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Abstract

To ensure the safety of plasma-derived medicinal products, the Dutch Blood Sup-
ply Foundation (Sanquin) performs virus validation experiments. Data from these
experiments are based on serial dilution assays. Regression analysis on assay data
faces several problems: only a small number of data points is available, data con-
tains censoring and is subject to sampling error. Furthermore, the process variability
inherent to the experiments is not evident. In this paper we address these prob-
lems by introducing a regression model for serial dilution data and by analysing
how validation experiments and simulation techniques can elucidate various sources
of variability the experiments are subject to. These are then incorporated into the
regression model.
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1 Introduction

Despite a profound process of selection and screening of donors and the testing of donor
blood, plasma-derived medicinal products still have a residual risk of infection. In the past,
use of medicinal products derived from human blood or plasma has led to the transmission
of viruses, including viruses causing hepatitis A, B and C and AIDS. Presently, products
derived from large plasma pools are submitted to several manufacturing processes, which
include steps that inactivate or remove viruses. An example of such a process is pasteuri-
zation: heating plasma at 60o C during a particular period of time effectively inactivates
any virus particles present.

At the Dutch Blood Supply Foundation (Sanquin) the virus reduction capacity of pro-
cessing steps is evaluated by controlled scaled-down processes in an experimental laboratory
setting. In these experiments the starting material is deliberately “spiked” with a known
virus that has characteristics comparable to that of a “human” virus of interest. The
virus reduction capacity of the reduction process is evaluated by comparing the outcomes
of serial dilution assays, one assay obtained before the reduction process and one there-
after. In such an assay an original solution containing the virus is divided into samples
that are increasingly diluted. The diluted samples eventually contain such a small amount
of the original solution that the last samples will not contain (infectious) virus particles
anymore. To evaluate infectiousness, the diluted samples are added to little wells that
contain susceptible cell lines. After some time (typically one or two weeks) the condi-
tion of the cells is inspected. If the cells show infection by the virus, this is scored as
a positive response. A typical outcome of an assay with 12 dilution steps (with dilution
factors 1/3i, i = 5, 6, . . . , 16), performed in 8-fold, is shown in Table 1. The bottom row

Table 1: An example of the read out of a serial dilution assay.

Dilution steps

Replicate 5 6 7 8 9 10 11 12 13 14 15 16

1 + + + + + − − − − − − −
2 + + + − − − − − − − − −
3 + + + + + + − − − − − −
4 + + + + − − − − − − − −
5 + + + + + − − − − − − −
6 + + + + + + + + − − − −
7 + + + + − − − − − − − −
8 + + + + + + − − − − − −

Total + 8 8 8 7 5 3 1 1 0 0 0 0

is known as the dose-response curve and represents the total number of positive responses
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in the read out for each dilution step. These are used to estimate the virus amount
in the original solution. A method for this commonly used in biological assays, is the
method of Spearman-Kärber (SK) (see, e.g., Church and Cobb (1973), Miller (1973),
Hoekstra (1991), Paul-Ehrlich-Institut (1993), and Nanthakumar and Govin-
darajulu (1999)). This method estimates the median Tissue Culture Infectious Dose
(TCID50), which is the sample volume that gives a response in 50% of the cell cultures.
The virus reduction capacity of the reduction process is then measured by the log reduction
factor (LRF) defined as the difference of the 10 log(TCID50) estimates determined before
and after the reduction process.

During a reduction process different process variables can influence the final inactivation
or removal of viruses. A widely used reduction process is pasteurization. Three variables
were identified that may play a role in the effectiveness of this process: temperature, pH
value and saccharose level. These three variables have their standard settings, but the na-
ture of the processes causes fluctuations in these variables. To provide information relating
the sensitivity of a process to these fluctuations in the process conditions, and consequently
allow assessing its reliability during normal usage, one may conduct a robustness study.
This is required by regulation (CPMP (1996)). The main question in such a study is: how
sensitive is the virus reduction capacity to variations in process conditions? Since starting
material and process equipment are very expensive, usually a fractional factorial design is
used. An example of such a design used at Sanquin to analyze the pasteurization method
is given in Table 2, which displays the LRF’s and their standard errors (both calculated
by the SK method) determined after 30 and 120 minutes of pasteurization for six settings
of the three process variables. Two additional center point measurements (run 5 and 6)
are added to the 23−1 design. We will refer to this example as experiment 1152. The LRF

Table 2: Experiment 1152, an example of a 23−1 design.

Process variables

Temperature pH Saccharose
Run (oC) (−) (%)

1 58.5 6.6 62
2 58.5 7.4 58
3 62.5 6.6 58
4 62.5 7.4 62
5 60.5 7.0 60
6 60.5 7.0 60

Time points

30 min 120 min
(LRF ± SE) (LRF±SE)

2.7± 0.2 3.4± 0.2
3.0± 0.2 4.0± 0.2
3.6± 0.2 ≥ 5.1± 0.2
3.3± 0.2 ≥ 4.9± 0.2
3.1± 0.2 4.0± 0.2
3.2± 0.2 4.0± 0.2

values determined after 120 minutes of pasteurization with settings 3 and 4 correspond
to data for which the information about the TCID50 is censored. Censoring can occur
in different ways. For instance, when the read out for each dilution step (all columns in
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Table 1) contains more than four positive responses. In such a case the TCID50 is only
known to lie beyond the last dilution.

Standard procedures used on data such as in Table 2 do not seem to be sufficient for
determining whether a process variable significantly effects the virus reduction process.
Apart from difficulties caused by the censored data, the current fractional factorial designs
provide a rather small number of data points for a regression analysis, especially since the
LRF estimates are recorded with considerable standard errors (SE) compared to the effect
sizes. It is not clear how to deal with these SE’s which should represent the sampling
(estimation) errors. Moreover, the nature of virus experiments also raises questions about
the reliability of the experiments under normal settings. Tests on variability of the technical
equipment and of the virus stocks are standard in the laboratory. However, their outcomes
have never been looked at in the light of robustness studies.

In this paper we will address these problems: scarce, censored data subject to sampling
error and process variability. Instead of imposing the general bioassay model inherent to
the method of Spearman-Kärber, we use the most probable number (MPN) model (see,
e.g., Cochran (1950)). The MPN model appears to be more suitable for modeling the
specific assay at hand, i.e., a serial dilution assay. The MPN method uses the complete
information in the dose-response curve and it allows assays with censored, possibly non-
monotone data. We here will extend the MPN model to incorporate the possible influence
of the process variables. Significance of factors is tested with this extended MPN model
and the results are compared with the ones that emerge from a more traditional regression
analysis (which analyses the SK-outcomes using a standard linear model). Additionally,
the sources of variability in the experimental outcomes will be examined thoroughly. To
this end, a new validation experiment has been set up and performed in the laboratory.
As the extended MPN model did not explain all the observed variability, an attempt is
made to explain the additional variability by other possible factors such as the technical
errors introduced during the sampling and diluting of the volumes. We will show that the
extended MPN model allows assessing the robustness of a virus reducing step while taking
the different sources of variability into account.

In Section 2 we explain the model and report on the significance of factors. The
validation experiment is described in Section 3, as well as how to assign the variability
observed among the LRF values.

2 The MPN model with covariates

We denote the volume of the solution we want to know the amount of virus of as V and
refer to the dilution level with the indicator i = 1, 2, . . . , k, where k denotes the total
number of dilution levels. At each dilution level i, a volume vi of the original solution V is
tested in ni replicates. For i = 1, 2, . . . , k and j = 1, 2, . . . , ni, we define

wij =

{
1 if the jth well at the ith dilution level is positive (shows virus),

0 otherwise.
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Hence, the number of positive wells at the ith dilution is di =
∑ni

j=1 wij and the outcome
from a dilution assay is represented by the vector d = (d1, . . . , dk), called the dose-response
curve. Typically, one chooses equidistant log-volumes. Denote pi as the probability that a
particular well at the ith dilution is not infected and write `i = 10 log vi as the corresponding
log-volume. In biological assays one usually assumes that 1−pi = F (`i) for some unknown
nonincreasing function F , known as the tolerance distribution, and a standard problem is
to estimate the mean or median of F . The method of Spearman-Kärber is a nonparametric
estimate of the mean of F (see Miller (1973), Church and Cobb (1973)), traditionally
used to estimate the TCID50. Note that it is therefore actually used to estimate the median
of F . However, the SK estimate could be of use if F is (point)symmetric, in which case
mean and median coincide. The quality of the SK estimator depends on whether the log-
volumes densely span the range of F , i.e., a large number of dilution steps with F (`1) ≈ 0
and F (`k) ≈ 1. Apart from the fact that there is no specific reason to assume F to be
symmetric, assays in which either p̂1 = d1/n differs a lot from one or p̂k = dk/n differs a
lot from zero, will yield a censored estimate. Other criticism on the SK method can be
found in Myers, Mcquay and Hollinger (1994) and Kundi (1999).

Alternatively, we use the MPN model (see Cochran (1950)) to estimate the infectivity
of the solutions. It does not impose a symmetric relation between pi and `i (in fact it
yields the asymmetric relation (1) below) and it does not put restrictions on the di’s. The
MPN model assumes that infectious virus particles are randomly distributed throughout
the solution and that each sample from the liquid, when added to the cells, is certain to
exhibit growth whenever the sample contains one or more infectious particles. Then, if
the original solution of V ml contains N such particles and at the ith dilution we put vi

ml into a well, the probability that a single particle ends up in the sample is vi/V . Since
there is assumed to be no kind of attraction or repulsion between the viruses, this holds for
any virus particle, irrespective of the positions of the others. Consequently, the probability
that none of the virus particles is in the sample is given by

(
1− vi

V

)N

=
(
1− mvi

N

)N

≈ e−mvi ,

where m = N/V denotes the mean number of infectious virus particles per unit volume
and we take into account that the number of virus particles is large. This leads to the
following model for the probability that a single sample at the ith dilution level is not
infected:

pi = e−mvi . (1)

Hence, the probability that di out of ni samples are positive is given by the binomial
probability (

ni

di

)
e−mvi(ni−di)(1− e−mvi)di . (2)

Assuming the outcomes at each dilution to be independent, the likelihood of the outcome
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d = (d1, . . . , dk) is given by

L(m) =
k∏

i=1

(
ni

di

)
e−mvi(ni−di)(1− e−mvi)di . (3)

The value m̂ that maximizes (3) is the maximum likelihood estimator for m and is called
the most probable number. Note that it estimates an actual number of infectious virus
particles instead of a dose. An estimate for the TCID50 could in this model be found from
solving (1) with m = m̂ and putting pi equal to 0.5. This showes that the 10 log(TCID50)
and 10 log m differ a constant factor in this model. We will refer to 10 log m as the “titer”,
a term commonly used in virology to express an amount of virus.

In a robustness study one does not perform a serial dilution assay for a single solution,
but for several ones. Each one obtained under a certain setting the process conditions,
which we will refer to as the p covariates, x1, x2, . . . , xp. Suppose we have R dose response
curves dr = (dr1, . . . , drk), for r = 1, 2, . . . , R, obtained from the samples belonging to R
separate serial dilution assays. Because we are only interested in determining main effects,
we model the titers as depending linearly on the covariates:

10 log mr = β0 + xr1β1 + · · ·+ xrpβp = x′rβ, (4)

where xr = (1, xr1, . . . , xrp) and β = (β0, β1, . . . , βp). The total likelihood of the outcomes
of a robustness study with R serial dilution assays then becomes:

L(β) =
R∏

r=1

k∏
i=1

(
ni

dri

)
exp

(
−10x′rβvi(ni − dri)

)(
1− exp

(
−10x′rβvi

))dri

. (5)

Note that this likelihood corresponds to serial dilution assays where the number of dilution
steps, the number of replicates and tested volumes are the same in each assay. Obviously
one could vary these settings, which would lead to a similar likelihood. Maximizing (5) for
β produces estimates for the effect sizes of the process parameters. Results are given in
Table 3. As an example, the estimated effect on the test titers after 30 minutes moving from
a temperature low (58.5 oC) to center (60.5 oC) setting or from center to high (62.5 oC))
setting is -0.29 (more virus reduction at a higher temperature). Also, results from tests on
the significance of the regression coefficients and on overall model significance can be found
in this table. These are derived from likelihood ratio tests based on (5). We have reported
asymptotic p-values on the basis of the chi-square approximation for the likelihood ratio
test statistic as well as simulated p-values computed from 10 000 simulated dose-response
curves. These were generated from binomial distributions with failure probabilities pi given
by (1), using the fitted coefficients β̂ from (4).

We will compare these results to a more traditional approach. Following the standard
regression analysis performed at Sanquin, one would use the method of Spearman-Kärber
to estimate the TCID50 of the spiked material before the reduction step and of the test
samples after the step, calculate the log reduction factors and fit a linear regression model
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Table 3: Effect sizes and asymptotic and simulated p-values in the new model.

30 minutes 120 minutes

Source effect chi-square simulated effect chi-square simulated

Overall 2.5× 10−5 < 0.0001 0 < 0.0001
Temperature -0.29 3.4× 10−6 < 0.0001 -0.80 0 < 0.0001
pH 0.00 0.9704 0.9678 0.00 0.8589 0.8589
Saccharose 0.10 0.1198 0.1154 0.27 2.78× 10−6 < 0.0001

Table 4: p-values in the traditional analysis.

30 minutes 120 minutes

Source effect F/t-test effect F/t-test

Overall 0.0164 0.1591
Temperature 0.30 0.0069 0.90 0.0667
pH 0.00 1.0000 -0.10 0.7227
Saccharose -0.15 0.0267 -0.40 0.2441

to these LRF’s. Next, tests on the significance of regression coefficients may be performed
by standard F - and t-tests. At the second time point SK will not provide suitable LRF’s
for this because of the censoring. In order to mirror the new model, the traditional analysis
has been done using the reduction factors calculated as the difference of the titers estimated
by the MPN method before and after the reduction steps. Results are given in Table 4.
Note that the apparent change in the sign of the effects is caused by the fact that not the
end materials, but the reduction factors (start material - end materials) are regressed now.

Comparing Tables 3 and 4 shows that the extended MPN model in most cases gives
lower p-values. The two models don’t agree on the significance of saccharose on both time
points. Let’s take a closer look at this. At the first time point, the LRF approximately
lowers 0.3 moving from a saccharose low to a high setting, in both settings of the temper-
ature (a clearly significant factor). At the second time point, the LRF lowers by 1.0 and
0.6 in these two cases (again using MPN estimates). Apparently the standard analysis can
point out a significant linear effect of saccharose at the first time point, while it cannot at
the second. The extended MPN method judges conversely: the effect of saccharose at the
first time point is too small compared to the sample variation; at the second time point it
is appointed a significant effect.
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3 Variability of pasteurization

In the previous section, we introduced a new regression model that tested whether co-
variates (process parameters) significantly influenced the virus reduction of pasteurization,
assuming that all the variability in this pasteurization step was explained by our model.
This means that the only reason we do not find the exact same virus reduction factors
when we pasteurize twice, would be because of the randomness in the sampling of the dilu-
tion assays that were used; the actual achieved reduction factor is modelled to be equal for
both pasteurization steps. This seems unrealistic: one would expect an inherent variability
because of the biological nature of the virus reducing process, and there might be other
sources of variability as well.

To get a grip on this variability, a de novo pasteurization experiment was set up and
carried out in the laboratory. With this experiment we want to assess how results vary if
pasteurization runs are performed under exactly the same process settings. Figure 3 shows
a schematic depiction of the design of this experiment. In the experiment six pasteurization

Figure 1: Design of the experiment.
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runs are performed. In each run the amount of virus is determined at three time points:
spiked material after 30, 60 and 120 seconds of pasteurization. In each of these 18 cases
a dilution assay is performed by examining three culture plates consisting of 96 (=8x12)
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wells. This yields a total of 54 dose-response curves.

Modeling sources of variability

From the 54 assay outcomes we want to quantify possible sources of variability in the
reduction process. This is necessary for the interpretation of the robustness studies, since
we don’t want to let the regression be misled by noise. But first, let us repeat and expand
the notation. Again the dilution level is referred to with the indicator i = 1, . . . , k, where
k denotes the total number of dilution levels. In our experiment each assay consists of 12
dilutions, so k = 12. The runs are denoted by r = 1, . . . , R, with R the total number of
runs. In this experiment R = 6. The virus amount is determined at certain time points
t ∈ T , in this case T = {30, 60, 120}. The repetition of the assay in this experiment
is denoted by j = 1, 2, 3. Just as before, the number of wells tested at dilution level i
is ni = 8 and the volume of the original solution tested at level i is vi. Since different
dilutions are made to anticipate on the decrease of virus amount in time, the vi may differ
at the different time points. The actual data points are the dj

ri(t)’s, which give the number
of wells that are scored positive in run r, at time t, at repetition j and at dilution level i.
Finally we model the mean number of infectious particles per volume mr(t) as a function
of time.

Now analogous to the previous section the likelihood of dj
ri(t) can be expressed as:

L(mr(t)) =

(
ni

dj
ri(t)

)
(1− e−mr(t)vi)dj

ri(t)e−mr(t)vi(ni−dj
ri(t)). (6)

If all dj
ri(t) are assumed to be independent, the total likelihood can be expressed as:

∏
r,t,j,i

(
ni

dj
ri(t)

)
(1− e−mr(t)vi)dj

ri(t)e−mr(t)vi(ni−dj
ri(t)) (7)

and the log-likelihood (omitting the constant term) as:

∑
r,t,j,i

dj
ri(t) ln(emr(t)vi − 1)− nivimr(t). (8)

We can estimate the titers 10 log(mr(t)) by maximizing the (log)likelihood function. When
we do this separately for each time point at each run, we obtain Table 5.

Furthermore, we use a likelihood ratio test based on (8) to test the hypothesis that
virus reduction behaved the same in each run, i.e., m1(t) = . . . = m6(t), for all t ∈ T . It
turns out that this hypothesis is resoundingly rejected (p-value from simulations smaller
than 10−5). Apparently, other significant sources of variability exist.

Technical error

The first source of variability we could quantify was the error made when diluting the
material and when titrating the material into the well (we will call this a technical error).
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Table 5: Titers of the 18 test samples estimated independently.

Run 1 2 3 4 5 6

t = 30 3.92 4.01 4.26 3.62 3.82 3.99
t = 60 2.84 2.59 3.08 2.86 2.92 2.89
t = 120 1.19 1.32 1.01 1.51 1.69 1.65

Ideally, the volume of the original material tested at dilution level i is given by

vi = v0f
−(i+c0),

where v0 is the total volume titrated into a well (typically 50 µl), f is the dilution factor
(typically 3), and c0 + i represents the times the well at dilution level i is diluted (an assay
does not have to start with sample v0/3). When we take dilution errors into account, we
could model the test volume in well l, l = 1, . . . , ni at dilution level i as

vil = (v0 + τil)

i+c0∏
s=1

(f + εs)
−1.

Here we dropped some of the indices, but of course we take an independent realization
of τil each time a titration into a well is made, and we take an independent realization
of εs each time a dilution is made (when a dilution from level i − 1 to level i is made,
each corresponding well is titrated using the same dilution). In collaboration with the
laboratory technicians we were able to derive direct estimates of the distributions of τil

and εs, based on the specifications of the instruments that are used. We got (in ml)

τil ∼ N(0, (0.0015)2) and εs ∼ N(0, (0.2)2).

The probability that well l at dilution level i is positive, will now be modeled by

P(positive) = 1− e−mr(t)(v0+τil)
∏i+c0

s=1 (f+εs)−1

. (9)

The likelihood could be changed accordingly, but this is not a practical approach, since it
becomes intractable. Simulation, however, is still very well possible. To test the hypothesis
that m1(t) = . . . = m6(t) for all t ∈ T , we use the original likelihood ratio test statistic
(based on (8)), but find the p-value of this test by simulating according the model using
the technical error, specified by (9). This approach still leads to p-values smaller than
10−5, suggesting that even though we incorporated the volume errors, the model does still
not explain all variability.

Another way to look at the variability is by determining the Root Mean Squared Error
(RMSE) of 10 log(m̂(t)), the estimator for the titer 10 log(m(t)), using simulation in the
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different models, and then comparing that to the empirical RMSE of the six estimated
titers resulting from the six runs. Due to the large variations at the third time point t3
(caused by the small number of present virus particles by that time), this approach is only
useful for the first two timepoints t1 and t2. As shown in Table 6, the RMSE of the titer

Table 6: Root mean squared error of estimated titer.

time sample sample + technical empirical

t1 0.073 0.093 0.196
t2 0.072 0.084 0.144

only slightly increases when we take the technical error into account; the empirical RMSE
seems substantially bigger. We wish to point out that the estimate of the titer in each
run is based on three assays. In practise, usually only one assay is used, in which case
the RMSE would be

√
3 times as big. Furthermore, one might expect that the RMSE of

the model without technical error might depend on the actual value of m(t), but it turns
out that this is not the case. The reason is that with a higher concentration of viruses,
the sample is diluted more often, so that mvi lies around log(2) (which would make the
probability of a positive well equal to 1/2), and it is this product mvi that determines the
Fisher information of 10 log(m(t)) (see Kundi (1999), Russek and Colwell (1983)).

Another obvious technical error could be the exactness of the timepoints. The labora-
tory technicians estimate that the standard error in taking out the sample at the correct
time is about 1 s. However, we do not have a reasonable model to describe m(t) as a
function of t. An exponential decay might seem a natural choice, but all our tests rejected
this model, while only looking at three time points. Therefore, we cannot predict how an
error in time would propagate into the RMSE of m(t).

Biological error

Since we were not able to quantify (model) any other sources of variability, we will model
the inherent variability of the pasteurization in the following way: after pasteurization, the
actual titer is given by a mean titer 10 log(m(t)) plus a random effect κ(t). We will refer
to κ(t) as the biological error. This means that the probability that well l at dilution level
i is positive, will now be modeled by (compare with (9))

P(positive) = 1− exp
(
−vil · 10

10 log(mr(t))+κr(t)
)

. (10)

Here, κr(t) ∼ N(0, σ2
bio). We can use Table 6 to get a rough estimate of σ2

bio, since the
mean squared error of the estimator 10 log m̂(t) is given by the sum of the RMSE2 found
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in the table and σ2
bio. Then we can use the empirical RMSE to get the estimate

t1 : σ̂2
bio = 0.1962 − 0.0932 ⇒ σ̂bio = 0.173

t2 : σ̂2
bio = 0.1442 − 0.0842 ⇒ σ̂bio = 0.117

If we insist on having the same relative deviation of the virus reduction at the two different
time points, we would get as a first indication

σ̂bio = 0.15.

A way to check this value is to see if the model specified by (10) does explain the observed
variability in the six runs. To this end, we performed the same likelihood ratio test, again
determining the p-value by simulation, using different values for σbio (Table 7). Judging
from the p-values in this table, it seems that 0.15 is not an unreasonable value for σbio.

Table 7: p-values on repeatability, including volume errors and a range of biological errors.

σbio p-value

0.08 0.0060
0.11 0.0640
0.15 0.3387
0.17 0.5106

The robustness study revisited

We have introduced a new regression model for the robustness experiment 1152, but, so
far, we have tested hypotheses on the process parameters without taking the technical and
biological errors into account. The results from our new pasteurization experiment show
that these two errors are significant in determining the accuracy of estimated titers, so we
will repeat the significance tests on the process parameters.

In experiment 1152, the same equipment is used in diluting the material and titrating
it into the microculture plates as in the pasteurization experiment used to test the repeata-
bility. We therefore include the same volume error estimates as before in the simulations
of this experiment. This means that for each run, the dilution steps (dilution factor of 3)
are simulated with a random error term εd, with εd ∼ N(0, (0.2)2). The titrated volumes
(0.05 ml) are simulated with an error term τil, with τil ∼ N(0, (0.0015)2).

Extrapolating the biological factor we found before is a bit more delicate. Because the
example of experiment 1152 is also a pasteurization experiment using the same virus that
was used in the variability experiment (PSR), we could argue that the same biological error
is applicable. However, differences in the time period of pasteurization and in the starting
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material do exist. If one wants to make a sound estimate of the biological error inherent to
a certain reduction process, one should perform a validation study similar to the foregoing
of the process at hand. Although this may take some effort, assessing the repeatability
of the process is indispensable for doing a sound regression on process parameters, for it
prevents one from regressing on noise. With the above reservations in mind, we add a
biological error κ ∼ N(0, σ2

bio), with σbio = 0.15. Obviously, adding the error terms does
not change our parameter estimates, but it does curb our tests for significance as can be
seen in Table 8.

Table 8: p-values with volume error and biological error added to the simulations.

30 minutes 120 minutes

Source simulated simulated

Overall 0.0327 < 0.0001
Temperature 0.0052 < 0.0001
pH 0.9831 0.8982
Saccharose 0.3337 0.0035

Comparing this table to Table 3 shows that the regression model still makes the same
choices in which parameters it points out as significant at a 0.05 significance level, but the
p-values seem a bit more moderate now.

4 Conclusions

In the analysis of virus validation robustness studies one is faced with a limited number of
data points, which contain censoring and are subject to sampling error and process vari-
ability. None of these problems could be addressed properly within a standard regression
model. By extending a parametric method used for estimating the amount of virus from a
dose-response curve, the problems with censored data and sampling errors were overcome.
This new model does not use intermediate estimates. Using all observations instead of
intermediate results provided stronger p-values to the relevant covariates.

A new experiment testing the process variability showed that non-negligible biological
variation is inherent to the processes. Volume errors, whose impact was unknown so far,
have only minor effect on the process outcomes. After quantifying the error terms, the new
regression model can be fit incorporating these errors. In this way, the significance of certain
factors can be established despite the inherent variability of the process at hand. Given
the advantages of the new model this is proposed for future analyses of virus validation
robustness studies.
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