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The objective of a long-term stability experiment is to confirm analyte stability in a given biological matrix,
encompassing the duration of time from sample collection to sample analysis for a clinical or preclinical
study. While long-term analyte stability has been identified as a key component of bioanalytical method
validation, current regulatory guidance provides no specific recommendations regarding the design and
analysis of such experiments. This paper reviews and evaluates various experimental designs, data analysis
methods, and acceptance criteria for the assessment of long-term analyte stability. Statistical equivalence
tests based on linear regression techniques are advocated. Both a nested errors and bivariate mixed model
regression approach are suitable for application to long-term stability assessment, and control the risk of
falsely concluding stability.
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1. Introduction

Bioanalytical methods for the quantitative determination of
drugs and their metabolites in biological matrices play a criti-
cal role in the evaluation and interpretation of bioequivalence,
bioavailability, pharmacokinetic, and toxicokinetic studies. The
quality and integrity of these studies is dependent upon the qual-
ity and integrity of the underlying bioanalytical data. As such,
well-characterized and fully validated bioanalytical methods are
essential to ensure the safety and efficacy of pharmaceuticals.

A key aspect in the validation of bioanalytical methods is the
assessment of analyte (drug and/or metabolite) stability in bio-
logical matrices [1-9]. Various stability evaluations are performed
during method validation, typically including: freeze-thaw stabil-
ity, processed sample stability, stock solution stability, short-term
temperature stability, and long-term stability. The proper assess-
ment of long-term analyte stability poses particular difficulties, and
is the subject of this paper.

The objective of a long-term stability experiment is to con-
firm analyte stability in a given biological matrix, encompassing
the duration of time from sample collection to sample analysis
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for a clinical or preclinical study. The stability experiment should
mimic the conditions under which the study samples will be col-
lected, stored and processed [1]. Moreover, stability should be
assessed in each matrix (e.g. plasma, urine, etc.) and species (e.g.
human, dog, etc.) in which the analyte is to be quantified. This
assessment is necessary to confirm that degradation after sample
collection has not occurred, thus giving credibility to the final study
data.

While long-term analyte stability has been identified as a key
component of bioanalytical method validation, current regula-
tory guidance provides no specific recommendations regarding
the design and analysis of such experiments. The purpose of this
paper is to review and evaluate various experimental designs, data
analysis methods, and acceptance criteria for the assessment of
long-term analyte stability.

2. Experimental design

Long-term analyte stability assessment is performed by prepar-
ing stability samples at two or more nominal concentrations [1].
Typically, these stability samples are prepared by spiking control
(blank) biological matrix with the analyte of interest. These stability
pools are then transferred into individual storage tubes represen-
tative of those intended for the long-term storage of study samples,
and are stored (frozen) under the conditions that will be used for
the study samples. Long-term stability is then assessed by analysis
of the stability samples over an appropriate time frame (i.e. suffi-
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cient to encompass or exceed the storage time anticipated for study
samples).

We consider two proposed experimental designs for long-term
stability assessment: a “standard” design and a “concurrent con-
trol” design.

The standard design is defined as follows. Stability samples are
prepared as described above. Immediately following sample prepa-
ration or shortly thereafter, replicate samples are analyzed against
a freshly prepared calibration curve. This can assess the accuracy of
the spiked sample preparations (i.e. confirm the nominal concen-
tration). The remaining samples are then stored as described above.
At pre-specified timepoints, replicate frozen stability samples are
thawed and analyzed against freshly prepared calibration curves.

The concurrent control design is identical to that of the standard
design, with one modification: at each pre-specified timepoint,
replicate “control” samples are analyzed concurrently with the
thawed stability samples against the same freshly prepared cali-
bration curve. The concurrent control samples can be prepared in
one of two manners:

(i) At each pre-specified timepoint, replicate control samples are
freshly prepared at the same nominal concentration and ana-
lyzed against the same freshly prepared calibration curve.

(ii) At the time of initial stability sample preparation, the samples
are divided into two subsets. The first subset (i.e. stability sam-
ples) is stored at the temperature intended for study samples,
as described previously. The second subset (i.e. control sam-
ples) is stored under temperatures less than —130°C (e.g. in
liquid nitrogen or other suitable freezer). At each pre-specified
timepoint, replicates of both the stability samples and control
samples are analyzed against the same freshly prepared cali-
bration curve.

With either the standard or concurrent control design, cal-
culated analyte concentrations are subject to both within-run
(intra-batch) and between-run (inter-batch) random variability
intrinsic to the analytical method. The use of concurrent controls
is intended to eliminate or minimize sources of between-run vari-
ability (e.g. calibration error) by including control samples in the
same analytical run as the stability samples [10].

Theoretical calculations based on the Arrhenius equation, as
well as published literature [11,12], indicate storage temperatures of
—130°C or below ensure stability even for unstable analytes. Thus,
samples prepared and stored as described in (ii) above may be suit-
able for use as concurrent controls. It is recognized that the use of
concurrent control samples prepared in this manner has been the
subject of some debate [6]. This will not be addressed in the current
paper, except to note that the stability of such concurrent control
samples should be (at minimum) informally verified via graphi-
cal inspection and/or descriptive statistics. The use of concurrent
controls which exhibit degradation similar to that of stability sam-
ples over the storage time is improper and will result in an inflated
risk of falsely concluding stability. Freshly prepared control samples
(as described in (i) above), by definition, will not exhibit degrada-
tion; however, this introduces random variability arising from the
preparation of different fresh control samples at each timepoint.

It should also be noted that stability samples could be prepared
by collecting or pooling incurred samples from dosed subjects,
rather than by spiking control matrix. However, the “nominal” con-
centration in such incurred samples will be unknown and must
be estimated from observed data. Appropriate data analysis proce-
dures for such samples must properly account for this additional
source of variability. This is a topic for future investigation and will
not be considered further in the current paper.

3. Data analysis methods

Specific recommendations for assessing long-term analyte sta-
bility are not defined in current regulatory guidance documents.
However, a common approach is to evaluate long-term stability
using the same criteria typically applied for evaluating accuracy and
precision of QC samples [4,7]. This approach (“4-6-15" rule) would
require at least two thirds of the individual stability samples at
each timepoint to be within, say, 15% of the respective nominal con-
centration. Another approach (“observed mean” rule) is to require
that the observed mean concentration at each timepoint be within
15% of the nominal concentration [7]. While both the 4-6-15 and
observed mean rules are easy to implement, they yield unknown
and uncontrolled risks of incorrect stability decisions (failing to
detect a truly unstable analyte, or falsely concluding instability).
The deficiencies of these approaches are well documented [13,14].
As such, neither approach (nor other nonstatistical or ad-hoc rules)
will be considered further.

When assessing long-term analyte stability, it is reasonable to
assume that the risk of falsely concluding stability should be con-
trolled to a small probability (say, 5%), when the true degradation
is bioanalytically relevant (say, 15%). Thus, statistical equivalence
tests provide a logical framework for stability assessment [10,11,14].
A statistical equivalence test is based on the set of hypotheses:

Ho:A<-Dor A>D

vs.Hy:-D< A<D

where A is the true analyte degradation and D is the amount of true
analyte degradation which is considered bioanalytically relevant
(say, 15%). Rejection of the null hypothesis Hp leads to a conclusion
of stability. An a-level equivalence test is typically conducted by
constructing a two-sided (100 — 2«)% confidence interval for A; if
the confidence interval lies entirely within the acceptance limits
(=D, D), the null hypothesis Hg is rejected. This equivalence testing
approach controls the risk of falsely rejecting Ho (i.e. falsely con-
cluding stability when the true degradation is D) at «% (say, 5%).
All statistical methods considered for further investigation in this
paper are based on equivalence tests at the o =5% level.

3.1. Simple linear regression

The problem of assessing long-term analyte stability in biolog-
ical matrices is similar to that of determining shelf-life for drug
product. For determination of drug product shelf-life, many quan-
titative chemical attributes (e.g. assay and degradation product)
are assumed to follow zero-order kinetics during long-term stor-
age [15]. Thus, linear regression analysis is generally considered an
appropriate approach for evaluating long-term stability data and
the performance characteristics of such an approach have been well
examined [16,17]. Similar reasoning suggests that the relationship
between analyte concentrations in biological matrices and stor-
age time can be represented by a linear function (perhaps after
appropriate data transformation, if necessary). Linear regression
techniques have also been previously proposed for assessing short-
term stability of analytes in biological matrices [14]. As such, the
use of linear regression techniques for assessing long-term analyte
stability in biological matrices is advocated.

The simple linear regression approach consists of regressing the
calculated stability sample analyte concentrations on storage time
via the following model:

Yij = Bo + Bixi + &jj (1)
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where y;; is the calculated analyte concentration for the jth stability
sample replicate at the ith timepoint, x; is the ith timepoint, and &;;
is the random error for y;;, with ¢; assumed to be independently
and normally distributed with mean zero and variance ag.

At any fixed timepoint x, a 90% two-sided confidence interval
for the mean analyte concentration is constructed from the fitted
regression model: jy = 30 + fSlx. The analyte is considered stable
at a given timepoint if the 90% two-sided confidence interval lies
entirely within pre-specified acceptance limits (say, +£15% of the
nominal concentration).

3.2. Nested errors regression

The simple linear regression model above ignores the between-
run (inter-batch) random errors induced by assay calibration at
each timepoint. The simple linear model assumes that all calcu-
lated analyte concentrations are statistically independent of each
other. This assumption will not be satisfied with long-term stability
data, as calculated concentrations obtained against a common cal-
ibration curve will be correlated (i.e. by the between-run random
error at each timepoint).

A nested errors linear regression model can appropriately
account for both between-run and within-run random errors inher-
ent in long-term stability data [18]. The nested errors regression
approach consists of regressing the calculated stability sam-
ple analyte concentrations on storage time via the following
model:

Yij = Bo + B1Xi + Vi + & (2)

where y;; is the calculated analyte concentration for the jth stability
sample replicate at the ith timepoint, x; is the ith timepoint, y; is
the random error associated with the ith timepoint, and &;; is the
random error for y;;. The random errors y; and g;; are assumed to
be independently and normally distributed with means zero and
variances o and o2, respectively. These variances, o2 and 0%,
correspond to the between-run and within-run variability of the
analytical method, respectively.

At any fixed timepoint x, a 90% two-sided confidence interval
for the mean analyte concentration is constructed from the fit-
ted regression model: y = Bo+B1X. The analyte is considered stable
at a given timepoint if the 90% two-sided confidence interval lies
entirely within the pre-specified acceptance limits.

3.3. Bivariate mixed model regression

Both the simple linear and nested errors regression approaches
above are applicable to long-term stability studies utilizing
the standard experimental design described previously. Neither
approach allows for inclusion of data from concurrent control sam-
ples, which may minimize or eliminate the impact of between-run
errors in the stability assessment.

One simple approach to incorporate data from concurrent
control samples would be to “normalize” the stability sample
analyte concentrations by the mean control sample analyte con-
centration at each timepoint. However, if the between-run and
within-run random errors are assumed to follow a normal distribu-
tion, then the “normalized” random errors (i.e. ratio of errors) will
be non-normally distributed. Furthermore, this simple approach
presupposes a high degree of correlation between the stability and
control samples at each timepoint. While this should be typically
expected (and is the ideal outcome), it is possible that the stability
and control samples may exhibit poor correlation (e.g. due to poor
precision when spiking fresh control samples at each timepoint or
possible matrix effects arising from storage at temperatures below

—130°C). In such cases, simple normalization will be detrimen-
tal, causing inflated variability and resulting in poorer precision
of stability estimates.

A more flexible approach to incorporate data from concurrent
control samples is to jointly model the stability sample and con-
trol sample data in a bivariate mixed model. The bivariate mixed
model regression approach consists of jointly regressing the calcu-
lated stability sample and control sample analyte concentrations
on storage time via the following model:

Yij =Bo+ Pixi+ Vi + & 3)
zik = Po + &i + ik

where y;; is the calculated analyte concentration for the jth stability
sample replicate at the ith timepoint, z;; is the calculated analyte
concentration for the kth control sample replicate at the ith time-
point, x; is the ith timepoint, y; is the random error associated with
the ith timepoint for the stability samples, §; is the random error
associated with the ith timepoint for the control samples, &;; is the
random error for y;;, and & is the random error for z;;.

The within-run random errors &; and &, are assumed to be inde-
pendently and normally distributed with means zero and variances
o2, and oZ,, respectively. These variances, 02, and o2, corre-
spond to the within-run variability of the stability and control
samples, respectively.

The between-run random errors y; and §; are assumed to follow
a bivariate normal distribution with means zero and covariance
matrix X' given by:

= ( 0§1 ,00312032>
POB10B2 Oy

The variances aél and ogz correspond to the between-run
variability of the stability and control samples, respectively. The
correlation parameter p corresponds to the correlation of the
between-run random errors for the stability and controls samples
analyzed at a given timepoint (i.e. against a common calibration
curve).

Note that the model could also be simplified by reasonably
assuming the within-run and between-run variances to be iden-
tical for both the stability and control samples (i.e. 02, = 02, =
o2 and o}, =0}, =03).

As with the simple linear and nested error approaches, a 90%
two-sided confidence interval for the mean analyte concentration
at any fixed timepoint x is constructed from the fitted regression
model: = Bo+P1x. The analyte is considered stable at a given time-
point if the 90% two-sided confidence interval lies entirely within
the pre-specified acceptance limits.

4. Results

The performances of the simple linear, nested errors, and
bivariate mixed model regression approaches were evaluated via
simulation techniques. For all simulations performed, the following
conditions were assumed:

(1) sampling timepoints at 0, 3, 6,9, 12, 18, and 24 months;

(2) true within-run and between-run variances, 02 and o3, yield-
ing a true total variance (0'-12-0-1- = oé + ag) equivalent to a 10%
total coefficient of variation (%CV);

(3) normally distributed within-run and between-run random

errors.

All simulations were performed using SAS software (version
9.1), and all regression models fit with the MIXED procedure.
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4.1. Simple linear regression approach

A standard experimental design with six stability sample repli-
cates at each timepoint was assumed. Analyte concentrations were
assumed to degrade linearly over time, with a true loss of 15% at
the 24-month timepoint.

Let the proportion of total variability (O’%OT) due to between-run
variability (a%) be denoted by A. For various values of A (ranging
from 0.0 to 0.99), 2500 datasets were simulated. The simple linear
regression model shown in Eq. (1) was fit to each simulated dataset
and the 90% two-sided confidence interval for the mean analyte
concentration at the 24-month timepoint was formed. The type I
error of the simple linear regression approach was then estimated
as the proportion of confidence intervals (out of 2500 simulated
datasets) which were entirely contained within £15% acceptance
limits. Note that the type I error can be viewed as the probability of
falsely concluding stability (i.e. the true loss is at the bioanalytically
relevant limit of 15%, but the 90% two-sided confidence interval lies
entirely within the acceptance limits).

Fig. 1 gives the type I error rate of the simple linear regression
approach as a function of A = 63 /(02 + o).

The results in Fig. 1 clearly indicate the inadequacy of the sim-
ple linear regression approach. Recall that the probability of falsely
concluding stability should be controlled at 5% for a true loss of 15%
when using statistical equivalence tests as described earlier. How-
ever, the type I error rate of the simple linear regression approach
increases dramatically with A, and is nearly 30% when A is close to
1.0. This is because the simple linear regression model ignores the
correlated nature of the data. Note that when A =0, the between-run
variability is zero and the analyte concentrations are uncorrelated.
In this scenario, the simple linear regression approach is appropri-
ate and the type I error rate is maintained at 5% (as shown in Fig. 1).
For typical long-term stability studies, A is likely to be quite large
(say, A >0.50). Thus, the simple linear regression approach is a poor
choice for application in long-term stability analyses.

4.2. Nested errors regression approach

The type I error of the nested errors regression approach was
estimated using the same simulated data described above. The
nested errors regression model shown in Eq. (2) was fit to each
simulated dataset and the 90% two-sided confidence interval for
the mean analyte concentration at the 24-month timepoint was

1.01
o —— True Loss =0.0%
= True Loss = 2.5%
veseeenes True Loss = 5.0%
§ 06
[§)
o
0.4
0.2 1
0.0 1 r ' T ' |
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Fig. 2. Power to conclude stability versus A = dé/(dé + (fé) for nested errors regres-
sion approach, for various true loss.

formed. The type I error of the nested errors regression approach
was then estimated as the proportion of confidence intervals (out
of 2500 simulated datasets) which were entirely contained within
+15% acceptance limits.

Fig. 1 gives the type I error rate of the nested errors regression
approach as a function of A = 63 /(032 + 0).

The results in Fig. 1 indicate that the nested errors regression
approach controls the risk of falsely concluding stability, regardless
of the value of A. Unlike the simple linear regression approach, the
nested errors approach appropriately accounts for both between-
run and within-run random errors and thus maintains control of
the type I error rate.

The nested errors regression approach clearly controls the risk
of falsely concluding stability. It is also of interest to assess the
power of the nested errors regression approach to correctly con-
clude stability (i.e. the probability of concluding stability for a truly
stable analyte). As before, a standard experimental design with six
stability sample replicates at each timepoint was assumed.

Analyte concentrations were assumed to degrade linearly over
time, with a true loss of 0%, 2.5%, or 5% at the 24-month timepoint.
Various values of A, ranging from 0.0 to 0.99, were considered. For
each combination of true loss and A, 2500 datasets were simu-
lated. The nested errors regression model was fit to each simulated
dataset and the 90% two-sided confidence interval for the mean
analyte concentration at the 24-month timepoint formed. The
power of the nested errors regression approach was then estimated
as the proportion of confidence intervals (out of 2500 simulated
datasets) which were entirely contained within +15% acceptance
limits.

Fig. 2 gives the power of the nested errors regression approach
to conclude stability versus A = o2 /(02 + 02), for true losses of 0,
2.5, and 5%.

The results in Fig. 2 show that the power of the nested errors
regression approach to correctly conclude stability decreases dra-
matically with increasing A. Even for analytes with no true loss,
the power to conclude stability is poor for A >0.20. The power of
the nested errors regression approach could be improved by utiliz-
ing a larger sample size (i.e. more timepoints and/or replicates per
timepoint). However, the sample size considered in the simulation
is reasonably large (six replicates at each of seven timepoints) and
much larger sample sizes may be prohibitive in practice. The power
will also increase as the true total #CV decreases. Recall the true
total %CV is 10% for the simulated data (this is likely quite typical for
long-term stability data). Yet regardless of the sample size or true
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total %CV, the power of the nested errors regression approach will
decrease as the relative magnitude of the between-run variability
increases (i.e. as A increases).

It should also be noted that the power of the nested errors
regression approach may be improved by a modification to the stan-
dard experimental design defined previously: at each timepoint,
the stability sample replicates are analyzed over multiple analytical
runs rather than in a single run. Performing multiple independent
runs at each timepoint increases the precision of the stability esti-
mates and thus increases the power to correctly conclude stability.
Note that this assumes complete independence of the analytical
runs at each timepoint, which may be unrealistic in practice. Fail-
ure to meet this assumption (e.g. due to variability induced by assay
drift over time, etc.) would mitigate any increases in power.

4.3. Bivariate mixed model regression approach

A concurrent control experimental design with six stability
replicates and six control sample replicates (at timepoints subse-
quent to 0 month) at each timepoint was assumed. For simplicity,
the stability and control samples were assumed to have identi-
cal true within-run variance (02, = 02, = 02) and identical true
between-run variance (67, = 03, = 03). Analyte concentrations for
the stability samples were assumed to degrade linearly over time,
with a true loss of 15% at the 24-month timepoint. Analyte con-
centrations for the control samples were assumed to have no true
degradation over time.

As before, let the proportion of total variability (0’-12-0-1-) due to
between-run variability (ag) be denoted by A. Let p be the correla-
tion of the between-run random errors for the stability and control
samples. Values of A ranging from 0.0 to 0.99 and p values of O,
0.25, 0.50, 0.75, 0.90, and 0.95 were considered. For each combina-
tion of A and p, 2500 datasets were simulated. The bivariate mixed
model shown in Eq. (3) was fit to each simulated dataset and the
90% two-sided confidence interval for the mean stability sample
analyte concentration at the 24-month timepoint formed. The type
I error of the bivariate mixed model regression approach was then
estimated as the proportion of confidence intervals (out of 2500
simulated datasets) which were entirely contained within +15%
acceptance limits.

Fig. 3 shows the type I error rate for the bivariate mixed model
regression approach as a function of A, for various correlation
parameter p.

Fig. 3 indicates that the bivariate mixed model regression
approach generally controls the risk of falsely concluding stability.
For large values of A (i.e. large between-run variability) and small
values of p (i.e. poor correlation of stability and control samples),
the type I error rate is slightly inflated above the nominal 5%. How-
ever, the type I error rate is never more than approximately 8%.
For more typical scenarios (p>0.50), the type I error rate is at (or
below) the nominal 5% level.

As with the nested errors regression approach, the bivariate
mixed model regression approach controls the risk of falsely con-
cluding stability. Now it is of interest to assess the power of the
bivariate mixed model regression approach to correctly conclude
stability.

As above, a concurrent control experimental design with six sta-
bility sample replicates and six control sample replicates at each
timepoint was assumed. The true loss for both stability and con-
trol samples was assumed to be 0%. Various values of A and p
were considered as previously. For each combination of A and p,
2500 datasets were simulated and the power of the bivariate mixed
model regression approach estimated as described previously. For
comparative purposes, the nested errors regression model was
also fit to each simulated dataset (ignoring data from the control
samples) and the power of the nested errors regression approach
estimated as well.

Fig. 4 shows the power of the bivariate mixed model and nested
errors regression approaches to conclude stability versus A, for var-
ious correlation p.

Fig. 4 illustrates the increase in the power to correctly conclude
stability which can be obtained with the concurrent control design.
Note that when the correlation p is small, the power of the nested
errors and bivariate mixed model regression approaches is roughly
equal. In these cases, the correlation between the stability and con-
trol samples is poor, and the control samples do not reduce the
impact of between-run random variability. However, as the correla-
tion p increases, the power of the bivariate mixed model regression
approach increases accordingly. For values of p > 0.50, the increase
in power is substantial, as the control samples reduce the impact of
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between-run variability and increase the precision of the stability
estimates.

5. Example

The nested errors and bivariate mixed model regression
approaches are illustrated by application to data from an actual
long-term stability experiment utilizing a concurrent control
experimental design.

A plasma pool was spiked at 200 ng/mL of analyte and six sam-
ples were analyzed immediately following pool preparation. The
remaining plasma pool was divided into two subsets (stability sam-
ples and control samples). Stability samples were stored at —20°C
and control samples at less than —130 °C. Six stability sample repli-
cates and six control sample replicates were then thawed and
analyzed against a freshly prepared calibration curve after 1, 3, 6,
9, 12, 18, and 24 months of storage. The raw concentration data are
given in Table 1 (note that four observations were missing due to
analytical issues and are indicated by ‘-’ in the table).

Both the nested errors and bivariate mixed model regression
approaches were applied to the data. The nested errors model
was fit using only calculated concentrations from stability samples,
while the bivariate mixed model was fit using calculated concen-

Table 1
Calculated concentrations (ng/mL)

trations from both stability and control samples. Fig. 5 shows the
fitted nested errors regression model with two-sided 90% confi-
dence interval for the mean analyte concentration. Fig. 6 shows the
fitted bivariate mixed model with two-sided 90% confidence inter-
val for the mean analyte concentration. Note that +15% acceptance
limits correspond to (170, 230) ng/mL.

Fig. 5 indicates substantial between-run variability in the cal-
culated concentrations of the stability samples. This variability
is reflected in the width of the two-sided 90% confidence inter-
val about the fitted regression line. The estimated proportion
of variability due to between-run variability based on the fitted
nested errors regression model is A = 0.85, with an estimated
total %CV of 9.8%. At the 24-month timepoint, the two-sided 90%
confidence interval for the mean analyte concentration is (162,
216) ng/mL, which falls slightly outside the acceptance limits of
(170, 230) ng/mL. Thus, with the nested errors regression approach,
we cannot conclude the analyte is stable at 24 months.

Fig. 6 shows good correlation between the stability and con-
trol samples. The estimated correlation of the stability sample and
control sample between-run random errors based on the fitted
bivariate mixed model is p = 0.93. This strong correlation dramati-
cally reduces the impact of the between-run random variability on
the precision of the stability estimates and is reflected in the nar-

Month Fresh samples
Rep1l Rep2 Rep3 Rep4 Rep5 Rep6
0 192 204 196 204 208 202
Month Stability samples (—20°C) Control samples (<—130°C)
Rep1l Rep2 Rep3 Rep4 Rep5 Rep6 Rep1l Rep2 Rep3 Rep4 Rep5 Rep6
1 220 223 214 219 209 217 221 219 222 219 210 215
3 188 185 192 187 185 194 190 200 194 196 194 191
6 167 147 141 180 - - 172 176 177 174 175 172
9 188 200 183 183 189 196 198 193 191 194 195 196
12 179 180 173 197 183 182 189 182 179 176 176 -
18 183 179 188 192 188 193 198 197 195 195 194 201
24 210 200 199 201 203 207 199 201 198 193 199 -
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Fig. 5. Fitted nested errors regression model with two-sided 90% confidence inter-
val. Calculated concentrations for stability samples given by open circles. Acceptance
limits shown at (170, 230) ng/mL.
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Fig. 6. Fitted bivariate mixed model with two-sided 90% confidence interval. Cal-
culated concentrations for stability samples given by open circles and for control
samples by closed circles. Acceptance limits shown at (170, 230) ng/mL.

row confidence bounds about the fitted regression line. Note that at
the 24-month timepoint, the two-sided 90% confidence interval for
the mean analyte concentration is (178, 208) ng/mL. This interval
lies entirely within the acceptance limits (170, 230) ng/mL and we
can conclude the analyte is stable at 24 months.

6. Conclusions

Current regulatory guidance provides no specific recommenda-
tions for the design and analysis of long-term stability experiments,
and acceptance criteria based on commonly used ad-hocrules (such
as “4-6-15" rule) do not control the risks of incorrect stability
decisions. There is a clear need for statistically sound experimen-
tal design and data analysis procedures which control the risk of
falsely concluding stability (for truly unstable analytes) and provide
reasonable power to correctly conclude stability (for truly stable
analytes).

Various linear regression techniques for the analysis of long-
term stability data were proposed and evaluated. Simple linear
regression, commonly used for the determination of drug product
shelf-life, is a poor choice for assessing long-term analyte stability

in biological matrices. Simple linear regression does not account
for between-run sources of variability inherent in long-term sta-
bility data and thus fails to control the risk of falsely concluding
stability.

Both a nested errors and bivariate mixed model regression
approach properly account for between-run and within-run ran-
dom variability, and control the risk of falsely concluding stability.
The nested errors approach can suffer from poor power to cor-
rectly conclude stability when the between-run variability is large.
However, analyzing stability samples over multiple independent
analytical runs (rather than in a single run) at each timepoint may
improve the power of the nested errors regression approach. The
bivariate mixed model approach incorporates data from control
samples analyzed concurrently with stability samples at each time-
point. When the stability and control samples exhibit a high degree
of correlation, the bivariate mixed model approach yields stabil-
ity estimates with increased precision and thus greater power to
correctly conclude stability. Both the nested errors and bivariate
mixed model regression approaches can be implemented by sta-
tistical software packages, such as SAS. Representative SAS code is
provided in the Appendix A.

It should be noted that both the nested errors and bivariate
mixed model regression approaches offer improved performance
(relative to common ad-hoc rules or the simple linear regres-
sion approach) for little added cost or resource expenditure. The
nested errors regression approach simply utilizes data that is typ-
ically generated during a standard long-term stability experiment,
but provides an appropriate data analysis model which controls
the risk of falsely concluding stability. The bivariate mixed model
approach can offer a substantial increase in the power to cor-
rectly conclude stability, though it requires the use of a concurrent
control experimental design. However, this approach could be
implemented with freshly prepared QC samples that are typically
included in each run for in-process monitoring. Even if samples
stored at less than —130°C are utilized as concurrent controls, the
cost of analyzing these additional samples in each run is likely
minimal.

The use of linear regression techniques requires the assump-
tion of zero-order stability kinetics during long-term storage, which
may be violated (e.g. enzymatic degradation). The assumption of
linearity should be verified by examination of the fitted regression
model (e.g. graphical inspection of residuals, etc.). If the rela-
tionship between the analyte concentrations and storage time is
clearly nonlinear (or cannot be linearized by appropriate data trans-
formation), then nonlinear regression techniques may be more
appropriate. This may be a topic for further investigation.

Appendix A
A.1. SAS code for nested errors regression model

A useful data format for fitting the nested errors regression
model using the SAS MIXED procedure is given in the dataset
nested (excerpt of raw data shown). The variables conc and Time
refer to the observed concentrations and timepoints, respectively.
The variable Time_Random is a duplicate of the Time variable, to

model the nested structure of the random errors.
DATA nested;

INPUT Time Time_Random Conc;
CARDS;
0 0 204

54 .24. 207
Sample MIXED code to fit the nested errors regression model is
given by:
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PROC MIXED data=nested;

CLASS Time_Random;

MODEL Conc=Time / ddf=6;

RANDOM Time-Random;

ESTIMATE ‘Mean Conc @ Time=24' Int 1 Time 24/ cl alpha=0.10;

Note that the degrees of freedom should be directly specified
in the MODEL statement, as the MIXED procedure may otherwise
overestimate the degrees of freedom. The proper degrees of free-
dom will generally be equal to the total number of timepoints
(or independent analytical runs) minus 2. The MIXED code above
assumes an experiment with 8 timepoints, as in the real example
givenin the text (i.e. timepointsat0, 1,3,6,9, 12, 18, and 24 months).

A.2. SAS code for bivariate mixed model

A useful data format for fitting the bivariate mixed model
using the SAS MIXED procedure is given in the dataset bivari-
ate (excerpt of raw data shown). The variables conc, Time,
Time_Random are as described before. The variable sample_Type
identifies the stability and control samples, and the variable Indi -
cate is an indicator variable which takes the value 1 for stability

samples and O for control samples.

DATA bivariate;

INPUT Time Time_Random Sample_Type$ Indicate Conc;
CARDS;

0 0 Stability 1 204

24 24 Stability 1 207
1 1 Control 0 221

24 24 Control 0 199

Sample MIXED code to fit the bivariate mixed model is given by:
PROC MIXED data=bivariate;
CLASS Time_Random Sample_Type;
MODEL Conc=Indicate*Time / ddf=6;
RANDOM Sample_Type / subject=Time_Random type=FA0 (2) ;
REPEATED Time_Random / group=Sample_Type;
ESTIMATE ‘Mean Conc @ Time=24' Int 1 Indicate*Time 24/ cl alpha=0.10;
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