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RESEARCH ARTICLE

Comparison between lab variability and in silico prediction errors for the
unbound fraction of drugs in human plasma

Urban Fagerholma , Ola Spjutha,b and Sven Hellberga

aProsilico AB, Huddinge, Sweden; bDepartment of Pharmaceutical Biosciences and Science for Life Laboratory, Uppsala University,
Uppsala, Sweden

ABSTRACT

1. Variability of the unbound fraction in plasma (fu) between labs, methods and conditions is known
to exist. Variability and uncertainty of this parameter influence predictions of the overall pharma-
cokinetics of drug candidates and might jeopardise safety in early clinical trials. Objectives of this
study were to evaluate the variability of human in vitro fu-estimates between labs for a range of
different drugs, and to develop and validate an in silico fu-prediction method and compare the
results to the lab variability.

2. A new in silico method with prediction accuracy (Q2) of 0.69 for log fu was developed. The
median and maximum prediction errors were 1.9- and 92-fold, respectively. Corresponding esti-
mates for lab variability (ratio between max and min fu for each compound) were 2.0- and 185-
fold, respectively. Greater than 10-fold lab variability was found for 14 of 117
selected compounds.

3. Comparisons demonstrate that in silico predictions were about as reliable as lab estimates when
these have been generated during different conditions. Results propose that the new validated in
silico prediction method is valuable not only for predictions at the drug design stage, but also for
reducing uncertainties of fu-estimations and improving safety of drug candidates entering the
clinical phase.
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Introduction

The degree of plasma protein binding and its counterpart,
the unbound fraction in plasma (fu), are important determi-
nants for the pharmacokinetics (PK), exposure profiles,
pharmacodynamics (PD), safety and doses of drugs. Fu is usu-
ally estimated in in vitro experiments, and the higher consist-
ency between such estimates and the in vivo situation, the
better PK, exposures, PD, safety and doses of candidate
drugs in early clinical studies will be predicted. Poorly esti-
mated and uncertain fu-estimates jeopardise safety in early
clinical studies, and could potentially be the main reason for
failure to reach an adequate exposure profile of a new drug
candidate. This is of concern mainly for compounds that
bind strongly to plasma proteins (accurate fu-determination
is a challenge mainly for highly bound compounds), bind to
the equipment used for measurements, have solubility limita-
tions and/or demonstrate concentration-dependencies for
binding in the clinically relevant concentration range.

Petersson et al. (Sohlenius-Sternbeck et al. 2010;
Yamagata et al. 2017) have shown that cherry-picking of
favourable fu-values can have a significant impact for the
correlation between predicted and observed hepatic
clearance (CLH) of drugs. In two separate studies, they used
different fu-estimates for CLH-predictions of 16 compounds

(2.5- and 10-fold average and max differences, respectively),
and the selection for the second study had a dramatic posi-
tive effect on the correlation coefficient and the apparent
predictive power. Thus, the uncertainty of fu-estimates not
only influences the actual predictions, but also introduces a
potential for retrospective selection bias.

Several methods for determination of fu exist, including
equilibrium dialysis, ultrafiltration, ultracentrifugation, turbu-
lent flow chromatography, biosensors, fluorescence spectros-
copy, capillary electrophoresis, high-performance liquid
chromatography using columns containing immobilised
plasma proteins and microdialysis (Cohen 2004). These have
their specific advantages and disadvantages. Ultrafiltration
and equilibrium dialysis are the most commonly used meth-
ods today. Ultrafiltration, which allows automation and rapid
determinations, is highly dependent on the extent of non-
specific binding of compounds to plastics and the ultrafiltra-
tion membrane surface (Kwon 2002; Cohen 2004). The more
time consuming equilibrium dialysis is generally accepted as
a more accurate method, especially for highly bound com-
pounds (Kwon 2002). However, non-specific binding of com-
pounds to dialysis devices and membranes is also a potential
problem with this technique (Kwon 2002). According to Kariv
et al. (2001), it is recommended that the equilibrium dialysis
assay is not used for compounds with a solubility of less
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than 5 mM at 37 �C as the insoluble compound will not be
able to freely cross the membrane. Another limitation with
this technique is the increase of plasma protein concentra-
tion in the plasma sample as plasma water is filtrated
(Zeitlinger et al. 2011).

An alternative to fu-measurements at labs is in silico pre-
dictions. One successful example is that by Zhivkova and
Doytchinova (2012). They created an in silico model where
57% of predictions of fu for a set of acids had an error of
maximally 2-fold and a predictive accuracy (Q2) of 0.74.
Another example is an in silico model developed by
Watanabe et al. (2018) which reached Q2-estimates of 0.67 to
0.72 for different test sets.

The first objective of this study was to evaluate the vari-
ability of human in vitro fu-estimates between labs, methods
and conditions for a range of different drugs. The second
objective was to develop and validate an in silico method for
prediction of fu in human plasma and compare the results to
the variability shown for lab data.

Materials and methods

Collection of in vitro fu-data

The research literature was searched for drugs with fu-esti-
mates obtained in at least two different studies. The aim was
to find at least 100 compounds with low, moderate and high
fu, with particular focus on collecting data for highly bound
compounds. Multiple in vitro fu-data were found for 117
compounds, and the minimum reported fu for these ranged
from 0.00010 to 0.72 (Herv�e et al. 1994; Iwatsubo et al. 1997;
Obach 1999; Goodman Gilman 2001; Kratochwil et al. 2002;
Shibata et al. 2002. Riley et al. 2005; Brown et al. 2007; De
Buck et al. 2007; McGinnity et al. 2007; Abe et al. 2008;
Obach et al. 2008; Hallifax et al. 2010; Sohlenius-Sternbeck
et al. 2010; Uchimura et al. 2010; Poulin et al. 2011; Jones
et al. 2012; Zhivkova and Doytchinova 2012; Schlicht and
Miller 2013; Yamagata et al. 2017).

Determination of lab variability

The ratios between the highest and lowest reported fu-esti-
mates for each compound were used as a measurement of
lab variability. No account was taken for methodologies and
concentrations used. An alternative used to determine lab
variability for each compound was to establish ratios
between maximum and mean values and mean and min-
imum values, and selecting the greatest of these two.

Development of an in silico method for prediction of fu

Based on collected fu-estimates for compounds with a max-
imum molecular weight (MW) of 750 g/mole from the litera-
ture (the lowest of reported values for each compound were
selected; lowest values were chosen as these were also used
for assessing lab variability and create a larger span) and
quantitative structure-activity relationship/partial least
squares (QSAR/PLS) modelling, a regression-like in silico
model for log fu-predictions was developed (SIMCA version
16 2019). The predictive power of the resulting model was
validated by a 10-fold cross validation procedure, which we
normally use in our work, assures that each compound has a
forward-looking prediction, and also appears to be common/
default in this field.

Comparison between lab variability and in silico
prediction errors

Lab variability and in silico prediction errors were compared
both as a whole (selected in vitro data for compounds with
different reported estimates vs. results for all compounds
used for and predicted with the in silico model) and head-to-
head (for compounds with the greatest lab variability and/or
in silico prediction errors). Results are demonstrated as corre-
lations and ratios (between maximum and minimum log fu
for in vitro data, and predicted and observed log fu for in sil-
ico results).
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Figure 1. Minimum reported measured fu vs. log lab variability (max/min-ratio)
for fu of compounds with high degree of plasma protein binding (fu<0.10).
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Figure 2. Maximum reported measured fu vs, log lab variability (max/min-ratio)
for fu of the 117 selected compounds.
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Results

Variability of in vitro fu

Figures 1 and 2 demonstrate the relationships between min-
imum and maximum measured fu vs. log maximum/min-
imum fu-ratios (lab variability) for the selected 117 drugs,
respectively. As can be seen, there is an apparent relation-
ship between the level of fu and lab variability (with greater
lab variability for highly bound compounds). A 185-fold lab
variability was found for the highly lipophilic and highly
bound drug amiodarone (minimum and maximum reported
fu are 0.00020 and 0.037, respectively). Greater than 10-fold
lab variability was found for 14 compounds with fu<0.1, and
5- to 8-fold lab variability was found for a few compounds
with fu 0.2 to 0.7; 19% of the compounds in the selected
dataset had a lab variability exceeding 5-fold. The mean and
median lab variability for this set of compounds was 6.8- and
2.0-fold, respectively.

In silico method for prediction of fu

The final in silico model, based on human fu-data for 599
drugs with a MW up to 750 g/mole (Herv�e et al. 1994;
Iwatsubo et al. 1997; Obach 1999; Goodman Gilman 2001;
Kratochwil et al. 2002; Shibata et al. 2002; Riley et al. 2005;
Brown et al. 2007; De Buck et al. 2007; McGinnity et al. 2007;
Abe et al. 2008; Obach et al. 2008; Hallifax et al. 2010;
Sohlenius-Sternbeck et al. 2010; Uchimura et al. 2010; Poulin
et al. 2011; Jones et al. 2012; Zhivkova and Doytchinova
2012; Schlicht and Miller 2013; Yamagata et al. 2017 (major
source of fu-data; n¼ 553)) and with 7 components/dimen-
sions, has a Q2-value of 0.69 (for log fu; Figure 3). Mean,
median and maximum ratios between predicted and lowest
measured estimates are 3.4-, 1.9- and 92-fold (for amiodar-
one), respectively (Figure 4); 55, 74, 89 and 95% of
ratios between predicted and lowest measured estimates
were <2-, <3-, <5- and <10-fold, respectively.

Lab variability vs. in silico prediction error

The in silico method demonstrated higher correlation for pre-
dicted vs. measured minimum log fu (Q2¼0.69; n¼ 599) than
minimum vs. maximum measured log fu (R2¼0.61; n¼ 117).
Median, mean and maximum ratios for predicted vs. meas-
ured minimum fu (1.9-, 3.4- and 92-fold, respectively) were
also lower than corresponding lab variability (2.0-, 6.8- and
185-fold, respectively) (Figure 5). When assuming that the
mean measured fu for each compound is correct, and min-
imum and maximum estimates demonstrate the lab variabil-
ity, there was mean, median and maximum lab variability of
3.3-, 1.5- and 47-fold, respectively. For 19 highly bound com-
pounds with lab variability and/or prediction error >10-fold,
similar results were shown for lab variability and/or predic-
tion error (Table 1). Depending on how results are compared
(in silico prediction errors vs. max/min-, max/mean or mean/
min-ratios at labs), in silico prediction errors were greater
than lab variability for 7 or 11 of these 19 compounds. The
in silico method does, however, not appear to demonstrate
an advantage vs. lab variability at higher fu (Figures 2 and 4).

Discussion

Results demonstrate that extensive differences between labs
are common, especially for highly protein bound compounds
� 26- to 185-fold lab variability was found for six highly
bound compounds. Such differences are likely to have sig-
nificant impact on predicted PK, PD, exposures and doses
and for the safety in early clinical studies of drug candidates.
A 5800-fold overexposure of systemic exposure has been
demonstrated after the first intravenous dose of a highly
bound anticancer compound, and plasma protein binding
was an important factor (Fuse et al. 1998). It is recom-
mended that such differences, uncertainties and potential
errors are considered when setting the initial dose in first
clinical studies, to avoid overexposures and unwanted
side effects.

It must be taken into account that non-specific binding to
plastics and membranes could have affected fu-measure-
ments, and played a role in significant lab differences and
prediction errors. The 185-fold lab variability and 92-fold
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Figure 3. Predicted (in silico) vs. measured .log fu (n¼ 599).
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Figure 4. Measured fu vs. log prediction error (-fold) of fu for the in silico
method (n¼ 599).
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in silico overprediction that was found for the highly lipo-
philic and highly bound drug amiodarone could possibly be
such an example.

One way to ensure optimal fu-estimation and safe dosing
is to use standardised fu-measurement methods with refer-
ence compound-corrected fu-estimates.

A more extensive analysis and review of the plasma pro-
tein binding field, including comparisons between assays
and experimental set-ups, would have been valuable for
method selection, and for optimising predictions of PK, expo-
sures and doses and in silico prediction methodologies.

The new in silico method, which produces fu-estimates
with an uncertainty similar to the estimated lab variability,
could also be useful for improving predictions and reducing
uncertainties, especially for highly bound compounds. Its
performance (e.g. Q2¼0.69 and 55% within 2-fold prediction

error) was similar to that obtained by others. For example,
Zhivkova and Doytchinova (2012) reached a Q2 of 0.74 and
57% within 2-fold prediction error with a QSAR model for
132 acids (cross-validation; 16 descriptors in model).
However, they removed six outliers from model, of which
four with fu<0.003 did not obey the consensus model. These
include verlukast, bromfenac and telmisartan, which showed
24-, 14- and 1.8-fold prediction errors with our new method,
respectively. The implication of compound removal is that
their results for acids were somewhat exaggerated.
Watanabe et al. (2018) reached Q2-estimates of 0.67 to 0.72
with their in silico prediction approach based on a dataset of
2738 compounds. With their method, there were, however,
significant over- and underprediction trends at lower and
higher fu, respectively. Our method produced similar predic-
tion accuracy as these methods by others based on smaller
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Figure 5. Median and mean (including mean for the 19 compounds with the largest lab variability and/or prediction errors) lab variability vs. in silico predic-
tion errors.

Table 1. Comparison between lab variability and in silico prediction errors for 19 compounds with >10-fold lab variability and/
or prediction errors for fu.

Lab variability In silico Ratio

Compound Max/mina Max/mean or mean/minb Prediction errorc Lab vs. in silicod

Amiodarone 185 47 92 2.0/0.51
Valsartan 59 39 7.7 7.7/5.1
Tamoxifen 50 26 44 1.1/0.59
Diclofenac 50 8.2 22 2.3/0.37
Tenidap 43 22 17 2.5/1.3
Naproxen 26 7.9 7.1 3.7/1.1
Gemfibrozil 18 9.8 7.0 2.6/1.4
Oxaprozin 14 5.6 11 1.3/0.51
Diflunisal 14 5.9 29 0.48/0.20
Amlodipine 14 6.7 1.8 7.8/3.7
Indomethacin 14 4.7 1.9 7.4/2.5
Glyburide 11 5.8 1.5 7.3/3.9
Tenidap 10 3.5 18 0.56/0.19
Calcitrol 4.6 2.8 13 0.35/0.19
Bepridil 3.3 2.1 15 0.22/0.14
Tolcapone 2.4 1.9 17 0.14/0.11
Atovaquone 2.0 1.8 16 0.13/0.11
Bromfenac 1.8 1.4 14 0.13/0.10
Quercetin 1.1 1.1 14 0.08/0.08
Mean 27 11 18 –
Median 14 5.8 14 –
aRatios between maximum and minimum measured reported estimates.
bRatios between maximum and mean or mean and minimum measured reported estimates (highest of the two are shown).
cRatios between predicted and minimum measured reported estimates.
dRatios between lab variability (left estimate¼ vs. max/min; right estimate¼ vs. highest of max/mean or mean/min) and in silico prediction
error.
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and larger datasets, but without trends. Therefore, conclu-
sions drawn from our own results are supported by others.

The significant lab variability (averaging 6.8- or 3.3-fold
depending on estimation method) and moderate correlation
between minimum and maximum reported log fu-values
(R2¼0.61), demonstrated in the present study also set a limit
to how well CLH and renal clearance can be predicted.

Advantages with the new, fully validated in silico method
include high productivity and cost-efficiency, and that suffi-
ciently reliable fu-data (at least as reliable as in vitro-esti-
mates) can be produced before drug synthesis and without
the use of lab work. Since this method produces one fu-esti-
mate for each compound, selection bias for retrospective
cherry-picking of favourable data is also removed.

Conclusions

Significant lab variability was demonstrated, especially for
highly bound compounds. About one-fifth of selected com-
pounds had a lab variability exceeding 5-fold, with a max-
imum of 185-fold. Such differences are likely to have
significant impact on predictions of clinical PK, PD, doses
and exposures and for safety in first-time-in-man studies.
Results suggest that these, in particular for highly bound
compounds, should be considered. The new validated in sil-
ico prediction method, with prediction errors of the same
size as lab variability and accuracy similar to in silico meth-
ods developed by others, is valuable for reducing uncertain-
ties of fu-estimations and improving safety of drug
candidates entering the clinical phase.
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