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Abstract

Validation is a crucial aspect of any quantitative structure—activity relationship (QSAR) modeling. This paper examines one of the most
popular validation criteria, leave-one-out cross-valid@dLOO ¢?). Often, a high value of this statistical characteristié & 0.5) is
considered as a proof of the high predictive ability of the model. In this paper, we show that this assumption is generally incorrect. In the
case of 3D QSAR, the lack of the correlation between the high g&&hd the high predictive ability of a QSAR model has been established
earlier [Pharm. Acta Helv. 70 (1995) 149; J. Chemomet. 10 (1996) 95; J. Med. Chem. 41 (1998) 2553]. In this paper, we use two-dimensional
(2D) molecular descriptors arkhearest neighbor&{N) QSAR method for the analysis of several datasets. No correlation between the
values off? for the training set and predictive ability for the test set was found for any of the datasets. Thus, the high valuepappéars
to be the necessary but not the sufficient condition for the model to have a high predictive power. We argue that this is the general property of
QSAR models developed using LOO cross-validation. We emphasize that the external validation is the only way to establish areliable QSAR
model. We formulate a set of criteria for evaluation of predictive ability of QSAR models. © 2002 Elsevier Science Inc. All rights reserved.
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1. Introduction most crucial characteristics. This paper examines the valid-

ity of one of the most popular criteria of QSAR model pre-

Rapid development of combinatorial chemistry and high dictive ability, leave-one-out cross-validatBd (LOO ¢?).

throughput screening methods in recent years has signif- The process of QSAR model development can be gener-
icantly increased a bulk of experimental structure—activity ally divided into three stages: data preparation, data analysis,
relationship (SAR) datasets. These developments haveand model validation. The first stage includes selection of a
emphasized a need for reliable analytical methods for bi- molecular dataset for QSAR studies, calculation of molecu-
ological SAR data examination such as quantitative SAR lar descriptors, and selection of a QSAR (statistical analysis
(QSAR). QSAR has been traditionally perceived as a meansand correlation) method. These steps represent a standard
of establishing correlations between trends in chemical practice of any QSAR modeling, and their specific details
structure modifications and respective changes of biological are generally determined by the researchers’ interests and
activity [1]. However, in many cases of chemical library software availability.
design, the number of compounds that could be practically The second part of QSAR model development consists
synthesized and tested is much smaller than the total sizeof an application of statistical approaches for QSAR model
of exhaustive virtual chemical libraries. There is a need for development. Many different algorithms and computer soft-
developing virtual library screening tools, and QSAR mod- ware are available for this purpose. Most are based on lin-
eling can be adapted to the task of targeted library designear (multiple linear) regression with variable selection [5],
[2-4]. Of course, any QSAR modeling should ultimately partial least squares (PLS) [6], etc.) as well as non-linear
lead to statistically robust models capable of making ac- (genetic algorithms [7], artificial neural networks [8], etc.)
curate and reliable predictions of biological activities of methods. In all approaches, descriptors serve as independent
compounds. However, the application of QSAR models for variables, and biological activities as dependent variables.
virtual screening places a special emphasis on statistical The last and as we emphasize in this paper, most impor-
significance and predictive ability of these models as their tant part of QSAR model development is the modida-

tion. Most of the QSAR modeling methods implement the
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cross-validated®? (g2), which is used as a criterion of both  QSAR: highg? does not automatically imply a high predic-
robustness and predictive ability of the model. Many authors tive power of the model. We also consider 2D QSAR models
consider highy? (for instanceg? > 0.5) as an indicator or  built for two other examples: a set of 78 ecdysteroids [19]
even as the ultimate proof that the model is highly predictive. and 66 Histamine Hreceptor ligands [20]. In all these cases,
A widely used approach to establish the model robustness iswe consider training and test sets as they were defined in the
so-calledy-randomization (randomization of response, e.g. original publications. We demonstrate the lack of any rela-
biological activities) [9]. It consists of repeating the calcu- tionship between high? and predictiveR? in all cases. The
lation procedure with randomized activities and subsequentlack of this relationship appears to be the common feature of
probability assessment of the resultant statistics. Often, it the QSAR methods that must be always taken into accountin
is used along with cross-validation. Sometimes, models areQSAR studies.
tested for their ability to predict accurately the activity of On the basis of our analysis, we suggest that the test set
one or two compounds that were not used in model de- must include no less than five compounds, whose activities
velopment (see, for instance [10,11]). However, it is still and structures must cover the range of activities and struc-
common not to test QSAR models (characterized by a rea-tures of compounds from the training set. This requirement
sonably high LOGg?) for their ability to predict accurately  is necessary for obtaining reliable statistics for comparison
biological activities of compounds from an external test between the observed and predicted activities for these com-
dataset, i.e. those compounds, which were not used for thepounds. We reason that in addition to a higtha reliable
model development. model should be also characterized by a high correlation co-
Although, the low value ofg? for the training set can efficientR (or R%) between the predicted and observed ac-
indeed serve as an indicator of a low predictive abil- tivities of compounds from a test set. Finally, we introduce
ity of a model, the opposite is not necessarily true. In- a notion of the “ideal” QSAR model and formulate a set of
deed, the highg? does not imply automatically a high criteria for a reliable QSAR model based on its closeness to
predictive ability of the model. In order to both develop the the “ideal” model.
model and validate it, one needs to split the whole avail-
able dataset into the training and test set. Several methods
can be used for this purpose. They include random selec-2. Methods
tion, selection by groups of compounds where the whole
group is included into a training or a test set, selection of 21 pescriptors
training set compounds with major features varying in a
systematic way, etc. [12]. Not all of these methods produce

sufficiently reliable models. In fact, the lack of correla- develop QSAR models: simple and valence path, clus-
tion between the high value of the training sgtand the e path/cluster and chain molecular connectivity indices
hlgh_ pre_zdlctlve ability of a QSAR model has been notlc_ed [22-24], kappa molecular shape indices [25,26], topological
earlier in the case of 32 QSAR [13-15]. These studies 7] and electrotopological state indices [28-31], differen-
indicated that while higlg” is the necessary condition for - yia| connectivity indices [32], graph’s radius and diameter

a model to have a high predictive power, it is not a suffi- [33) wiener [34] and Platt [35] indices, Shannon [36] and
cient condition. Apparently, the only way to estimate the pgnchey et al. [37] information indices, counts of different
true predictive power of a model is to test it on & suf- \erices [21], counts of paths and edges between different
ficiently large collection of compounds from an external \inqs of vertices [21]. Since datasets considered in this
test seL. , _ paper contained chiral molecules, chirality descriptors de-
!nth|s paper, using several publlshed.dat_asets for the a”al'veloped recently [38] were added to the Molconn-Z [21]
ysis, we argue that the external validation is an absolute re-geseriptors. The chirality descriptors [38] included modified
quirement for the development of a truly predictive QSAR  744reh group indices [39], molecular connectivity indices

model. As the first example, we consider a well-known 55_54) " extended connectivity indices [40] and overall
group of ligands of corticosteroid binding globulin [16]. This connectivity indices [41,42].

dataset is frequently referred to as a benchmark [17] forthe |, agch case, descriptors were scaled according to the
development and testing of novel QSAR methods. In [13], following formula:

many 3D QSAR models have been built based on the divi-

sions of this dataset into training and test sets and no relation-_,, Xij — Xj,min

The following Molconn-Z [21] descriptors were used

ship between high? and predictiveR? values was found. In U X max— Xjmin’

this paper, we employ thenearest neighbors (kNN) QSAR

variable selection method that was recently developed in thiswhere Xj; and Xj; are the non-scaled and scalgtl de-
laboratory [18].kNN QSAR uses 2D descriptors of chem- scriptor values for compouridrespectively, an&; min and
ical structures such as connectivity indices and atom pairs.X;.max are the minimum and maximum values foh de-
We show that the application of this approach to the steroid scriptor, respectively. Thus, for all descriptors, 0Xij) = 0
dataset [16] leads to the same observations as using 3Dand maxXj) = 1.
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2.2. KNN QSAR 8. If ¢? did not change after step 5 has been perforied
times for curren®, and ifT > T yin, decreasd and go to

kNN variable selection QSAR method developed in this  step5,andif’ < T'mjn stop. If step 5 has been performed

laboratory earlier [18] was used to build QSAR models for  less tharN times for the curreng?, go to step 5.

all datasetskNN QSAR optimizes the descriptor selection

to achieve a model with the highest LO§3 as follows.

To initiate the procedure, the following input should be

provided:

Thus, the output from the procedure is a QSAR model,
which is characterized by the set Bfdescriptors selected,
the numbelk of nearest neighbors, and the valuegéf

The activities for the test set compounds are predicted
¢ the number of variables (descriptor®) to be selected based on selected training set model as follows.

from the_whole set of descriptors for'the final best model; 1. For each compound of the test set, find its clo&bi
e the maximum numbek of nearest neighbors;

. from the training set using the value loind descriptors
e the number of descriptoid to be changed at each step of selected by the underlyingNN QSAR model.

the stoghastic des_criptor sampling procedure that utilizeszl Predict activities of compounds from the test set using
simulation annealing; Eq. (1).

e the startingTmax and endingTin of the simulation an-
nealing parameter, “temperaturd’;,and the factod < 1
to decreas@ (T next = dTprevioud at each step;

e the number of timebl the calculations must be performed
before loweringT, if g2 is not improved.

2.3. Estimation of the predictive ability of a
QSAR model

Let us first define quantitative criteria of a predictive

In all calculations reported in this work, = 5, T'max = QSAR model. Letj; andy; be the predicted and actual
100, T min = 107%,d = 0.9, andM = 3.D was varied from  activities, respectively. If we plog versusy for the ideal
10 to 40 with step 2. QSARmModel, the regression line will bisect the angle formed

In the LOO cross-validation procedure, every compound by positive directions of the orthogonal axgsandy. The
was eliminated from the dataset once and its activity was regression line can be described by expressioa: ay +b,
then predicted as a weighted average of the activities of itswhere [43]
nearest neighbors using the following formula: =

L= 20 =G =)

5 Znearestneighbo%i exp(—d;) (1) S Gi — ):})2 (3a)
= N 4
Znearest neighbo?sxq_di) and
whered; are the distances between this compound and its o
kNN. LOO ¢? was calculated according to the following © =Y —aJy. (3b)
expression. In Egs. (3a) and (3b))_7 andy are the average values of
2_1 > (i — 31)? 5 the predicted and observed activities, respectively, and the
=27 S (yi —3)2° @) summations in this and all the following equations are over
A i all n compounds of the test set.
wherey; are the actual activities; are defined by Eq. (1), For the ideal model, the slopeis equal to 1, intercertt

and y the average activity. The summation in Eq. (2) is g equal to 0, and correlation coefficient:
performed over all compounds. The following algorithm was _
R > (i =G =)

used to derive QSAR models for the examples considered ,, _
in this paper. S0 -G -5

1. SetT = Tmax . _

2. Select randomly a subset Bfdescriptors. for the regression of versusy is equal to 1. Areal QSAR

3. For each compound, predict its activity using Eq. (1). model may have a high predictive ability, if it is close to the
4. Select the number of nearest neighbors, which gives theideal one. This may imply that the correlation coefficiént

(4)

highestg? (Eq. (2)). between the actugland predicted activities must be close

5. ExchangeM <« D descriptors for the same number of t0 1 and regressions gfagainsty or y againsty through
descriptors selected randomly out of all descriptors. the origin, i.e.y" = ky andy" = &'y, respectively, should

6. Perform steps 3 and 4 for the new descriptor set definedb® characterized by at least eitfieor k' close to 1. Slopes
in step 5. k andk’ are calculated as follows:

7. Ifthe newn? (g2, is higher than the previous ong), Y i c
accept the new set of descriptors and go to step 5. Oth-" — 527 (5a)
erwise, accept it with the probabilitf = exp[—(g34 — ’
q%ew)/T] and go to step 5, or reject it with the probability K = D yidi (5b)

(1 - P), and go to step 8. >y
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Fig. 1. An example of a regression between observed vs. predicted (a) and predicted vs. observed (b) activities for compounds from an external tes
set. Despite highR? value and bottk and k' (cf. text) close to 1, the model is not highly predictive, because the regressions through the origin of the
coordinate system are not close to the optimal regressibasay+b andj” = a’y+b’. Note thath and R(’)2 are substantially different from each other.

Plotting bothy againstyj and y againsty may appear this angle must be, and the closeor 8 must be tdk or k'.
redundant; however, we shall see that these plots could beCloseness oR to 1, R? to eitherRS or R62 and the corre-

characterized by different statistics. sponding slopé& or k' to 1, guarantee thatanda’ are suffi-
We shall show now that the criteria formulated above may ciently close to 1, and no additional condition is necessary.
not be sufficient for a QSAR model to be truly predictive. Residual variance (or residual mean square error) are cal-

Fig. 1 examines a case when the correlation between theculated as follows:
actual activities and those predicted by a QSAR model for Y Gi — y)2
an external test set is characterized®¥y= 0.98, and both ~ s2 = &=~ 1
k and k' are close to 1. Despite these good statistics, the n—2
predictions are inaccurate. Thus, regression lines through thewheres.sis the standard deviation of the predicted activities
origin defined byy® = ky andy’ = k’y (with the intercept for given actual activities. The square of the deviation of the

(7)

set to 0) are not close to the optimum regression lyies mean of the regression line is obtained as
ay + b andy" = a'y + b’. Furthermore, both correlation ) L
coefficients for these lineB2 and R have different values, ~ Sr = P 8

which are quite different from that d®2. R3 and R are

) andF-ratio is calculated according to the formula
calculated as follows:

5. _ ro 2 2
R=1- ZUN G Feip ®
> (Gi — )2 Sres
2 > 0i =57 s2,is also referred to as residual mean square error (RMSE).
Ry =1- Soisz (6b) Sesis standard error of estimation [43]. In Egs. (7) and (8),

' y; correspond to the equation of regressién= ay + b.
wherey® = ky; andy.° = k’y;, and the summations are In most publications wherE-ratio is calculated, authors
over alln compounds in the test set. assume that the high&rvalue, the better is the model. This

The values of all coefficients in both regressioris= assumption is correct, F-values with the same numbers of
ay +bandy” =a'y + b’ are far from the ideal oneaand degrees of freedom [43] are compared. For simple regres-
a' are not close to 1, anldandb’ are not close to 0. sion, the degrees of freedom have values of 1 and 2

This example demonstrates that we need to impose an ad{43]. Most authors do not mention th&tratio is used in
ditional, more strict condition for the QSAR model to have hypothesis testing. Briefly, null hypothesig Hssumes that
a high predictive ability: botfR? and eitherR3 or R{Z must the model does not predict better than the average activity
have similar values. In fact, it can be shown thd > value. H hypothesis is based on the opposite assumption.
max(R3, Réz). The values ob andb’ can be actually signif-  Usually H; is accepted or rejected with a certain significance
icantly different from 0 even for good models (for instance, level «, that means that the probability ofiHbeing true or
see Fig. 2). If the angle between regression liyles- ay+b false is at leastr. Typically, the significance level of 0.95
and y"© = ky is small, then these lines are close to each or 0.99 is used. To find, whether ldan be accepted with a
other in the area close to their intersection. The permissible certain significance levek-distribution function is used. If
values of these angles for good models depend on the rangé--ratio appears to be higher than the corresponding value of
of activities in the test set. The larger the range, the smaller F-distribution function for given degrees of freedony, I4
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Fig. 2. QSAR modeling of Cramer's steroids [16]. (a) Predict®®e vs. ¢ for the models withg? > 0.5 for the same training and test sets. (b)
Observed vs. predicted affinity to corticosteroid binding globulin by the best model obtained using compounds 1-21 as the training set and validated
using compounds 22-31 as the test set. (c) Predi®¥es. ¢? for the models withg?2 > 0.5 for the same training and test sets. (d) Observed vs.
predicted affinity to corticosteroid binding globulin by the best model built using compounds 1-12 and 23-31 as the training set and validated using
compounds 13-22 as the test sets.

accepted otherwise it is rejected [43]. Alternative approach 3. Results and discussion
is to find the boundary significance levebetween H and

Ho. This boundary significance level can serve as an addi- 3.1. Steroids dataset
tional parameter of predictive power of a QSAR model. To

find the boundary significance leve| the following equa- Binding affinities of steroids to corticosteroid binding

tion must be solved: globulin were taken from [15]. The same two distributions
of compounds into the training and test sets as in [15] were

Fin—24 =F, (20) used. The first training set included compounds 1-21 and the

corresponding test set included compounds 22-31. All 160
whereF1 ,_s o is theF-distribution function with 1 and —2 kNN QSAR models for the training set hq& > 0.5. They
degrees of freedom. The higher thghe better is the model.  were used to predict activities of the test set compounds.
We used the MATLAB [44] fcdf function to obtaia-values Thus, for each of these modéts values were obtained. The
for our models. Sincey is very close to 1 for good models, plot of R? versusg? is shown in Fig. 2a. Obviously, this plot
P-values were used instea:value is defined as 4 «. indicates no correlation betweef and R? but does show

For each example, the variable selection/optimization pro- several models with high value &®. The best predictive
cedure described above was performed 10 times for eachmodel was characterized k? = 0.74, R = 0.93 (R? =
value of the descriptor subsbt Thus, for each experimen-  0.86), RS = 0.82, RMSE= 0.04, F = 49.3, k = 0.98 and
tal dataset, 160 QSAR models were built. Models were con- p = 1.1 x 10~* (see Fig. 2b).
sidered acceptable, if they satisfied all of the following con-  The second training set included compounds 1-12 and
ditions: g2 > 0.5, R? > 0.6, R3 or R} close toR?, i.e. 23-31, while the corresponding test set included compounds
[(R? — R3)/R?] < 0.1or[(R? — RZ)/R?] < 0.1, and the ~ 13-22. All 160 models obtained with these descriptors had
corresponding 85 < k < 1.150r Q85 < k' < 1.15. g% > 0.5. They were used to predict activities of the test
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set compounds. For each of these modfsyalues were training and test set were taken from [19]. Thorough 2D

obtained. Plot ofR? versusg? is shown in Fig. 2c. Simi-  QSAR studies were performed for this dataset earlier, as
larly to the previous case, no relationship betwgéandR? the first example to apply our novel chirality descriptors
could be found as well. The best model obtained WXN [38,46]. The training set contained 71 compounds. The test

QSAR approach and non-chiral as well as some chiral de-set contained seven compounds. One of the best models

scriptors had/? = 0.82, R = 0.91 (R? = 0.83), R = 0.79, obtained had the following statisticg? = 0.71, R = 0.98

RMSE = 0.13, F = 399,k = 1.01 andP = 2.29x 10~ (R? = 0.96), R§ = 0.95, RMSE = 0.34, F = 1105,

(see Fig. 2d). k = 0.85 andP = 1.35 x 10~ (Fig. 3a). The total number
Additional calculations were performed with the random- of descriptors was 300; 158 out of 160 models built using

ized binding affinities of compounds from the training sets. these descriptors had > 0.5. Plot ofg? versusR? for this

A total of 160 QSAR models were built for each of the two example is presented in Fig. 3b.

cases. In the first case, only 18 models h&d> 0.5. The Additional calculations were performed using randomized
highestg? was 0.72. The highe®? was 0.49. In the second  training set, and 160 QSAR models were built. The train-
case, 154 models hag? > 0.5. The highestg? was 0.75, ing set for this example was much larger than for Cramer’s

and the highed®? was 0.51. These calculations demonstrate steroids. Therefore, the chance correlation and lgfgeal-

that g? could be high even if the affinities of compounds ues were less likely for the same numliziof descriptors
from the training set are randomized. Only the use of ex- selected from the whole descriptor set. Indeed, the highest
ternal test sets made it possible to establish that all modelsg? for the training set with randomized activities was 0.30.
based on the training set with randomized affinities were Again, as discussed above for the steroid dataset, with-
useless, since they had low predictive power. Actually, in out the validation of the models by using the external test
the absence of the test set calculations, we could have comeset, a wrong conclusion could be made that all 158 models
to a wrong conclusion. The fact that some models based onwith ¢2 > 0.5 are good. However, only nine models had
the training sets with randomized affinities appeared to have R? > 0.6.

high g2 values could be explained by a chance correlation or

structural redundancy [45]. Another reason of highval- 3.3. Histamine H; receptor ligands

ues for randomized data may be the correlation between the

real and randomized activities [45]. It is particularly actual ~ This dataset included 35 analogs of 1-phenyl-3-amino-
for small datasets. In our example, this was not observed.1,2,3,4-tetrahydronaphtalenes,  1-phenyl-3-aminotetralins
In the first case, the correlation coefficient between real and (PATs) and 31 compounds with other structures (non-PATSs)
randomized activity was 0.16, and in the second case, it was[20]. Binding affinities of the compounds to histamine H
0.01. In summary, the majority of the models with high value receptor were taken from [20]. The same training set (50
of g? had no predictive power as assessed by the (low) pre-compounds) and test set (16 compounds) as in [20] were
dictive R%-value. Only 17 models in the first case and only used in our calculations. One of the best QSAR models had

five models in the second case had predicife> 0.6. the following statisticsy? = 0.69, R = 0.85, (R? = 0.72),
RZ = 0.72, RMSE = 053, F = 354, k = 102, and
3.2. Ecdysteroids P = 3.5 x 107° (Fig. 4a). All 160 models built with these

descriptors appeared to hayé > 0.5. Therefore, all of
This dataset contained 78 analogs of ecdyson [19]. Thethem were used to predict binding affinities of compounds
—log(EDsg) values for ecdysteroids and division into the from the test set. Plot of? versusR? for Histamine H

10 1.2
y=0.911x - 0.406 1 .
2 _
g R? =0.9567
0.8
o . o*
@ o~ ¢ %00
e Y 06 .
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Fig. 3. QSAR modeling of ecdysteroids [19]. (a) Correlation between observed and predicted activity values for the best predictive model foathe exte
test set containing seven compounds. (b) Predid®es. o for all models withg? > 0.5.
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Fig. 4. QSAR modeling of histamine jHreceptor ligands [20]. (a) Correlation between observed and predicted activity values for the best predictive
model for the external test set containing 16 compounds. (b) Plot of prediiiwe. ¢? for all models withg? > 0.5.

receptor ligands is presented in Fig. 4b. Despite lygfor development is aimed at the enhancemerg?ofather than
all models, only one of them had predicti®® > 0.6. predictive power (externd®?) of the model. The higher the
Affinities of compounds in the training set were random- number of descriptors relative to the number of compounds,
ized. QSAR models based on the randomized training setthe higher is a chance to select those of them (or latent vari-
were built. The same parameter values as for calculationsables in the case of PLS analysis) that give higlvalues.
with the real training set were used for these calculations Another reason for overestimating thé can be structural
and 160 QSAR models were built. For all these models, redundancy of the training set [45]. In the case of non-linear
maximuma? was 0.43. methods, such d8\N applied in this work, the existence of
As in the previous example, without the validation of our multiple minima could present an additional problem. Many
QSAR models by using the external test set, we could havemodels could be characterized by high but only few of
come to a wrong conclusion about high predictive ability of them are really highly predictive as judged by external vali-
all our models. In fact, only one of them appeared to have dation. That is why the use of an external set of compounds
a relatively high predictive ability. for the model validation is always necessary. We summarize
this conclusion in a simple statemenbeivare of ¢?!”.
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