=tX-mX;

Txy=txy-mxy;

Eyy=SYY-Tyy;

Exx=SXX-Txx;

Exy=SXY-Txy;

reduced model

h(y(i,1:n());

SSEr=SYY-SXY"2/SXX;
SSEc=Eyy-Exy"2/EXxX;

SSb0O=SSEr-SSEc
MSb0=SSb0/(batch-1);
MSEc=SSEc/(N-batch-1);
F_inter=MSb0/MSEc;

% Sum of square errors for the reduced model
% Sum of square errors for the complete model

% Mean square errors for the intercept effect
% Mean square errors for the complete model
% F statistic to test if the intercepts are differe

from batch to batch

df_num=batch-1;

df_den=N-batch-1;
F_cri_inter=finv(0.75,df_num,df_den);

intercepts

Equal_slopes_inter=find(F_slope<F_cri & F_inter<F_

determine the batches with similar slopes and inter

Equal_slopes_inter=Equal_slopes_inter’;
Not_equal_slope=find(F_slope>F_cri);
different slopes
Not_equal_inter=find(F_inter>F_cri_inter);
with different intercepts
F_slope_all=[F_slope_all;F_slope(s)];
F_inter_all=[F_inter_all;F_inter(s)];

end

% Critical F statistic for the
cri_inter); % To
cepts

% To determine the batches with

% To determine the batches

83

nt



84

This program performs the Indicator Variables mdtfary the simulation created to test the
methods presented in this project.

A.5 Data Simulation AnalysisUsing Indicator Variables

clear all ;
close all ;
clc;

%a=load('data_change_slope.mat’);
%a=load('data_change_int.mat");
%a=load('data_change_int_slope.mat");

a=load( 'data_single_population.mat' );

LC_1=a.P1; %Data available for the simulation (Different popul ations)
LC_2=a.P2;

LC 3=a.P3;

lotes 1=a.ltl1; %Random batches choose for the simulation

lotes_2=a.lt2;

% P1=LC_1(lotes_1(1,:),);
% P4=LC_1(lotes_2(1,),));
% P=[P1;P4];
LC=[];
for i=1:1000
P1=LC _1(lotes_1(i,)),:); %Batches to be analyzed from 2 populations
P4=LC_1(lotes_2(i,:),:);
LC=[LC;P1;P4]; %Mixed Populations
end

LC=LC(,[2:7]); %R
ead all the LC inside the folder

batch_time=[0 3 6 9 12 18 24]; %Times analyzed

same_slope=[];

same_inter=[];

p_value_all=[];

P_all=[];

t_all=[];

t0_all=[];

length_data=size((LC),1); %Length of the data=Length LC
I=1;
u=4;
inter_freq=[];
slope_freg=[];
for s=1l1:length_data/4;
batch_LC=LC(l:u,:); %Analyzing each set of 4 batches until the end of
data
I=l+4
u=u+4
y=batch_LC;
time=7; %
Times analyzed
batch=4;
x=repmat(batch_time,batch,1); %Time matrix of the size of the batches
sig_level=0.25; %Significance Level
%Indicator variables matrix
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V1=[ones(7,2) zeros(7,2) x(1,:)' x(1,:)' zeros(7,2) 1;

V2=[ones(7,1) zeros(7,1) ones(7,1) zeros(7,1) x(2, :)' zeros(7,1) x(2,:)'
zeros(7,1)];

V3=[ones(7,1) zeros(7,2) ones(7,1) x(3,:)' zeros(7, 2)X(3,)' 1

V4=[ones(7,1) zeros(7,3) x(4,:)' zeros(7,3)];

V=[V1;V2;V3;V4];

Y=[y(1,)5y(2,)5y(3,0)5y(4,)'T; %LC of the batches
n=size(V);

% Calculating regression parameters

P=((V*V)M(-1)*V")*Y; %Parameters values (Least Square Estimates)

VP=V*P; %
Fitted Model

C=(V*V)™-1, %Covariance Matrix

error=Y-V*P; %Difference between the observation and the fitted value

SSE=error*error,

% Sum of squares due to errors
SST=sum(Y.*2)-n(1)*mean(Y)."2;
SSR=SST-SSE;

% Sum of squares due to regression
MSR=SSR/(8-1);

MSE=SSE/(28-8);

F(s)=MSR/MSE;

F_inv=finv(0.75,7,20); %Critical F value
T_Stat_all=[];
for i=1:n(2); %P-values and t-test values for each parameter

d(i)=sqrt(SSE/(n(1)-length(P))*C(i,));
t(i)=abs(P(i)/d(i));
_value(i)=2*(1-tcdf(t(i),n(1)-length(P)));
end
t0=tinv(0.75,n(1)-length(P));
p_value_all=[p_value_all;p_value];

P_all=[P_all;PT;

t_all=[t_all,t"];

t0_all=[t0_all,t0];

end

common_intslope=find((p_value_all(;,2)>0.25 & p_val ue_all(;,3)>0.25 &
p_value_all(;,4)>0.25)&(p_value_all(;,6)>0.25 & p_v alue_all(:,7)>0.25 &
p_value_all(:,8)>0.25)); %Finding batches with similar slopes and intercepts
diferente_int=find(p_value_all(:,2)<0.25 | p_value_ all(:,3)<0.25 |
p_value_all(:,4)<0.25); %Finding batches with different intercepts
diferente_slope=find(p_value_all(:,6)<0.25 | p_valu e_all(:,7)<0.25 |

p_value_all(:,8)<0.25); %Finding batches with different slopes



