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Three different global QSAR models, human plasma protein binding, aqueous solubility and log D7.4,
were updated on a monthly basis over a period of three years. The effect of updating the models on
their predictivity was studied using a series of monthly temporal test sets in addition to a final terminal
temporal test set. Partial least squares (PLS), Random Forests (RF) and Bayesian Neural Networks
(BNN) models are examined, covering three distinctly different approaches to QSAR modelling. It is
demonstrated that the models are able to predict forward in time, but that updating models on a regular
basis increases their ability to make predictions for current compounds. The degree of the improvement
depends on the property studied and the model building technique used. These results demonstrate the
importance of updating models on a regular basis. For both static models predicting forward in time,
and regularly updating models it is shown that RF models are the most predictive.
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1. Introduction

The current 92% failure rate of candidate drugs in clinical development, risks the long term future of the
drug discovery business model [1]. The design of a covalent arrangement of 26 or so atoms that can
safely interact with a single biological molecular target to yield a medically beneficial effect, within the
10-100 trillion differentiated cells that comprise the human body, must rank as one of mankind’s
greatest technical challenges, but we are beginning to learn some simple guidelines that may increase
our chances of success. For instance, simple physicochemical properties, such as lipophilicity, charge
type and hydrogen bond distribution are strongly associated with causes of attrition, such as solubility,
poor permeability and absorption, inappropriate drug distribution, extent of protein binding, high or
unwanted metabolism and chances of off-target pharmacology. Effective selection of compounds with
favourable absorption, distribution, metabolism, elimination and toxicology (ADMET) properties
reduces late stage attrition [2], therefore the measurement of these properties and prediction using
empirical quantitative structure-activity (QSAR) models is recognised as crucial in the drug discovery
process.

In the quest to improve ADMET QSAR models, focus has been on the statistical techniques applied, the
suitability of the physicochemical descriptors employed and the quality of the training set data.
Statistical and machine learning methods such as partial least-squares [3], recursive partitioning [4],
neural networks [5] and support vector machines [6] have all been applied to the QSAR problem.
Descriptor sets such as atom pairs [7], connectivity indices [8] and BCUT descriptors [9] have also been
tested. In addition, the quality of the experimental data is very important [10]. Experimental
measurements used to train a model need to be consistent and reproducible — ideally originating from
the same assay. Models based on literature data tend to be less successful for making predictions on in-
house compounds than where in-house training data itself is used [11]. The importance of using the
most up-to-date data, or updating models to reflect more recent experimental measurements, has
received less attention. This could be due to the difficulties encountered in obtaining accurate and
reliable data, particularly in the public domain.

Effective QSAR models are reliant on the data that is used to train them [12], where there is little
similarity between the training set compounds and the query compound confidence in predictions will
be low. The concept of a distance to model [13] can be used to define the domain of applicability [14]
of a model, the region of chemical space represented by the training set where predictions can be made
without an extrapolation. As query compounds move away from the property space representing the
training compounds, the errors in their predictions are expected to increase. In an attempt to generate
QSAR models having the widest domain of applicability, datasets often contain as much data as can be
collected, covering as many different chemical series as can be found, in the hope they will show better
predictivity with forthcoming chemistries. These so-called generic “global” ADMET models need
regular updating to ensure the model space is applicable to new areas of developing chemistry [15].
Expanding the range of chemistry, or the range of the property being modelled, tends to improve model
quality [16]. In drug discovery companies, new experimental data is generated every day, yet QSAR
models are rarely regularly updated to reflect this new data. Thus the predictions made are based on
compounds, and therefore chemical space, that can be months or years out-of-date and likely to be quite
different to the current compounds for which we wish to make predictions.

Interest is growing in the automation of QSAR model building [17,18]. Such automated systems will
facilitate the regular updating of existing models so that they more closely reflect current chemistry. An
alternative is to receive a prediction from a dynamic model generated ‘on the fly” as a compound query
is made [19,20], these methods are known as local lazy learning. A local model is generated using only
those compounds similar enough to the query compound, hence this approach is limited by the number
of similar neighbours a given query will have. Since the process of collecting experimental



measurements from assays has become more high-throughput and automated, greater automation of the
data analysis stage is the next logical step.

In order to determine the benefits of automatically updating models on a regular basis, a series of
simulations have been conducted to assess model performance over time. A previous study has
examined the effects of updating a human plasma protein binding PLS model over a period of 21
months [21]. Here we extend the previous analysis by modelling three properties using three different
model-building techniques over a longer time period.

2. Experimental Methods

The properties selected to model in this QSAR analysis are human plasma protein binding, aqueous
solubility measured at pH7.4 and n-octanol-water distribution measured at pH7.4 (logD7.4). These are
three commonly measured and predicted physical properties within the pharmaceutical industry.

The degree of plasma protein binding is important in drug discovery, as only free drug is able interact
with both on and off-target proteins [22]. Drugs will reversibly bind with plasma proteins, principally
serum albumin. While some compounds may have higher affinities for other proteins in plasma, the
high concentration of albumin in plasma makes this the dominant protein modulating the free
concentration. The amount of available free drug modulates whole blood potency, extent of
distribution, metabolism and elimination among other factors. The extent of protein binding needs to be
balanced with the intrinsic potency and metabolic stability of the compound to provide a suitable
pharmacokinetic profile at an acceptable dose and dose frequency to drive drug efficacy.

Low aqueous solubility can limit the extent of absorption, and can directly lead to toxicity if the
compound precipitates in the kidneys. Poorly soluble compounds may lead to variable absorption
which can be a risk factor for drugs with low therapeutic margin. This study is concerned with
modelling the aqueous solubility of compounds at pH 7.4 (therefore not intrinsic solubility).

The logarithm of the distribution coefficient in octanol/water at pH 7.4 (log D7.4) is used to describe the
lipophilicity of compounds. The property log D7.4 takes into account the ionisation state of the
molecule, important because many drugs will be ionised at physiological pH. In order to cross
membranes by passive diffusion (the most common route), drugs need to display sufficient lipophilicity
to be able to penetrate the membrane. Excessive lipophilicity can lead to low solubility, high protein
binding [23], and drug disposition in tissues and cells, increasing the risk of an unwanted toxicological
consequence. High lipophilicity also correlates with high metabolism, and an increasing likelihood of
unwanted off-target pharmacology. Lipophilicity is important in dictating drug-receptor interactions
and the pharmacokinetic profile of a drug in addition to toxicological properties.

The three statistical techniques employed for this analysis are partial least-squares (PLS), random forest
(RF) and Bayesian neural networks (BNN). These cover three distinctly different approaches to QSAR
modelling. PLS is a linear statistical method that defines the y variable in terms of linear combinations
of the variability in the x-block. Random forest [24] is a decision tree method, and therefore non-linear
in nature; it is currently gaining popularity in the field of QSAR [25]. An ensemble of trees is created
and no pruning employed, the prediction is then obtained as the average from all trees. BNNs [26] also
model non-linear relationships, they differ from classic neural networks in that a distribution of weights
rather than individual weights are employed when attempting to fit the data. Due to the presence of an
ensemble of networks, BNNs are thought to be less likely to result in overfitting, a common problem
with the neural network approach.



The PLS and RF models were built with the R [27] statistical environment. The PLS package version
2.0.0 and the RF package version 4.5-18 were employed. For each PLS model a 7-fold cross-validation
approach was followed, a new component was added each iteration if the r> was improved by at least
0.02 and the g* was improved from n-1 components. For RF the number of trees was set to 250 and the
tuning function used to identify a suitable number for mtry, starting at a value of 64 (total number of
descriptors/3). The BNN models were built using code written by Neal [28] and developed in-house to
include an automated routine for variable selection [11].

An in-house descriptor set [11] was used to characterise the compounds for the QSAR models, these can
be grouped into 3 classes: topological (2D), geometrical (3D) and electronic (charge-dependent)
descriptors. They briefly include molecular weight, CLOGP, atom and ring counts, hydrogen bond
donor and acceptor counts, solvent accessible surface area of donor/acceptor/polar atoms and
distribution of charges and areas of positive or negative electrostatic potential. The main focus for these
descriptors is the molecular surface since it is considered that molecules interact through their surfaces.

A time period of three years was studied. For each property (human plasma protein binding, solubility
and log D7.4) an initial training set was generated using measurements made before the period of study.
Measurements were then collected on a monthly basis for a period of 35 months, hence resulting in 36
different training sets (training set 1 = all measurements prior to study, training set 2 = training set 1 +
month 1 measurements etc) and 35 test sets (test set 1 = month 1 compounds, test set 2 = month 2
compounds etc). Finally, a terminal temporal test set was formed by collecting all data measured for the
3 months following the 35 month period of study.

The first analysis examines the performance of static models over time. A model was built for each
property using the initial training set and PLS, RF and BNN (a total of 9 models). The 35 monthly sets
formed a series of temporal test sets, for which predictions were made from each of the models. By
calculating the model’s ability to predict each test set, the performance of the model over time can be
examined.

The second analysis focuses on regularly updating models and how well they are able to predict a
terminal temporal test set. After the initial models were built for each property, subsequent models were
automatically generated each month using PLS and RF by adding the monthly data set from the
following month to the training set. This resulted in a total of 36 PLS and 36 RF models for each
property. Due to the extended length of time required to reach convergence, BNN models were not
built each month — instead a model was built using data representing each year of this study. Thus, in
addition to the initial model described above, 3 further BNN models were built for each property. The
first model was built using all monthly data up to month 12, the next one using all data up to month 24
and a final model using all data up to month 35. Each model was used to make predictions for the final
terminal temporal test set.

The experimental measurements used to train the models originate from many different sites. However,
internal cross-comparison studies have shown that the assays used at the different sites produce data
within each other’s experimental error and hence are not significantly different (average r* = 0.75). In
prediction no bias was seen between data originating from the different sites.

Validation using an external test set is key for estimating the true predictive power of a QSAR model
[29]. Test set selection methods often identify test sets that mirror the compounds represented in the
training set. These test set compounds are likely to have near neighbours in the training set thus
providing only a weak assessment of model predictivity. The test sets used in this study are all temporal
to the models, collected from experimental measurements made subsequent to the training set
compounds. This more closely resembles how the models will be used in practice (to predict “future’



compounds) and hence provides a more robust assessment of the predictive ability of the models. The
root mean square error in prediction (RMSE) reflects deviations of the predicted from the observed
value, it is calculated as follows:

> (5 9)°
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where n is the total number of compounds; y; is the predicted dependent value and y; is the observed
dependent value. The RMSE of each test set provides an overview of the predictivity of the model used
at that time point (the month over which the test data was measured).

The distance to model is calculated by determining the distance in descriptor space of a query
compound to all training set compounds. The average of the 3 closest training set compounds is used as
an indication of the distance to model [30]. The distance metric used here is the Mahalanobis distance
(MDij)I
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between the query, i, and training set compounds j, where (i — X;) is the column vector of the descriptor
value differences between the query x; and library x; compounds; (x; — x,-)T is the transposed vector of (x;
- Xj); and S7 is the inverse covariance matrix of the descriptors x;j of the library compounds. This
distance measure is based on all of the descriptors that are included in the global model, the average
distance to the 3 nearest neighbours in the training set is normalised for the number of descriptors:

DISTANCETO MODEL = \/EaVB(MDi i) (3)
d ’

where d is the number of descriptors used in the model.

3. Results

3.1. Fixed Model
The predictive ability of the 3 initial models for human plasma protein binding on the individual
monthly test sets is shown in Figure 1. All models are able to effectively predict compounds measured
up to 3 years in the future from when the model was built, the RMSE in prediction is always lower than
the standard deviation of the test set. The standard deviation varies each month with the number and
type of compounds that are present. For the majority of months, RF provides the best predictions,
however the RMSEs are often not largely dissimilar to those from the PLS and BNN models.

The predictivity of the individual monthly test sets by the initial human plasma protein binding model
can also be presented in a cumulative fashion (Figure 2). Here, the first point on the x-axis represents
the first test set (month 1); the second point represents both the first and second test sets (months 1 and
2) and so on to the final point which includes all monthly test sets.

Both the RF and BNN lose predictivity over time when all test sets are considered together. However,
the PLS predictivity is more stable, the initial and final RMSEs are 0.62. The initial RF model predicts
the first test set with an RMSE of 0.53 and the final cumulative test set with an RMSE of 0.57. The
BNN model has the greatest reduction in performance over time with an RMSE for the first test set of
0.56 and for the final cumulative test set of 0.64. Initially the BNN model is more predictive than the



PLS model, at approximately month 17 this situation is reversed as the BNN model deteriorates and the
PLS model maintains its predictivity.

The RMSEs resulting from the predictions for the individual monthly test sets by the initial solubility
model are plotted in Figure 3. The models are predictive of the individual test sets across the time-
series. However, there is an anomaly in the data at test set 2 where the standard deviation suddenly
increases relative to all of the other data sets. The PLS, BNN and RF models have poor predictivity for
this data set. At this point in time (month 2), 2470 compounds were added to the in-house database in
just one month (the monthly average number of compounds measured for this dataset is 274). It is
likely that a large number of new compounds were added to the database at once, perhaps due to the
updating of a specific assay. The initial models are unable to effectively predict this large number of
new compounds.

The addition of such a large number of compounds in a single month distorts the shape of the
cumulative test set RMSEs plot (Figure 4), the RF models are specifically affected. The RMSE
increases sharply with the inclusion of so many extra compounds in the test set. As subsequent test sets,
which are all better predicted than the test set from month 2 (evident from Figure 3), are added to the
cumulative set a slow reduction in the RMSE results as the post-month 2 compounds account for a
greater majority of the cumulative test set.

If the first two test sets (months 1 and 2) from the time-series are excluded from the plot (Figure 5), the
pattern of predictivity more closely resembles the initial plasma protein binding model. The PLS model
is very stable, but also actually improves over the time-series in terms of its predictivity of the
cumulative solubility test sets. The RMSE for prediction of the first test set (month 3) is 0.83 and for
the final cumulative test set 0.80. The RF model also improves in predictivity initially, before returning
to an RMSE equal to that at the start of the time-series (RMSE = 0.75). As before, the BNN model
becomes less predictive over time with an increase in RMSE from 0.78 to 0.82. The BNN model is less
predictive than the PLS model after 23 months. In general, the solubility models produce greater errors
in prediction than the human plasma protein binding models.

The predictivity of the initial log D model on the individual monthly test sets is plotted in Figure 6. The
initial models are all predictive across the time series, the RMSEs each month are significantly lower
than the standard deviation of the test sets. The RF model appears to offer the greatest predictivity
overall having the lowest RMSE for the majority of months.

Figure 7 presents the predictivity of the initial log D7.4 models where the monthly test sets are
considered cumulatively. There is an increase in the RMSEs from the beginning to the end of the time-
series with all three initial QSAR models. The addition of the first year’s measurements has the greatest
effect on the RMSE, after this time it remains relatively stable. The addition of a month’s worth of
compounds will have a greater effect on the RMSE in the earlier stages as it accounts for a greater
overall proportion of the cumulative data set. The PLS model is the least predictive for these test
compounds, and RF the most predictive. Initially, the BNN models are similar in predictivity to the RF
models, but the predictive ability reduces over the time series such that the BNN models RMSE
converges towards the RMSE of the PLS model.

3.2. Updating Model
Having observed the effect of time on the prediction accuracy of the static models, the second analysis
involved testing the ability of a series of updated models to predict a terminal temporal test set. The
predictivity of the PLS, RF and BNN models over the time-series for human plasma protein binding is
shown in Figure 8.



There is a clear reduction in the RMSE across the time-series from the initial model (model = 0) to the
final model (model = 35) with PLS, RF and BNN. The initial, 3 year-old, RF model predicts the
terminal temporal test set with an RMSE of 0.64, this reduces to 0.56 across the time-series. The PLS
model RMSE reduces from 0.67 at the beginning of the time-series to 0.61 with the final model. Only 4
BNN models were built to represent the time-series and show its long-term effect, the initial BNN
model predicts the terminal temporal test set with an RMSE of 0.68 and the final model 0.59. The RF
models consistently provide the most effective predictions for the terminal temporal test set across the
three years studied. Initially, the PLS model is more predictive than the BNN model, but as the models
are updated to reflect more recent measurements the BNN model is the most predictive. This occurs
approximately 1 year before the end of the study.

The predictivity of the time-series models for solubility is shown in Figure 9.

The initial RMSE for the RF model on the terminal temporal test set is 0.88, this reduces to 0.81 with
the final RF model. The predictivity of the PLS model remains stable across the time-series with the
RMSE at 0.89 for the three years. The BNN model varies more in predictivity across the time-series
with an initial RMSE for the temporal test set of 0.91, in line with the other two models. However, the
predictivity of the model deteriorates over time with an increase in RMSE to 0.98 in month 13. This
then reduces to a value of 0.89 at the end of the time-series, slightly lower than the PLS model.

The BNN approach used in this study begins by selecting a subset of descriptors from the full set of 193
using Automatic Relevance Determination (ARD) [27]. ARD is able to identify the importance of
descriptors and hence can be used to remove the descriptors of little importance. This is achieved by
building a neural network with weights associated to each of the input units (descriptors), as the neural
network is trained the irrelevant descriptors gain smaller weights and the important descriptors have
higher weights. Analysis of the weight associated with each descriptor allows for the removal of those
descriptors with small weights.

This process takes place before each model is built (since the training data is different for each model),
hence different descriptors are selected each time — even where it is the same property being modelled.
The large number of compounds added in month 2 may have skewed the ARD to selecting descriptors
relevant to these compounds (and less so to the temporal test) and caused this reduction in predictivity.
Over time, as more compounds are added this effect is diluted allowing the next model to be more
predictive.

The predictivity of the time-series models for log D7.4 is given in Figure 10.

The initial RF model predicts the log D7.4 terminal temporal test set with an RMSE of 0.67, this
reduces to 0.57 with the final model. The PLS models, as with solubility, are more stable with an
RMSE from the initial model of 0.69 and the final model 0.68. The BNN models initially produce
significantly poorer predictions for the temporal test set than the other two methods (initial RMSE =
0.76), but improve over the time-series with an RMSE for the final model of 0.65.

The training set volume increases dramatically across the time-series for each property considered,
doubling in size on average. However, the range of measurements does not change with a shift of only
0.01 or 0.02 log units in the y-values. The measurement space is getting denser with the addition of new
compounds to the training set, as is the descriptor space. This increase in information, specifically
information (descriptors and measurements) that more closely resemble the compounds we want to
predict is improving the predictive ability of the resulting models.



4. Discussion

4.1. Fixed Model
When the compounds collected on a monthly basis are considered separately, there appears to be no
relationship between the RMSE in prediction and time since model build. It might be expected that the
most recent test sets (i.e. months 32-35) would have greater RMSEs in relation to their standard
deviation than the earlier test sets (months 1-4) since the most recently measured compounds are likely
to share less similarity with the training set compounds than the older test compounds. The distance to
model, calculated as the average Mahalanobis distances of each test compound to its three nearest
neighbours in the training set, confirms this reduction in similarity (Table 1). For each property studied,
the most recently measured test set (month 35) has a greater distance to model than the earliest test set
(month 1). The inter-individual variations in size and spread between the test sets may be too great to
show a greater error in prediction over the time-series.

Model Month 1 Test Month 35 Test
Human plasma protein binding 2.35 2.95
Solubility 2.02 3.02
Lipophilicity log D7.4 2.46 3.33

Table 1 Average Mahalanobis distance of test compounds to 3 nearest training set compounds from initial model

Where the monthly test sets are considered in a cumulative fashion, there is a small increase in the
RMSE over time since model build. This effect is only small, as would be expected since the
cumulative test set also includes the earlier compounds (from just one month since model build).
However, as the number and proportion of most recent compounds in the test set increases, the RMSE
also increases. This reduction in model performance over time has also been demonstrated elsewhere
with a human ether-a-go-go (hRERG) QSAR model [31]. The RMSE in prediction of a series of
temporal test sets (collected over a 15 month period after the model was built) reduced as the time since
model build increased.

4.2. Updating Model
The results from the second analysis indicate that, in terms of predicting a future external test set, in
general models improve when updated to include more recently measured compounds in the training
set. This is in agreement with a preliminary study [21] where the updating of a human plasma protein
binding PLS model was tested. These results suggest that some methods are more sensitive to this
effect than others. The PLS models tend to be improved less by updating than RF and BNN models,
they are more stable across the time-series. This work demonstrates that BNN models are the most
sensitive to the lag in time between model build and making predictions. The BNN models exhibited
the greatest increase in RMSE with the fixed models and updating test sets. In addition, for the updating
models, for the final few months of study there was a greater improvement in model predictivity for the
BNN models than the PLS or RF models.

One reason that models produce a large prediction error is the discrepancy between the areas of
chemical space represented by the training and test sets [32]. By updating the training set on a regular
basis, the domain of applicability is being extended to minimise the distance between the training and
test sets. The average distance to model, calculated as the average Mahalanobis distance of the terminal
temporal test compounds to the three nearest neighbours in the initial and final training sets, is
summarised for each property in Table 2.

Initial model | Final model

Human plasma protein binding 2.99 2.13




Solubility 3.18 2.09

Lipophilicity log D7.4 3.35 2.43

Table 2 Average Mahalanobis distance of terminal temporal test compounds to 3 nearest training set compounds in
initial and final models

In each case, the average distance of the terminal temporal test set compounds to the training sets
reduces from the initial to the final model. Not only are there more compounds present in the final
training set, but they are more likely to be chemically similar to the terminal temporal test set as they
have been measured over a closer time period. This suggests that the reason for the improvement in
RMSE across the time-series is a reduction in the distance to model. Compounds measured over the
same time period are more likely to share structural similarity and hence the most recently measured
compounds are the most valuable in building models to predict future compounds.

4.3. Consensus Predictions

Consensus predictions, obtained by combining the predictions from multiple models, have been found
to improve the overall predictivity of models [33]. It is thought that the different modelling techniques
will compliment each other and collectively provide the best prediction. Generally, consensus models
are likely to be effective because a poor prediction for an individual compound from one model can be
compensated for by reasonable predictions from the other models. Hence the consensus value provides
an improvement over the poor model, and may not be largely different from the models with reasonable
predictions. Consensus models guard against overfitting, but assume that where models agree, they are
more likely to be right.

Consensus predictions are only possible in the presence of more than one model. Where models take a
long time to build, and also to make predictions from, the benefits provided by the consensus
predictions may be significant enough to take account of these other costs.

Consensus predictions were obtained for the initial models created for each property (PLS, RF and BNN
models using measurements from before the study period) for the compounds in each of the monthly
test sets. The consensus prediction is simply the mean of the predictions from the other models. The
predictivity of the consensus model for the human plasma protein binding test sets (using the initial
models) are shown in Figure 11. The consensus prediction does not provide any real benefit over the
best individual model (which in the majority of cases is RF) for the series of test sets considered.

The consensus predictions from the fixed solubility and lipophilicity logD7.4 models for each of the
monthly test sets were also calculated (Figures 12 and 13 respectively).

For solubility the RMSE of the consensus predictions is very similar to that of the best model (RF). For
approximately half of the test sets the consensus RMSE is lower than RF and for the other half it is
greater. However, the difference between the two in most cases is very small.

For lipophilicity logD7.4, for the majority of test sets the consensus RMSE is approximately equivalent
to that from the RF model. However, there are a number of months for which the consensus model
appears to provide reasonable improvement over the predictivity of the RF model. For example, for the
test sets from months 19 to 23 (excluding month 20 where the PLS model is equivalent to the consensus
model in predictivity), there is an average improvement in RMSE of 0.05 log units.

Consensus predictions for the terminal temporal test set compounds using the final human plasma
protein binding models from the series were also obtained. The RMSE in prediction was 0.55, only
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slightly lower than the best individual model (RF, RMSE = 0.56). There was no difference between the
RMSEs for the final solubility consensus model and RF models predicting the terminal temporal test set
(RMSE = 0.81). For lipophilicty logD7.4, predicting the terminal temporal test set, the RMSE for the
final consensus model is 0.59 (RF, model = 0.58). Hence, as with the monthly test sets, there appears to
be little gain in selecting the consensus prediction over the best individual model. This is in agreement
with findings from another study [34], where four different data sets were considered and no consistent
significant improvement in model predictivity in the consensus model was found. Consensus modelling
may provide a good option where there is little confidence in individual methods — the consensus model
may be seen as the ‘safe’ option.

From this large study of three diverse datasets it has been demonstrated that, across the time-series, the
RF models produce the best predictions. The general success of the RF approach to QSAR model
building mirrors findings published elsewhere [35,36] where many different modelling techniques were
tested, including RF, PLS, support vector machines, neural networks and k-nearest neighbours on a
series of androgenic, nonandrogenic and solubility assay data. These studies were limited to relatively
small random test sets, this study demonstrates that RF is able to effectively predict future compounds.

Random forest is able to model non-linear relationships, which may explain why the random forest
models described here are more predictive than the PLS models. Non-linear methods are often prone to
over-fitting, this is minimised with random forest since an ensemble of trees (a forest) is built. The
prediction returned from the model is an average from all of the trees thus spreading the risk of a poor
(over-fit) decision tree.

Preprocessing of the data, such as descriptor selection is not required when building random forest
models. The random forest method effectively manages the large number of correlated descriptors that
have been used here as it simply ignores irrelevant descriptors (they are not selected as nodes in the
trees). PLS models are also resistant to irrelevant descriptors, but BNN models benefit from a
descriptor selection step, which introduces bias into the models and also removes information from the
training set.

At each node in a random forest tree a random subset of the descriptors (1/3) is considered for splitting
the data, this prevents domination of the trees by a small number of descriptors and ensures that the
trees all differ from each other. This allows a greater range of descriptors to contribute to the model and
may be a real strength of the random forest approach.

The findings from this study, and other studies mentioned above, provide convincing justification for
the frequent updating of QSAR models and thus motivation for the development of automatic methods
of QSAR model generation. Interest is growing in the area of ‘autoQSAR’, for example a whole
architecture for the automated construction and testing of QSAR models has been presented [37]. and
hence it is important that the benefits of such systems are demonstrated. Results so far suggest that a
process for the automatic regular updating of QSAR models would improve model predictivity.

This study has focussed on the performance of updating global models over time. A future study will
analyse the effects on local models, it is expected that the difference in performance over time may be
more significant than that demonstrated here as the addition of compounds to the training set will make
up a greater proportion of the total training set size.

5. Conclusion

We have examined the updating of three global models (human plasma protein binding, aqueous
solubility and log D7.4) using three different statistical techniques over a three-year period. In each
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case, the global models were able to make predictions for future compounds; however, updating the
global model by updating the training set to represent more recently measured compounds improved
model predictivity. This indicates the need for regular updating of models and demonstrates the
possible benefits from the automatic updating of QSAR models. Of the three statistical model building
approaches examined, RF consistently produced the most predictive models.
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Figure 1 Human plasma protein binding: Initial model’s predictions of individual monthly test sets
Figure 2 Human plasma protein binding: Initial model predictivity of cumulative monthly test sets
Figure 3 Solubility: Initial models prediction of individual monthly test sets

Figure 4 Solubility: Initial model predictivity of cumulative monthly test sets

Figure 5 Solubility: Initial model predictivity of cumulative monthly test sets (with June and July 2004 test sets
removed)

Figure 6 Lipophilicity log D7.4: Initial model predictivity of individual monthly test sets
Figure 7 Lipophilicity log D7.4: Initial model predictivity of cumulative monthly test sets

Figure 8 Human plasma protein binding: Time-series model predictions of terminal temporal test set (standard
deviation = 0.89)

Figure 9 Solubility: Time-series model predictions of terminal temporal test set (standard deviation = 1.14)

Figure 10 Lipophilicity log D7.4: Time-series models predictions of terminal temporal test set (standard deviation =
1.12)

Figure 11 Human plasma protein binding: Consensus compared with individual model predictions of monthly test
sets

Figure 12 Solubility: Consensus compared with individual model predictions of monthly test sets

Figure 13 Lipophilicity logD7.4: Consensus compared with individual model predictions of monthly test sets
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