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Abstract: Cytochromes P450 (CYPs) are crucial targets when predicting the ADME properties (absorption, distribution, 

metabolism, and excretion) of drugs in development. Particularly, CYPs mediated drug-drug interactions are responsible 

for major failures in the drug design process. Accurate and robust screening filters are thus needed to predict interactions 

of potent compounds with CYPs as early as possible in the process. In recent years, more and more 3D structures of vari-

ous CYP isoforms have been solved, opening the gate of accurate structure-based studies of interactions. Nevertheless, the 

ligand-based approach still remains popular. This success can be explained by the growing number of available data and 

the satisfying performances of existing machine learning (ML) methods. The aim of this contribution is to give an over-

view of the recent achievements in ML applications to CYP datasets. Particularly, popular methods such as support vector 

machine, decision trees, artificial neural networks, k-nearest neighbors, and partial least squares will be compared as well 

as the quality of the datasets and the descriptors used. Consensus of different methods will also be discussed. Often reach-

ing 90% of accuracy, the models will be analyzed to highlight the key descriptors permitting the good prediction of CYPs 

binding. 
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INTRODUCTION 

 Cytochromes P450 (CYPs) are a superfamily of enzymes 
containing a heme prosthetic group and a polypeptide. The 
superfamily is organized and divided in families with se-
quence homology > 40 % [1]. The heme moiety is the oxida-
tion reaction center and the apoprotein being involved in 
substrate selectivity and specificity. Large polymorphism 
exists which explains the individual susceptibility and popu-
lation differences in metabolism. CYPs are located through-
out the body but are predominant in location where exposi-
tion to external small molecules, i.e., xenobiotics such as 
drugs, environmental substances, alimentary component, 
occurs. CYPs are particularly abundant in liver, intestine, 
lung, and kidneys. The overall goal of the catalyzed enzy-
matic reaction is to favor the elimination of hydrophobic 
compounds by adding polar groups and by this way self pro-
tecting the body against external compounds that are elimi-
nated faster. Oxidation reactions are held with NADPH or 
NADH as co-enzyme. In the reaction, the role of xenobiotics 
can be diverse. They could act as substrate, inducer or inhibi-
tor. Inhibition could be competitive (reversible) or irreversi-
ble due to the formation of an active metabolite which tightly 
binds to the active site generating a long lasting inhibition 
[2]. Tables 1 and 2 contain examples of substrates and in-
hibitors for the major CYP isoforms. For their importance in 
metabolism, studies of interactions with CYPs are significant 
in the ADME (absorption, distribution, metabolism, excre-
tion) stage of drug discovery programs. Seven CYPs 
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are involved in the metabolism of more than 90 % of the 
current drugs in use and in clinical trials: 3A4, 2D6, 1A2, 
2C9, 2C19, 2E1, and 2C18. The first five are the most im-
portant and several show polymorphism [3]. 

 CYPs have a strong impact on pharmacokinetic and 
drug-drug interactions (DDI). They have influences on 
bioavailability, clearance, elimination, and almost all phar-
macokinetic parameters. They also have an impact on toxic-
ity, for example, when a reactive metabolite is created. 
Moreover, CYPs mediated metabolism is the major substra-
tum for DDI, i.e., one drug inhibiting the metabolism of the 
other and therefore increasing the plasma concentration [4]. 
Lots of strategies are in place in drug discovery to reduce 
attrition due to poor ADME compound characteristics [5]. 
Important progresses have been made in the miniaturization 
and possible throughput of in vitro tests. Early assessment of 
ADME properties allows selecting for preclinical “drugable” 
compounds [6]. Inhibition and induction capabilities as well 
as the metabolic stability of each compound are now particu-
larly studied and testing compound interactions with the ma-
jor CYP isoforms is now systematic in the drug development 
process. In addition, to avoid deleterious effect on CYPs 
inhibition or induction the early assessment of potential DDI 
can be done on the basis of in vitro data. But the most effi-
cient strategy in terms of speed and cost is the application of 
in silico filters to screen large databases of compounds. X-
ray structures become available and encourage in silico 
structure-based approach [7-9]. Nevertheless, ligand-based 
methods remain a powerful tool in the filtering of databases. 
As data increase from year to year, it is easier to build reli-
able models to predict CYPs binding [10]. In this field, ma-
chine learning (ML) has been applied in numerous studies 
that occupy a large place in literature. 
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Table 1. Structural Formula of Several Typical Drugs Reported as Substrates of the 5 Main CYP Isoforms, CYP3A4, CYP2D6, 

CYP1A2, CYP2C9, and CYP2C19. For a Larger Collection of Compounds, Refer to [122] 
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 Proportion of drug metabolized by the CYP in the human liver; data from reference [1]. 
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Table 2. Structural Formula of Several Typical Drugs Reported as Inhibitors of the 5 Main CYP Isoforms, CYP3A4, CYP2D6, 

CYP1A2, CYP2C9, and CYP2C19 
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For a larger collection of compounds, refer to [122]. 
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 This review’s target is to show how CYPs inhibitors and 
substrates are modeled by different methods. The first part of 
the work browses the common ML methods stressing on 
inherent particularities, problems, and improvements brought 
by the authors of the discussed studies. Comparisons and 
generalities common to all methods will be discussed in the 
Discussion part, such as the datasets, the descriptors choice, 
and the controlling factors affecting CYPs interactions. All 
the studies reported herein are summarized in Table 3 for the 
inhibition data and Table 4 for the substrates. Table 5 com-
prises the definition of the performance parameters used by 
the authors. 

MAIN RESULTS FOR DIFFERENT METHODS 

 Support Vector Machine (SVM). SVM was initially 
introduced in 1992 by Vladimir Vapnik [11] and appeared in 
the chemistry domain in the early 2000 [12]. Over the last 
decade, this method has been gaining considerable attention 
in the ML community since it has been applied successfully 
in several real-world applications. In pharmaceutical re-
search, the applications included predicting activity toward 
therapeutic targets, ADME effects, or avoiding adverse drug 
reactions [12-17]. For an extensive description of theory, one 
can refer to [18]. 

 The general principle of SVM is to perform a classifica-
tion by constructing an n-dimensional hyperplane that opti-
mally separates the data into two categories. Non-linear 
problems are treated with the help of kernel functions. The 
main types of kernel functions encountered are polynomial, 
radial basis functions, and sigmoid (tanh). SVM presents 
several advantages. It minimizes the empirical classification 
error and maximizes the geometric margin; therefore, it is 
also known as a maximum margin classifier. Moreover, 
SVM is based on the structural risk minimization principle 
which allows the building of predictive models, even if the 
descriptors are numerous and redundant. These classifiers 
are, thus, very accurate, even for high dimensionality prob-
lems. Let us mention that SVM theory has also been applied 
to regression problems (support vector regression) [19]. 

 In 2005, Kriegl et al. [20] proposed a way to select the 
optimum SVM parameters, the width  of radial basis func-
tions and the C penalty parameter, in the context of CYP3A4 
inhibition. The parameter C determines how to penalize 
missclassifications. The final model is actually a tradeoff 
between a large margin and a small error of classification. 
The authors browsed the (C, ) space to determine the opti-
mal parameter pairs. The analysis of the 3D space defined by 
C, , and the average 10-fold cross validation prediction (Q ) 
permitted to define a triangular-shaped region of optimal 
SVM parameters. That region became smaller as the classifi-
cation problem was more complex (3 classes). The training 
set was composed of 807 compounds described by the MOE 
descriptors [21]. The best model was obtained with a Gaus-
sian kernel and had an accuracy of 94% for an external test 
set. A 3-classes model reached 75% of accuracy. A blind test 
was performed on 7 drugs and only one was predicted as 
strong inhibitor whereas it was actually a weak inhibitor. The 
systematic exploration of the (C, ) space is thus a valuable 
strategy to exploit all the power of SVM and build very pre-
dictive models. 

 Very recently, Eitrich et al. [22] addressed the problem 
of unbalanced datasets and applied their method to SVM and 
maximum entropy modeling. The training set contained 185 
CYP2D6 inhibitors described by 557 various descriptors and 
458 bits E_screen strings [23]. Both Gaussian and Slater 
kernels were used with similar results. The authors consid-
ered threshold moving and oversampling to raise the accu-
racy of the models based on highly unbalanced data. To pre-
process the data, the oversampling technique increases the 
number of positive examples, by a factor 3 in this particular 
case, and does not lead to any loss of information. The post-
processing is handled by the threshold moving method in 
which the output threshold is moved toward the inexpensive 
(major) class. Threshold moving permitted to influence posi-
tively the sensitivity of the models, while oversampling im-
proved the overall results. The best result, i.e., a sensitivity 
of 92%, was obtained with the combination of both tech-
niques. Consequently, one can conclude that both oversam-
pling and threshold moving successfully treated the problem 
of unbalanced datasets which is often encountered in CYPs 
datasets. 

 Yap and Chen [24] used two SVM consensus methods: 
positive majority consensus SVM (PM-CSVM) and positive 
probability CSVM (PP-CSVM) to study inhibitors and sub-
strates of CYP3A4, CYP2D6, and CYP2C9. 702 compounds 
were defined as inhibitors or non-inhibitors and substrate or 
non-substrates for each of the three CYPs. Nearly all the 
models presented Matthews correlation MCC [25] above 
0.800 for the external validation with a maximum of 0.899 
for the CYP3A4 substrates. It appeared that consensus meth-
ods were better with an MCC value of approximately 0.1 
units above single SVM classifiers. The authors also classi-
fied the datasets with other methods; SVM was highly supe-
rior to the other methods such as multiple linear regression 
(MLR) (MCC = 0.586), logistic regression (0.555), PLS 
(0.528), decision tree (0.423), and k-nearest neighbors 
(0.759). 

 Merkwirth et al. [26] compared several methods, i.e., 
single SVM, an ensemble of 15 SVM, ensemble of and k-
nearest neighbors (k-NN) classifiers, and ridge regression 
with a strong emphasis on SVM. Exploring different combi-
nations of methods and 1814 structural descriptors, they 
concluded that the ensemble of 15 SVM classifiers with a 
restricted set of descriptors was the best compromise be-
tween results and computational complexity. Nevertheless, 
the best model, in terms of performance, was the single SVM 
classifier; but it is said to be more demanding in terms of 
computation resources as it was based on the entire pool of 
descriptors. It reached, on the training set, a MCC value of 
0.87, versus 0.86 for ensemble SVM. They also obtained a 
MCC value of 0.62 for the single SVM classifier with an 
external validation set. Another remarkable point of their 
study was the selection of optimal SVM parameters (  and 
C) by the out-of-train technique (OOT), which can be con-
sidered as an enhanced version of traditional cross valida-
tion. 

 Decision Trees (DT). DTs, also commonly known as 
recursive partitioning (RP), are usually used to design inter-
pretable and rapid filters [27,28]. The typical structure of a 
DT consists of a root node linked to two or more child  
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Table 3. Summary of the SVM, DT, ANN, and k-NN CYPs Inhibition Studies Discussed in the Review 

 

Method CYP Measure Training Set Test Set Type of Descriptors Performance (Test) 

Support Vector Machine (SVM) 

SVM [20] 3A4 IC50 807 538 2D, QM, surface, in-house 
C  = 0.75 

Accuracy = 94%  

SVM for unbalanced datasets [22] 2D6 IC50 185 78 E_screen + various Sensitivity = 92%  

PM-CSVM 
PP-CSVM [24] 

3A4 
2D6 
2C9 

Ki 
702 

 
100 Structural and chemical 

MCC =0.893 
0.821 
0.835 

SVM 
+ OOT technique [26] 

3A4 IC50 410 85 
2D, Ghose and Crippen, topological, 

electronic 
MCC =0.62 

SVM [84] 3A4 Ki 4000 470 MACCS keys  = 0.62 

Decision Trees (DT) 

RP [34] 
3A4 
2D6 

% inh. 1759 98 Augmented atoms 
Spearman’s  = 0.61 

0.49 

Ensemble RP [29] 2D6 Ki 100 51  Various 2D Accuracy = 80% 

Line-Walking RP [37] 
3A4 
2D6 
2C9 

Ki 
702 

 
100 Shape and surface charge 

Accuracy = 85.0% 
86.6% 
90.6% 

RP [38] 
1A2 
2D6 

Ki and 
IC50 

498 
306 

58 
34 

2D and 3D (MOE) 
Accuracy = 81% 

89% 

CART [80] 1A2 pIC50 109 68 Various RMSE = 1.0  

RP [84] 3A4 Ki 4000 470 MolconnZ  = 0.62 

Artificial Neural Networks (ANN) 

ANN [52] 3A4 IC50 218 72 2D Unity fingerprints Sensitivity = 91.7% 

ANN [53] 2D6 Ki 1810 600 E-state and Barnard fingerprints  = 0.58 

Bayesian-ANN [80] 1A2 pIC50 109 68 Various RMSE = 1.3  

k-Nearest Neighbors (k-NN) 

Gaussian kernel weighted k-NN [63] 
2D6 
3A4 

% inh. 
865 
1037 

288 
345 

FCFP and ECFP 
Accuracy = 82% 

87% 

k-NN [84] 3A4 Ki 4000 470 MolconnZ  = 0.58 

Partial Least Squares (PLS) 

PLS [69] 3A4 Ki 11 / MS-WHIM (surface, size, shape) 
q  = 0.32 (3D) 1 

0.44 (4D) 1 

PLS [72] 3A4 IC50 53 9 2D topological 
r pred = 0.744 

s = 0.769  

PLS - Discriminant Analysis [73] 3A4 IC50 967 / 2D, QM, surface, in-house Accuracy = 66.0% 

PLS [74] 2D6 Ki 64 50 Grid-independent Accuracy = 78% 

PLS [75] 1A2  IC50 46 / CoMFA 

r  = 0.87 (CoMFA) 1 
0.90 (GRID) 1 

(regression for the 

training set) 

PLS and MLR [80] 1A2 pIC50 109 68 Various 
RMSE = 1.3 (PLS) 

1.4 (MLR)  

Consensus of Different Methods 

ANN + Bayesian [53] 2D6 Ki 1810 600 E-state and Barnard fingerprints  = 0.97 

PLS + MLR + Bayesian ANN + 
CART [80] 

1A2 pIC50 109 68 Various RMSE = 1.2 

RP + SVM [84] 3A4 Ki 4000 470 
MACCS keys, MolconnZ, Barnard 

chemical information 
 = 0.83 

Only the best model for a single method or CYP in each paper is presented. Performances are calculated on external validation sets (except if mentioned). 

1

 Results for the regression of the training set. 
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nodes, themselves linked to other grandchild nodes, etc… 
The tree’s unlinked nodes are called leaves and determine 
the classification on the basis of the major class present in it. 
The path of prediction can be seen as a succession of 
“if…then” decisions leading to a leaf which attribution will 
assign the class to the predicted compound. During the con-
struction, RP algorithms find the more discriminating de-
scriptor that would split the training set into two purer sets. 
The calculation is repeated for the purer sets to split them in 
even purer subsets, until termination conditions are reached, 
i.e., generally a minimal number of compounds in terminal 
leaves or a maximum depth of the tree. RP is known to be 
sensitive to the descriptors used, to unbalanced training sets, 
and to the composition of datasets [29]. Though, DTs are 
still very interpretable as they give access to critic descrip-
tors and thresholds that would govern the classification. 
Moreover, the method requires less computational power and 
time (compared to SVM for example); hence, their use in 
various classification problems [30-32]. We also here note 
that the random forest technique becomes more and more 
popular and consists in a combination of single tree classifi-
ers [33]. The general approach to derive predictions from 
few simple “if…then” conditions can be applied to regression 
problems. Then, the terminal nodes are not assigned to a 
class but to a particular value of the continuous parameter to 
predict. 

 Ekins et al. [34] presented a typical study for designing 
rapid and simple filters for CYP2D6 and CYP3A4 inhibitors. 
Using atom augmented descriptors and models of 20 random 
trees, they could reach interesting results for the training set, 
i.e., r  = 0.88 for CYP2D6 and 0.82 for CYP3A4 and statis-
tically significant Spearman’s  rank (describing the rank 
order and not the inhibition value itself) of 0.61 for CYP2D6 
and 0.49 for CYP3A4. Based exclusively on commercially 
available data (~ 1750 compounds) and software (Chemtree 
[35]), that efficient strategy is more suited for industries. The 
ranking approach can be interesting to identify compounds 
with highest potencies of development during the drug dis-
covery process. 

 Ekins [36] used again RP to design a more general filter, 
based on several CYPs by predicting the in vitro intrinsic 
clearance (Clu). A dataset of 875 molecules with human 
metabolic stability data was modeled with a value of r =0.71 
for the training set. A test set of 41 compounds was classi-
fied with Spearman’s  of –0.64 and r  = 0.34. Such a filter 
is indicated to predict a significant part of the general me-
tabolism of a compound instead of interactions with a single 
CYP. 

 Susnow et al. [29] developed an ensemble approach to 
RP trees. Predictions were made using an average of numer-
ous trees, avoiding the problems occurring in single trees 
(overfitting, correlations, …). Two-dimensional descriptors 
were selected using an in-house algorithm. Out of the 100 
compounds in the training set, 75 were correctly classified 
with the ensemble method, versus 62 for standard RP. An 
external validation confirmed these trends by correctly pre-
dicting 80% of a test set for ensemble trees and 71% for 
standard RP. This demonstrates well the superiority of their 
ensemble classifiers. Nevertheless, both models correctly 
predicted 100% of the strong inhibitor compounds of the test 
set. 

 In 2006, Hudelson et al. [37] developed a very efficient 
adaptation of the RP method. The proposed line-walking RP 
(LWRP) differs from traditional RP by incorporating ele-
ments from SVM and, thus, producing simpler trees with 
lower depth and leaves. All nodes of a decision tree are con-
sidered as a hyperplane splitting the dataset in purer subsets. 
By incorporating the SVM methodology, LWRP is able to 
find more efficiently the relevant hyperplanes and, thus, may 
produce very optimized trees. Another huge advantage is that 
LWRP allows to use a remarkably low number of descrip-
tors. In their study, only 9 descriptors depicting shape and 
surface charge were selected. Using the datasets of Yap and 
Chen [24] (see the SVM section), they obtained accurate 
models with accuracies of 90.6% for CYP2C9, 86.6% for 
CYP2D6, and 85.0% for CYP3A4. They even reached 
95.6% accuracy with an improved 2C9 dataset, i.e. contain-
ing more accurate inhibition measures from literature and  
 

Table 4. Summary of CYPs Substrate Prediction Studies Discussed in the Review 

 

Method CYP Training Set Test Set Type of Descriptors Performance (Test) 

SVM [24] 3A4 

2D6 

2C9 

702 100 Structural and chemical MCC =0.899 

0.884 

0.872 

RP [36] in vitro intrinsic 
clearance (Clu) 

875 41 / Spearman’s  = -0.64 

SOM [58] 38 CYPs 605 202 Various 2D Acc.=59.9% (substrates) 

64.8% (products) 

SOM [59] 12 CYPs (Km) 491 15 Various 2D Accuracy = 87% 

(non-substrates) 

Bayesian-regularized 
ANN [60] 

3A4 (Km) 44 15 E-state Standard prediction error = 0.15 ± 0.02 

PLS [76] 2D6 (Km) 24 15 CoMFA r  = 0.62 

(regression for the training set) 

Only the best model for a single method or CYP in each paper is presented. Performances are calculated on external validation sets. 
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correct structures. Interestingly, they established by PCA 
that the nearest neighbors were not dominant in this particu-
lar classification problem. LWRP is therefore a promising 
evolution of RP. 

 The strategy of Burton et al. [38] was based on the par-
ticular attention paid to the quality of the data instead of any 
adaptation of the method. The data extracted from literature 
by Aureus-PHARMA [39] were diversified and activity 
classes were carefully assigned as lots of compounds were 
given several inhibition data. Exploring different datasets, 
RP parameters, descriptor pools and activity thresholds, the 
authors obtained numerous good models with accuracy > 
80% for the training set. Models based on Ki values were 
better than those built on IC50 measures. The best tree for 
each CYP validation set corresponded to 88% of accuracy 
for CYP2D6 and 81% for CYP1A2. The results prove that 
using a very simple standard method can be successful when 
the data is of superior quality compared to traditional col-
lected data. Optimum results cannot be achieved by improv-
ing the methods only. 

 In general, RP seems to become more and more efficient 
due to the improvements on the method in various domains, 
as LWRP, recursion forests [40], genetic algorithms (GA) 
[41], median partitioning [42], evolutionary programming 
[43], as well as on the growing quality of the data available. 
It is quite pleasing as that method was considered only as a 
fast and simple technique but sometimes a bit inaccurate 
compared to SVM for example. 

 Artificial Neural Networks (ANN). Artificial neural 
networks consist of mathematical models and algorithms that 
mimic the information processing and knowledge acquisition 
of the human brain. An artificial neuron collects a series of 
input signals and transforms them into an output signal via a 
transfer function. Basically, two classes of ANN can be dis-
tinguished: perceptrons [44-46] and Kohonen self organizing 
maps (SOM) [47]. A perceptron is a weighted linear combi-
nation of non-linearly transformed inputs. The output of a 
layer of perceptrons can be used as an input of another layer 
of perceptrons. Such an architecture is the basis of an ANN. 
Regarding SOM, artificial neurons learn to map points in an 
input space to coordinates in an output space. The input 
space can have different dimensions and topology from the 
output space, and the SOM will attempt to preserve those. As 
ANN are non-linear statistical modeling tools, they have 
been employed to model complex relationships between in-
puts and outputs. We noted a lot of applications in drug dis-
covery [48]; these include analysis of multi-dimensional data 
[49], classification and prediction of biological activity and 
ADME properties [50], and lead discovery [51]. 

 Molnar et al. [52] carried out a standard application of 
ANN on 290 CYP3A4 inhibitors using the 992-bits unity 
fingerprints. The obtained model had a 992-31-1 architecture 
for the input, hidden, and output layers respectively. The 
associated prediction ability was 97% for inhibitors and 95% 
for non-inhibitors from the training set (considering a bor-
derline scoring of 0.5) and 91.7% and 88.9% for the test set. 
The model has then been successfully applied to the correct 
calculation of inhibitory indices for 8 of 9 drug candidates 
synthesized at Eli Lilly. 

 O’Brien et al. [53] proposed a development of ANN 
strategy combined to a Bayesian model. In their work, Bar-
nard [54] and E-state [55,56] fingerprints described 2410 
CYP2D6 inhibitors and non-inhibitors. The authors used a 
weighted  index which is considered as a reliable index to 
characterize a model; it assesses the improvement of a model 
in prediction compared to random predictions [57]. The 
ANN model classified the test set of 600 compounds with  
= 0.58. They also built a Bayesian classifier based on func-
tional class fingerprints (FCFP) and other descriptors. It 
reached a  of 0.51 on the external compounds. There was a 
large degree of overlap between both models but several 
compounds were accurately defined in one but not in the 
other. Hence, the consensus of the models permitted to out-
perform the single models with a  value of 0.60, and even 
0.97 if unpredicted compounds were removed. Let us men-
tion that, in the same article, the strategy was applied with 
nearly the same success to another ADME topic, namely 
hERG channel blocking. 

 Interestingly, ANN, and particularly SOM, have been 
shown to be one of the most popular methods to classify 
CYPs substrates. It can be explained by the greater diversity 
encountered in substrates compared to inhibitors since CYPs 
role is to catalyze the metabolic transformations of many 
diverse substances. Therefore, SOM are a powerful tool to 
clearly visualize the distribution of many different families 
of compounds. 

 In this topic, Korolev et al. [58] used Kohonen SOM to 
assess the probability of compounds to be transformed by 
CYPs. They used a substantial training set of 2200 reported 
substrates, non-substrates, and products for 38 different 
CYPs. The compounds were first described by 60 descriptors 
that were reduced to 7 descriptors by PCA. Unsupervised 
learning was used to observe the repartition of substrates, 
non-substrates, and products of substrates degradation and 
possible overlapping areas on a 10 10 map. By assigning 
different areas of the map to substrates or product classes, 
they obtained a model that classified 76.7% of substrates and 
62.7% of products. Applied to a validation set, the predic-
tions were 59.9% for substrates and 64.8% for products. That 
kind of prediction is certainly harder to perform than those 
based on inhibition because substrates and even more non-
substrates and substrate degradation products cannot be pre-
dicted from structural similarities as reliably as inhibitors 
are. 

 Balakin et al. [59] performed a similar study with a more 
specific dataset of 491 Km measures for 12 CYPs and well 
discriminated classes (low Km <10 M and high Km 
>100 M). Again, 60 various descriptors were reduced by 
PCA to 6 significant ones. They explicitly focused on the 
problem of overlapping inhibitors and substrates. A set of 33 
CYP3A4 competitive inhibitors were projected on the sub-
strate SOM and 31 of them (94%) were located in the low Km 
area, which is what was expected. The validation was en-
sured by 15 other CYP3A4 inhibitors and, once more, 13 of 
them (87%) were classified as low Km. One can conclude 
that SOM can be used with a certain success to predict in-
hibitors but less for substrates or products as Korolev et al. 
did. 

 Wang et al. [60] tackled the problem of Km modeling 
with Bayesian-regularized ANN (BRNN). BRNN are multi-
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layer feed-forward ANN trained with a Bayesian algorithm. 
Compared to classical ANN, Bayesian training produces a 
posterior distribution over networks weights [61]. The 59 
CYP3A4 compounds were depicted by 50 E-state indices 
[55,56] encoding information about topological environment 
of atoms but also on electronic interactions from other atoms 
in the molecule. Tanh-sigmoid and a linear transfer function 
were used for the hidden and output layers; the final model 
had a 14-13-1 architecture. Standard error of estimation 
(SEE) was 0.11 ± 0.02 for the training set and standard error 
of prediction (SEP) was 0.15 ± 0.02 for the test set (for data 
scaled from 0 to 1). As SEE and SEP are in the same range 
of magnitude, it indicates that the model is not overfitted. 
One interesting contribution of BRNN is that the network 
allows evaluation of the uncertainty of a prediction. 

 k-Nearest Neighbors (k-NN). Fundamental k-NN algo-
rithms are fairly easy to understand as they are based on the 
hypothesis that similar compounds should present a similar 
activity [62]. Basically, a feature vector describes each com-
pound of the training set. The whole set is mapped into a 
multidimensional feature space. The test set is then projected 
in the feature space and all distances between each com-
pound of a test set and all the ones of the training set are 
computed. For the test set compounds, the predicted class is 
assigned by a majority vote in the k closest neighbors. The 
main challenge is then to choose the right way to calculate 
the distance and the right k value. 

 Even though k-NN is a popular method, we can only re-
port two consistent studies on CYPs; one is included in a 
general overview of different methods (see Consensus mod-
els and multivariate analysis) and the other one is very re-
cent. In 2007, Jensen et al. [63] used a Gaussian kernel 
weighted k-NN algorithm, a novel method based on Tani-
moto similarity searches [64] on extended connectivity fin-
gerprints (ECFP) and FCFP [65]. CYP2D6 and CYP3A4 
inhibition was studied using 865 and 1037 compounds, re-
spectively. k was fixed to 20 but, because of improvements 
in the method, other parameters had to be optimized such as 
a dynamic smoothing factor and an uncertainty term. In an 
unusual way, non-inhibitors were predicted with higher cer-
tainty. The external validation was successful with 83% for 
the training set, 82% for the external set regarding CYP2D6, 
and 87% and 88% regarding CYP3A4. Traditional k-NN was 
used on the CYP2D6 training set, again with k fixed to 20, 
and reached 81%. Thus, the Gaussian kernel weighted algo-
rithm led to slightly better results than traditional k-NN. Fi-
nally, 14 other CYP2D6 external compounds were tested and 
6 out of 14 were not classified, all belonging to medium in-
hibitors (i.e., 40-60% inhibition). That weakness can be ex-
plained by the strong difference of chemical space covered 
by the training set and the test set. 

 Partial Least Squares (PLS) and Regressions. PLS is a 
very popular regression tool in the QSAR domain [66]; it 
was developed in the early 1980’s by Wold [67]. In PLS, a 
linear model specifies the relationship between a dependent 
response, a biological activity for example, and a set of pre-
dictor variables such as molecular descriptors. In the early 
years, the reason of the success of the method was that it 
could extract useful correlations in cases where there were 
more variables than observations [68]. Strengths and weak-
nesses of the technique directly relate to the assumption that 

similar molecules have similar activities. PLS and QSAR in 
general are, thus, generally used to discover strong trends in 
a particular dataset but fail to depict slight but critical chemi-
cal variations. PLS studies on CYPs are numerous, that is 
why the results listed below cannot be considered as exhaus-
tive. 

 In 1999, Ekins, one of the main contributor in the CYPs 
domain, and coworkers [69] proposed one of the first reliable 
PLS models with 3D and 4D QSAR study on CYP3A4 in-
hibitors. PLS was combined with molecular surface-
weighted holistic invariant molecular descriptors (MS-
WHIM) [70,71]. Those last ones consisted in a set of statisti-
cal parameters containing information about the size, shape, 
symmetry, and distribution of molecular surface point coor-
dinates after weighted centering and PCA. It is very relevant 
as it suggests that the enzyme-ligand recognition arises along 
the molecular surface. The dataset contained only 11 
CYP3A4 inhibitors. Results led to q  = 0.32 and q =0.44 
when using multiple conformers. As a first PLS approach, 
the results were satisfying but could probably be improved in 
the following years. 

 A more consistent dataset of 53 CYP3A4 inhibitors and 
non-inhibitors was used by Wanchana et al. [72]. The de-
scriptors used were 220 2D topological indices that were 
reduced to 20 by GA. The QSAR model obtained with the 
training set led to an r value of 0.88. A test set of 9 com-
pounds was then quite successfully classified with an rpred of 
0.744 and a standard error of prediction (s) of 0.769. The 
authors pointed out that 2D topological descriptors were less 
computationally demanding than 3D descriptors and pro-
duced highly predictive models compared to 3D ones. That 
trend can be observed in many other studies. 

 More recently, Kriegl et al. [73] used an even larger 
dataset of 967 compounds with IC50 values measured on 
CYP3A4. The pool of descriptors was also large and diversi-
fied, i.e., 32 2D descriptors, such as size, shape, lipophilicity, 
count of atoms and surface areas, 132 2D and 3D descriptors 
from MOE, 88 descriptors depicting interaction energies 
from the VolSurf package, and 68 descriptors based on AM1 
quantum mechanical calculations. The authors performed a 
multivariate analysis based on PLS, PLS discriminant analy-
sis (PLS-DA), and soft independent class modeling 
(SIMCA) to summarize the properties of strong and weak 
inhibitors. In PLS-DA, only the class-membership is taken 
into account. Therefore, during the regression, a matrix of 
two dummy variables, i.e., 1 and 0 for a 2-classes problem, 
replaces the matrix of IC50. Several models were built and 
PLS-DA seemed to slightly outperform the traditional PLS 
method. Indeed, PLS regression led to an r  value of 0.62 
while PLS-DA led to an r  equal to 0.69. The external classi-
fication of 379 compounds was based on the definition of 3 
classes: strong (IC50<2 M), medium (2 M<IC50<20 M), 
and weak (IC50>20 M) inhibitors. The overall accuracy 
reached 66.0% for both PLS and PLS-DA. These results are 
acceptable for a 3-classes model; additionally, there was a 
low count of severe misclassifications (strong predicted as 
weak and vice versa). The strategy followed by the authors 
can be considered as really effective taking into account the 
large amount of data handled. 

 Other studies can also be briefly reported. Crivori and 
Poggesi [74] used PLS with grid-independent descriptors 
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(GRIND) to model 64 CYP2D6 inhibitors. The obtained r  
value was 0.62 for the training set and a validation set was 
classified at 78%. Korhonen et al. [75] exploited compara-
tive molecular field analysis (CoMFA) and obtained an r  
value of 0.87 for CYP1A2 inhibitors. CoMFA was again 
used to predict CYP2D6 substrates, based on Km values, by 
Haji-Momenian et al. [76] with an r  of 0.62 for 15 external 
compounds. Further PLS studies were reported for CYP2D6 
inhibitors [77], CYP2B6 substrates [78], and CYP2C9 in-
hibitors [79]. 

 Consensus Models and Multivariate Analysis. Consen-
sus models are obtained by association of several models. 
The prediction is made by voting based on the single models 
or on their mean prediction. Some of the previously detailed 
studies presented some insights in the association of several 
methods to produce robust prediction models. We report two 
studies that explore extensively several methods and descrip-
tors to predict CYPs inhibition 

 In 2005, Chohan et al. [80] studied the influence of four 
methods, PLS, MLR, CART, and Bayesian ANN (BNN), for 
the prediction of 109 CYP1A2 inhibitors. PLS used 17 of the 
123 initial descriptors, and MLR, 5 of them. Classification 
and regression trees (CART) [81] were obtained with a con-
sensus of 15 trees. BNN [82], which is less susceptible to 
overtraining/overfitting compared to classical ANN, pro-
duced a model with a 122-2-1 architecture on the basis of a 
tanh transfer function. For BNN only, the most relevant de-
scriptors were selected by automatic relevance determination 
(ARD) [83]; leading to a reduction of the input nodes to 6. 
PLS, MLR, CART, and BNN all produced satisfying results 
with an r  value for the training set of 0.72, 0.71, 0.84, and 
0.72, respectively, and a RMSE (root mean squared error, 
the error being one pIC50 unit) value of 1.0 for all models, 
with the exception of a value of 0.7 for CART. Consensus, 
i.e., the average prediction from all four models, gave an 
RMSE of 0.84, which is a superior result compared to indi-
vidual models, again with the exception of CART. For the 
test set of 68 molecules, the same conclusion could be drawn 
as the consensus gave an RMSE value of 1.2, that is better 
than PLS with RMSE = 1.3, MLR with RMSE = 1.4, and 
BNN with RMSE = 1.3, but not as good as CART with 
RMSE = 1.0. However, the models were not able to correctly 
predict the external test set, as the r  around the unity line 
was poor for all the models. Using a binary classification 
(pIC50 cutoff = 5), the global accuracy of the consensus 
model reached 83% but with an inhibitor classification rate 
of 56%; the test set was unbalanced toward non-inhibitors. 

 Arimoto et al. [84] continued the reasoning further for 
nearly 4000 CYP3A4 inhibitors by systematically exploring 
different descriptors and different methods such as RP, 
SVM, Bayesian classifiers, logistic regression, and k-NN. 
The descriptors were the 4096-bits Barnard chemical infor-
mation (BCI) fingerprints [54], 166-bits MACCS keys [85], 
13,608-bits typed graph triangle (TGT) fingerprint, and 156 
topological and electrotopological indices calculated by 
MolconnZ [86]. For k-NN, k was equal to 9, and SVM used 
a radial basis kernel function. All combinations of methods 
and descriptors were explored and modeled. The very best 
model was obtained with SVM and MACCS keys with a 
coefficient of agreement  value of 0.62 for 470 test com-
pounds, followed by SVM and BCI with  = 0.61, and RP 

and MolconnZ with  = 0.60. The three best models were 
then used to build a voting consensus model. Requiring 1, 2 
or 3 votes to be considered as inhibitors, consensus pre-
formed with  of 0.62 (Accuracy=81%), 0.65 (83%) and 
0.57 (81%), respectively. The 2-votes method is then better 
than single classifiers. 

 The general conclusion about descriptors was that BCI 
fingerprints performed slightly better and TGT slightly 
worse. For the methods, Bayesian classifiers were signifi-
cantly worse than the other methods and RP and SVM fairly 
better. It can be explained by the fact that Bayesian classifi-
ers explicitly assume that descriptors are uncorrelated, which 
is rarely valid. 

DISCUSSION 

 Strengths and Weaknesses of Algorithms. PLS com-
bined to 3D QSAR descriptors is certainly the most contro-
versial method because of its limits of applications when 
used for classification. It needs very accurate measures [52] 
and it is limited in size and structural diversity, i.e., limited 
inside a family of compounds [34]. For the examples re-
viewed in this paper, the training datasets were composed of 
~50 compounds. Moreover, compounds can bind in different 
modes, thus limits the application of 3D QSAR, especially 
for CYP3A4, a protein that has a relatively large binding 
pocket. Also, 2D QSAR reached comparable predictive 
abilities [72]. Nevertheless, it is one of the oldest methods, 
and, thus, one of the most used. In the CYPs domain, regres-
sion is less important than classification. Consequently 
QSAR models should be improved when used to predict a 
test set. Enhanced methods as PLS-DA used by Kriegl et al. 
[73] are certainly a valuable approach to smooth the weak-
nesses of QSAR models used for prediction. 

 ANN produced good prediction results for both CYPs 
inhibitors and substrates. Particularly, SOM are a powerful 
and fascinating tool to represent the topology of the chemical 
space covered by inhibitors, non-inhibitors substrates, non-
substrates, and products of metabolism. The topology of the 
maps can be used as classifier with quite good results as in 
Korolev et al. [58] and Balakin et al. [59] studies. Another 
advantage of ANN is that some types of ANN allow the 
evaluation of the likely uncertainty of a prediction. Com-
pared to standard least squares regressions, ANN are able to 
find a more general relationship between structure and activ-
ity. 

 For DTs and RP, the success rate is comparable to the 
best models obtained with the other methods, for example, 
~90% accuracy for external validation [37,38]. Strength and 
weaknesses of RP can be explained by its simplicity. RP is 
easy to implement with a low number of parameters to de-
fine; RP is also rapid to screen large databases. But it needs 
particular attention to the quality of the datasets and descrip-
tors. Indeed, RP may show poor predictability when derived 
from an excessively large pool of descriptors and can be very 
sensible to changes in the training set with cross-validation 
for example. That can be avoided by using ensemble strate-
gies as suggested by Susnow et al. [29]. As a matter of fact, 
SVM is often superior to other methods in classification 
problems in many domains [12,68,87,88]. Moreover, it is not 
significantly affected by unbalanced datasets [89]. One can 
object that the method is sometimes computationally de-
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manding and interpretation of the models is not easy and 
direct. A list of available software exploiting the different 
methods is provided in Table 6. 

 Dataset Diversity. To increase the robustness of predic-
tive models, highly diversified datasets are needed. How-
ever, the chemical space can be so vast that it is very difficult 
to collect and manage large training sets and obtain experi-
mental measures. Frequently, readers are asked to trust the 
authors when they establish that their datasets are diversi-
fied. Nevertheless, different methods can be used to assess 
the diversity of datasets. A widespread method is to project 
the studied compounds in the chemical space of a large data-
base to see the dispersal of the datasets; that can be done 
with PCA for example [38]. Yap and Chen [24] used the 
diversity index to quantify the similarity between all pairs of 

compounds [90]. Jensen et al. [63] performed a Jarvis-
Patrick clustering on their training set to characterize the 
diversity. The more clusters, based, for example, on a Tani-
moto coefficient of 0.85, the larger diversity. The authors 
obtained approximately 1.4 compounds per cluster, which 
corresponds to an acceptable diversity of the datasets. Actu-
ally, several methods can quantify the similarity between 
compounds within a dataset. Ideally that similarity has to be 
low to ensure the diversity but not too low to guarantee the 
extraction of general rules to build a model. Also one should 
remember that ML methods are often biased toward the 
larger class; that is why Eitrich et al. [22] developed dedi-
cated methods to treat these cases (see the SVM section). 

 We can also point out the problem of data availability. 
Authors are generally requested to publish their datasets; 

Table 5. List and Definition of the Parameters Used by the Authors to Evaluate the Prediction Ability of their Models 

 

Parameter Definition Range 

Accuracy [84] Accuracy =
TP + TN

TP + TN + FP + FN
 0 to 1 

(often scaled in %) 

C  (Generalized squared 

correlation coefficient) [20] 

C2
=

1

n(k 1)

(zij eij )
2

eiji, j

 

where k is the number of classes, zij are elements to be in class j while belonging to class i, and 

eij = (1 / n) zij zijij
 

0 to 1 

Matthews correlation MCC 

[25] 

Generalized correlation coefficient for k=2 (binary classification) or namely, 

MCC =
TP.TN FN .FP

(TN + FN )(TP + FN )(TN + FP)(TP + FP)
 -1 to 1 

 coefficient of agreement 

[57] 

=
Accuracy E

1 E
 

where E =
(TP + FN )(TP + FP) + (TN + FP)(TN + FN )

(TP + TN + FP + FN )2
 

0 to 1 

RMSE RMSE =

(ai bi )
2

n

n
 

where ai are the correct values, bi, the computed values and n, the total number of measures 

 to 0 

rpred  
rpred =

n aibi ai bi
nnn

n ai
2 ( ai )

2

nn

n bi
2 ( bi )

2

nn

 

where ai are the correct values, bi, the computed values and n, the total number of measures 

-1 to 1 

q  
q2

= 1
(ai bi )

2

n

(ai ai )2

n

 

where ai are the correct values, bi, the computed values and n, the total number of measures 

0 to 1 

Sensitivity [84] Sensitivity =
TP

TP + FN
 0 to 1 

(often scaled in %) 

Spearman’s  rank [34] 

= 1
6 di

2

n(n2 1)
 

where di is the difference between each rank of corresponding values of pairs, and n, the num-

ber of pairs of values. 

-1 to 1 

TP
 stands for the number of True Positives (number of compounds in class +1 computed in class +1), 

TN
, True Negatives (number of compounds in class -1 computed in class -1), FP

 F l  P i i  ( b  f d  i  l  1 d i  l  1)  d 
FN

 F l  N i  ( b  f d  i  l  1 d i  l  1)  
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sometime they base their studies on publicly available 
datasets [91,92]. It is very useful for the scientific commu-
nity to have access to more and more data to improve the 
chemical space covered and, hence, the robustness of the 
predictions. It is also interesting to compare the models on 
the basis of benchmarking validation sets. In another hand, 
large private companies often publish really accurate studies 
based on unpublished in-house data, which is a bit contradic-
tory with the previous point. Hopefully, the actual trend fol-
lowed by most journals is to systematically publish the 
datasets used in the studies. Literature provides a good over-
view of the chemical diversity in the CYP field and can be 
profitably used to complement in house data. With such 
strategy the coverage of the chemical space can be improved. 
References [28,38,93] contain open source datasets for CYPs 
3A4, 2D6, 1A2, and 2C9 substrates and inhibitors. Many 
more can be retrieved in recent articles. 

 Selection of Validation Sets. Another point concerning 
datasets is the choice of a relevant validation set. In most of 
the studies depicted herein, the authors do not explicitly de-
fine how they selected their external validation set. Datasets 
are split in training and test sets without any explanation. 
One of the most used methods is the n-fold cross validation 
which consist in dividing a dataset in n subsets. Each subset 
is used to validate a model built on the n-1 other subsets and 
it is repeated n times. If n equals the number of individuals 
in the dataset, the method is call leave-one-out cross valida-
tion. Unfortunately, chance is often the basis of the valida-
tion sets selection. The validation set can also come from a 
new collection of compounds which is presented to the pre-
dictive model without any relation with the training com-
pounds. Generally, both training and validation sets are 
composed arbitrarily without particular care. Taking no cau-
tion is, however, quite dangerous and several authors often 
raise the argument of an irrelevant test set to explain the poor 
results of their validation. The point is that most of the ML 
methods applied in QSAR are suited for interpolation predic-
tions but less for extrapolation. Therefore, it is crucial, to 
perform a reliable validation, to verify that the training and 
test sets cover the same range of descriptors, chemical space, 

and diversity. To treat this problem, a space filling algo-
rithm, for example, was chosen by Kriegl et al. [20]. 

 Class Definition. Classifying compounds in inhibi-
tors/non-inhibitors or substrates/non-substrates can be a chal-
lenging problem. Ideally, the chosen threshold should have a 
biological meaning. Different hypothesis can be made, such 
as identifying substrates as non-inhibitors. Namely, threshold 
of Ki < 1 M correspond to potent inhibitors causing DDI 
[94,95]. 10 M was used by Susnow et al. [29] because it 
corresponds to the expected blood concentration of typical 
drugs when administrated to therapeutic doses [96]; this 
value is confirmed by Chohan et al. [80], who defined that 
concentration as “problematic”. Another way to avoid that 
awkward question is to eliminate medium inhibitors and 
chose discriminating classes such as <1 M and >50 M. 
Nevertheless, the problem of class definition depends on the 
application of the model. Inhibitors, for example, should be 
clearly defined versus which CYP one is studying. 

 Descriptors Selection. Choosing the descriptors as input 
of an ML method is a delicate point. Once authors have se-
lected the properties they want to depict, they generally try to 
minimize the number of descriptors used. Nevertheless, as 
underlined by Merkwirth et al. [26], aggressively restricted 
pools of features often lead to poor results. Hence, building a 
performing model should be a right balance between elimi-
nating the noise (correlated descriptors, constant values, …) 
and being careful of not removing essential descriptors. 

 One can proceed manually as Yap and Chen [24], who 
tried different collections from 100 to 1000 features to ob-
serve that they reached a maximum of performance with a 
set of 300 descriptors. Really poor specificities were ob-
tained with too much noise. In the presented studies, various 
methods such as GA [97], the McCabe algorithm [98], PCA 
[99], or Monte Carlo simulated annealing [100] were used to 
select only the relevant descriptors. Recursive feature elimi-
nation (RFE) was used by Xue et al. [101] to reduce the 
noise generated by too many descriptors. In RFE, when a 
SVM model is built, a weight is calculated for each feature. 
The features can then be ranked and the one with the smaller 

Table 6. Several Machine Learning Software Used in the Studies Reported in the Review 

 

Machine Learning Method Software Website 

SVM LibSVM http://www.csie.ntu.edu.tw/~cjlin/libsvm/ 

SVM SVMlight http://svmlight.joachims.org/ 

Decision trees Chemtree http://www.goldenhelix.com/chemtreesoftware.html 

Decision trees MOE http://www.chemcomp.com/ 

Decision trees C4.5 http://www2.cs.uregina.ca/~dbd/cs831/notes/ml/dtrees/c4.5/tutorial.html 

Decision trees S-PLUS http://www.insightful.com/products/splus/default.asp 

Neural networks and PLS Cerius http://www.accelrys.com/products/cerius2/ 

Neural networks NeuroSolution http://www.neurosolutions.com/ 

Decision trees and Bayesian theory Pipeline Pilot http://www.scitegic.com/ 

Neural networks Stuttgart NN Simulator http://www-ra.informatik.uni-tuebingen.de/SNNS/ 

k-Nearest neighbors and regressions R statistical package http://www.r-project.org/ 

PLS GOLPE http://www.miasrl.com/golpe.htm 

http://www.csie.ntu.edu.tw/~cjlin/libsvm/
http://svmlight.joachims.org/
http://www.goldenhelix.com/chemtreesoftware.html
http://www.chemcomp.com/
http://www2.cs.uregina.ca/~dbd/cs831/notes/ml/dtrees/c4.5/tutorial.html
http://www.insightful.com/products/splus/default.asp
http://www.accelrys.com/products/cerius2/
http://www.neurosolutions.com/
http://www.scitegic.com/
http://www-ra.informatik.uni-tuebingen.de/SNNS/
http://www.r-project.org/
http://www.miasrl.com/golpe.htm
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weight can be eliminated. The process can be repeated to 
eliminate more features. RFE is different from other methods 
of descriptor elimination as it is part of the model building 
and not an a priori statistic study based on the descriptors 
only. The application of RFE and SVM by Xue et al. was not 
on CYPs but still in the ADME thematic. In their work, RFE 
successfully reduced the initial set of 159 descriptors to sets 
of 22-31 descriptors, improving the prediction accuracy of 
their models. Finally, one would emphasize the particularly 
low number of descriptors used, as the consequence of the 
particular method used, i.e., 9 for LWRP for example by 
Hudelson and Jones [37]. 

 Key Descriptors. Any obtained model should be ana-
lyzed to figure out if it is physico-chemically relevant and to 
discover new information that can guide the drug design 
process. Key descriptors can be considered as those that have 
a high PCA or PLS coefficient, that appear often in the mod-
els, etc… In the case of CYPs binding, i.e., inhibitors as well 
as substrates, three characteristics emerge from the existing 
models: lipophilicity, shape, and electrostatic interactions. 
Lipophilicity is mostly represented by logP and aromatic 
descriptors. It plays an important role in oxidation by CYPs 
[102]. High lipophilicity promotes CYP3A4 [73] and 
CYP1A2 inhibition [80], and it is certainly the case for other 
CYPs. As stated by Yap and Chen [24], CYP2D6 substrates 
contain generally a planar hydrophobic region, and for 
CYP2C9, aromaticity is often selected for model building. 
Molecular weight, size, topological indices, flexibility, and 
volume are enclosed in the shape descriptors and selected in 
almost all of the models studied. Large size of a molecule 
raises CYP3A4 inhibition; it can be explained by the higher 
stabilization through several hydrophobic interactions [103]. 
Electrostatic descriptors, such as polarizability, charge and 
surface charge, dipole moment, HOMO-LUMO gap, and 
electronegativities are also significant. Low polarity in-
creases CYP3A4 inhibition; high charge, dipole moment, 
and HOMO-LUMO gap decreases CYP1A2 inhibition. 
Those features are also important to describe CYP1A2 sub-
strates [104]. More interesting are the substructures or frag-
ments that influence the behavior of a compound towards 
CYPs. Jensen et al. [63] stated that carboxyl acid is more 
frequent in non-inhibitors for both CYP2D6 and CYP1A2. 
Tertiary amine was frequent in CYP2D6 inhibitors and 
CYP3A4 non-inhibitors whereas phenol and sulfone were 
frequent in CYP2D6 non-inhibitors and CYP3A4 inhibitors. 
The number of hydroxyl groups is inversely proportional to 
CYP1A2 inhibition potency [105]. Let us note that it is ac-
cepted that nitrogen heterocycles bind strongly to the heme 
of CYPs, that CYP2D6 substrates contains usually a basic 
nitrogen [106], and that CYP3A4 substrates are neutral or 
basic [107]. 

CONCLUSIONS AND OUTLOOK 

 Predicting CYPs binding is a huge challenge due to the 
variety of compounds it can metabolize or that inhibit them. 
However, it is now a required task in the drug development 
to avoid unwanted drug-drug interactions and, hence, side 
effects. To screen large databases, rapid filters are needed 
and several machine learning methods can help to build 
them. The choice of the method depends mostly on the prop-
erty of filter one wants to enhance: accuracy, speed, robust-
ness, interpretability, … More and more, authors tune the 

original method to push farther the performances of filters, 
and they succeed as accuracy do not stop to raise. In the 
early days, good filters had 70% of accuracy, later, 80%, and 
nowadays, 90% is frequent. Improvements are not only dedi-
cated to methods but also to the datasets, whose sizes are 
becoming larger, as well as the descriptors. Key descriptors 
bring additional information for the understanding of com-
pounds interactions with CYPs. Interestingly, in the pre-
sented studies, 2D descriptors often outperform 3D ones, 
which is quite pleasing when speed of calculation is a limit-
ing factor. 

 However, 3D studies of active site are absolutely needed 
in the next stages of CYPs binding comprehension. Structure 
based design, such as molecular docking [108-113], and 3D 
ligand modeling studies, such as pharmacophore elucidation 
[114-117], are other major topics in CYPs interaction. Three-
dimensional modeling should seriously be taken into account 
as more and more CYPs crystallographic structures are 
available. 

 The future of in silico filters for CYPs is promising, as it 
seems to be more and more accurate with the emergence of 
dedicated metabolic descriptors [118], studies about com-
pound stability regarding CYPs [119,120], and studies of 
regioselectivity of CYPs metabolism [121]. 
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ABBREVIATIONS 

ADME = Absorption, Distribution, Metabolism,  
   Excretion 

ANN = Artificial Neural Networks 

ARD = Automatic Relevance Determination 

BCI = Barnard Chemical Information 

BNN = Bayesian Neural Network 

BRNN = Bayesian Regularized Neural Network 

CART = Classification And Regression Trees 

CoMFA = Comparative Molecular Field Analysis 

CYP = Cytochrome P450 

DDI = Drug-Drug Interactions 

DT = Decision Trees 

ECFP = Extended Connectivity Fingerprint 

FCFP = Functional Class Fingerprint 

GA = Genetic Algorithm 

GRIND = Grind Independent Descriptors 

k-NN = k-Nearest Neighbors 

LWRP = Line Walking Recursive Partitioning 

MCC = Matthews Correlation Coefficient 
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ML = Machine Learning 

MLR = Multiple Linear Regression 

PCA = Principal Component Analysis 

PLS = Partial Least Squares 

PLS-DA = PLS Discriminant Analysis 

PM-CSVM = Positive Majority Consensus Support Vector  
   Machine 

PP-CSVM = Positive Probability Consensus Support  
   Vector Machine 

QSAR = Quantitative Structure-Activity Relationship 

RFE = Recursive Feature Elimination 

RMSE = Root Mean Squared Error 

RP = Recursive Partitioning 

SEE = Standard Error of Estimation 

SIMCA = Soft Independent Class Modeling 

SOM = Self Organizing Maps 

SEP = Standard Error of Prediction 

SVM = Support Vector Machine 

TGT = Typed Graph Triangle 
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