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Abstract

The potential of the computer program PASS (Prediction Activity Spectra for Substances) to predict rodent carcinogenicity
for chemical compounds was studied. PASS predicts carcinogenicity of chemical compounds on the basis of their structural
formula and of structure—activity relationship analysis of known carcinogens and non-carcinogens. The data on structures anc
experimental results of 2-year carcinogenicity assays for 412 chemicals from the NTP (National Toxicological Program) and
1190 chemicals from the CPDB (Carcinogenic Potency Database) were used in our study. The predictions take into consideratior
information about species and sex of animals. For evaluation of the predictive accuracy we used two procedures: leave-one-ou
cross-validation (LOO CV) and leave-20%-out cross-validation. In the last case we randomly divided the studied data set 20
times into two subsets. The data from the first subset, containing 80% of the compounds, were added to the PASS training se
(which includes about 46,000 compounds with about 1500 biological activity types collected during the last 20 years to predict
biological activity spectra), the second subset with 20% of the compounds was used as an evaluation set. The mean accurac
of prediction calculated by LOO CV is about 73% for NTP compounds in the ‘equivocal’ category of carcinogenic activity and
80% for NTP compounds in the ‘evidence’ category of carcinogenicity. The mean accuracy of prediction for the CPDB database
is 89.9% calculated by LOO CV and 63.4% calculated by leave-20%-out cross-validation. Influence of incorporation of species
and sex data on the accuracy of carcinogenicity prediction was also investigated. It was shown that the accuracy was increase
only for data on male animals.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction

Progress in combinatorial chemistry and high-

throughput screening is resulting in significant

* Corresponding author. Tel.: +7 95 247 3029; fax: +7 952450857, increases in the numb_er of known chgmlca_l com-
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ing carcinogenicity, is an important part of both drug dicted. Moreover, this experiment shows that testing in
R&D and protection of the environment. Clearly, celllines and using approaches based on expert evalu-
such toxicological investigations increase concomi- ations provide more accurate results than do available
tantly with the increase in the number of chemical computer-aided approaches.

compounds. It is not possible to study carcinogenicity =~ The main purpose of carcinogenicity prediction is
of chemicals in humans, and therefore several speciesa determination of carcinogenicity for chemical com-
of animals are used for carcinogenicity assessment. pounds without using the long-term biological assays.
One of the most general methods of carcinogenicity This conforms to the biological activity spectra con-
assessment is 2-year carcinogenicity assay for rodentscept, on which the PASS approach (Prediction of Activ-
(mainly rats and mice), which is time-consuming and ity Spectra for Substances) is based: all potential activ-
highly expensive. A study made by Gold et #l] ities caused by the compound in biological entities are
shows that if a chemical is a carcinogen for rats and presented as a biological activity spectrum of the sub-
mice there is a 50% probability that it will be a human stance[14]. Carcinogenicity is one of many potential
carcinogen. Our comparison of chemicals classified activities of chemical compounds that is predicted and
by the IARC human carcinogenic hazard classification it is described qualitatively. A qualitative description
(International Agency for Research on Can¢2}with of biological activities provides the basis for includ-
rodent carcinogenicity data from CPDB (Carcinogenic ing the data collected from many different sources
Potency Database) shows that about 90% of evident, in the PASS training set. The PASS approach uses a
probable and possible human carcinogens (Groups 1,heterogeneous training set and universal descriptors
2A and 2B by IARC classification) are rodent carcino- of molecules that provide high accuracy and robust-
gens. The possibility of extrapolating rodent bioassay ness of biological activity predictigi4—18] Features
data to human carcinogens was shown by other inves- of carcinogenic manifestations which may depend on
tigators[3]. According to the strength-of-evidence cri- species, sex and tissues may be taken into account
teria used by IARC, chemicals that induce cancer in as particular types of biological activity. On the basis
two species should be considered most likely to pose of such statements we studied the prediction accu-
carcinogenic hazards to humaf@§ and need more racy of the PASS approach for rodent carcinogenic-
detailed and extensive evaluation of the available data ity data from on-line representation of NTR9,20]

and information. Many approaches have been devel- and CPDB[21,22] databases. This paper describes an
opedto predictrodent carcinogenicity. These vary from investigation of PASS prediction accuracy for different
short-term biological assays,6] and expert systems categories of carcinogenicity (evident, equivocal and
[7,8] to computer-aided carcinogenicity prediction on non-carcinogens) from the NTP database according to
the basis of structure—activity relationshif@-11]. species and sex of animals. We analyzed the influence
Unfortunately, by comparison of prediction resultswith  of combination of chemicals by species and sex on
experimental data it has been shown that the averagethe accuracy of carcinogenicity prediction. The accu-
prediction accuracy of these approaches is less thanracy of carcinogenic prediction for chemicals from the
65% [12,13] The reasons for this poor accuracy are CPDB database was studied and compared with that for
the limited number of chemical compounds from some compounds from the NTP database. Concordance, sen-
chemical classes used as training sets, imperfection of sitivity and specificity values of carcinogenicity predic-
applied approaches and complex pathogenesis of car-tion were found to depend on the threshold of estimated
cinogenicity. Nevertheless, whether or not a compound probability.

is a carcinogen depends (as do all its properties) on its

molecular structure. Analysis of the second compara-

tive exercise (Predictive Toxicology Challenge of US 2. Data and methods

National Toxicology Program) for carcinogenicity pre-

diction methods shows that the most difficult problemis 2.1. PASS technology

a separation of true carcinogens from non-carcinogens

that contain structural fragments of carcinog§gt. The PASS approadh4—16]is described in detail on

As a consequence, too many false positives are pre-the web-sitelfttp://www.ibmh.msk.su/PAS%&nd in a
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book [17]. Here, we present only a brief description
of the PASS method, necessary for a general under-
standing of how it works. PASS uses MNA (Multi-
level Neighborhoods of Atoms) descriptors for pre-
sentation of a compound’s structufg8]. They are
based on a molecular structure description according

to the valences and partial charges of connected atoms

(including hydrogen atoms) although the bond types
are not specified. MNA descriptors are generated as a
recursively defined sequence:

o zero-level MNA descriptor for each atom is the label
A of the atom itself;

e any next-level MNA descriptor for the atom is the
sub-structure notatioA(D1D;- - -Dj- - -);

where D; is the previous-level MNA descriptor for
ith immediate neighbor of the atom. The neigh-
bor descriptor®1D,- - -Dj- - - are arranged in a unique
manner, e.g., in lexicographic order. The atom label
A may include not only the atomic type but also any
additional information about the atom. In particular, if
the atom is not included in any ring, it is marked by
“-". The iterative procedure for MNA descriptor gen-
eration can be continued to cover the first, second, etc.,
neighborhoods of each atom. In this way the structure
of any molecule is represented as a set of MNA descrip-
tors.Fig. 1 shows the structure and MNA descriptors
of Amiben (2,5-dichloro-3-aminobenzoic acid) which
is a carcinogen in female mice.

In PASS the biological activity is described qualita-
tively (‘active’ or ‘inactive’). The algorithm of predic-
tion is based oiB-statistics specially designed for the
PASS approach. For each type of activlty, the fol-
lowing Bi values are calculated based on the molecule’s
structure represented by the setoMNA descriptors

{Dl, . ey Dm}
By — Sk — Sok 7
1— SirSox
S, — sin >-;arcsin(2P(Ax|D;) — 1)

m
Soxr = 2P(Ar) — 1

whereP(Ak|D;) is a conditional probability of activ-
ity type Ag if the descriptorD; present in the set
of a molecule’s descriptors arf(Ay) is the a priori
probability to find a compound with activity typ&.
The estimates of the probabiliti®Ay), P(Ax|D;) are

esearch 586 (2005) 138-146

0
0]

Cl1

Cl N
MNA/1 MNA/2
HC C(C(CC-H)C(CC-H)-CI(C))
HN C(C(CC-H)C(CC-CI)-C(C-0-0))
HO C(C(CC-H)C(CC-CH-N(C-H-H))
CHCC C(C(CC-CYCICC-N)-CI(C))
ceec C(C(CC-C)CICC-CI)-H(C))
CCCN C(C(CC-N)C(CC-CI)-H(C))
ccecl -H(C(CC-H))
CCoo “H(-N(C-H-H))
NHHC -H(-O(-H-C))
OHC C(C(CC-C)-O(-H-C)-0(-C))
ocC N(C(CC-N)-H(-N)-H(-N))
CIC -O(-H(-0)-C(C-0-0))

-O(-C(C-0-0))
-CI(C(CC-CD)

Fig. 1. List of the MNA descriptors for Amiben (2,5-dichloro-3-
aminobenzoic acid). MNA/1 and MNA/2 are descriptors of the first-
and second-level, respectively.

given by

nijj

1

P(A) =5 P(AID) =
where n is the total number of compounds in the
training set,n; the number of compounds containing
descriptoD; in the structure descriptiomy the num-

ber of compounds containing the activity typg in

the training set andk is the number of compounds
containing both the activity typay and descriptob;.

The PASS training set used for this work con-
tained 45,660 substances represented by 43,000 MNA
descriptors and possessing about 1500 different types
of biological activity which are molecular mechanisms
of action, pharmacological activity, side and toxic
effects. The training set was collected during 25 years
from the literature and databases that describe the real
experimental data. The structural information input of
PASS is a MOL- or SD-file (MDL Information Sys-
tems Inc.)[23]. The results of prediction (output) can
be represented as CSV, TXT or SD-files containing a
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list of activities with the estimates of probability of because of major flaws cannot be evaluated (inadequate
being active Py) and inactive p;), respectively. Only  study). We used a set of 412 chemical compounds from
activities for whichP4 > P; can be considered as prob- the NTP database for training in PASS. Small inorganic
able. compounds (e.g., N&), oils, paraffins and mixtures
We used carcinogenicity data from NTP and CPDB of compounds were excluded from the set. The pre-
databases as training sets separately or in combinationviously existing PASS training set already included
with the existing PASS training set. In the last case all 337 structures of carcinogens, and thus only 75 new
compounds from the PASS training set different from structures were added. The PASS training set includes
those of NTP and CPDB databases were considered aompounds with carcinogenic activity, but this activ-
non-carcinogens. Actually some of these compounds ity is not specified by species. From 337 compounds
may be rodent carcinogens. Analysis of drugs included which are inthe NTP database and in the PASS training
inthe open part of the FDA database on rodent carcino- set 152 compounds are carcinogens, 119 are muta-
gens ttp://www.predictive-toxicology.org/data/fda/  gens, 107 compounds have embryotoxic effects, 105
shows that only 17% of 223 drugs reveal carcinogenic- compounds have toxic effects and 68 compounds are
ity in two species and 43% at least in one. In spite teratogens. These compounds reveal also about 200
of lack of knowledge whether all of these compounds other types of biological activity, but with a frequency
are non-carcinogens or not, our experiments show thatof less than 40 compounds. We combined two cat-
such a procedure improves the accuracy of prediction egories of positive results (clear evidence and some
(see Sectior8). In that way we increase the training evidence) into one, which was described according to
set. The positive influence of the database size on thethe species and sex of animals as ‘carcinogen, female
informational content was confirmed by Takihi et al. mice’; ‘carcinogen, male mice’; ‘carcinogen, female
[24]. Increasing the number of inactive compounds in rats’ and ‘carcinogen, male rats’. For the ‘equivocal
thetraining setalso improves the accuracy of prediction evidence’ category we used the following descrip-
that was shown in the study on mutagenicity prediction tions: ‘carcinogen, equivocal, female mice’; ‘carcino-

by Liu et al.[25]. gen, equivocal, male mice’; ‘carcinogen, equivocal,
female rats’ and ‘carcinogen, equivocal, male rats’. All
2.2. Databases compounds that did not fall into any category were

considered as non-carcinogens. The CPDB database
Quality of experimental data plays a key role in (http://potency.berkeley.edu/cpdb.hjmnicludes infor-

computer-aided carcinogenicity prediction. We used mation from the NTP database and data of carcino-
two on-line resources of rodent carcinogenicity data: genicity studies reportedin the literature with minimum
the US National Toxicology Program (NTP) database protocol requirements for 1190 chemical compounds
[19,20] and the Carcinogenic Potency Data Base [26]. The results of carcinogenicity bioassays are rep-
(CPDB) [21,22] Both databases contain results of resented by TByvalues (dose at which tumorogenesis
the standard 2-year rodent carcinogenicity bioas- was found in 50% of tested animals) for each species
say for chemical compounds, which takes into con- (mice, rats) and by tissue targets for tumor forma-
sideration species and sex of animals (male or tion for each species and sex. The CPDB database
female, mice or rats). The NTP databab#&g://ntp- contains data about tumor manifestation in 36 tissues.
server.niehs.nih.gov/htdocs/pub.htnmihcludes more The PASS training set already included 753 structures
than 480 diverse chemical compounds and their mix- from the CPDB database, and hence 437 structures
tures, which were evaluated under a strict experimental were added as new ones. From 753 compounds which
protocol. Five categories of carcinogenic activity are are in the CPDB database and in the PASS training
used in the NTP database to summarize the strengthset 282 compounds are carcinogens, 249 are muta-
of the evidence observed in each experiment: two cat- gens, 223 have embryotoxic effect, 221 compounds
egories for positive results (clear evidence and some have toxic effect and 136 compounds are teratogens.
evidence); one category for uncertain findings (equiv- These compounds reveal also about 400 biological
ocal evidence); one category for no observable effects activity types, but with a frequency of less than 60
(no evidence); and one category for experiments that compounds.
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We also compared carcinogenic activities for the
chemicals that are present in both NTP and CPDB
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3. Results and discussion

databases. Itappeared that the difference between thes8.1. Prediction of carcinogenicity on the basis of
is about 15%. We did not correct these data and usedNTP data

them as itis.

2.3. Validation of the prediction accuracy

We used the independent accuracy of prediction
(IAP) values to estimate the prediction accuracy. IAP
was calculated for each type of activity in PASS pre-
dictions:

_ N(p1> po)
nino

IAP

whereN(p1 > pp) is the number of cases when the pre-
dicted probability of an active compoung;j to be
active is greater than the predicted probability to be
active for an inactive compoungq); n1 andng is the

Initially, we studied the predictive accuracy of PASS
for data from the NTP database, which were used
together with the PASS training set, and separately.
The number of compounds and the accuracy of car-
cinogenicity prediction calculated by LOO CV for
the NTP set (IARtp) and in combination with the
PASS training set (IABas9 also as leave-20%-out
cross-validation (IARopas9 procedures for each ani-
mal group are displayed ifable 1

The prediction accuracy calculated by LOO CV
for combined NTP and PASS training sets (AR
shows that the prediction accuracy for compounds
from the category ‘equivocal’ (nos. 1-4) was worse
than for positive carcinogens (nos. 10-14), varying

number of active and inactive compounds, respectively from 75.6 (carcinogen, equivocal, male rats) to 82.1%

in the evaluation subset.
For evaluation of the accuracy of prediction we used

(carcinogen, equivocal, female mice). The mean accu-
racy for ‘equivocal’ activities is 78.9%. At the same

two procedures: leave-one-out cross-validation (LOO time the mean accuracy for positive carcinogens is
CV) and leave-20%-out cross-validation. In the last 86.7%. It varies from 85.7 (carcinogen, female rats)
case we randomly divided the studied set 20 times into to 87.6% (carcinogen, female mice). Combining activ-
two subsets. The data from the first subset contain- ities by sex (nos. 5, 6, 14, 15) or by species (nos.
ing 80% of the compounds were added to the PASS 7-9, 16-18) did not lead to any significant increase
training set, the second subset with 20% compounds of the accuracy of carcinogenic prediction. Analysis
was used as an evaluation set. Thus, we prepared 20of the prediction accuracy activity types show that the
pairs of training and evaluation sets. Each training set combination of animal groups makes sense only for
was added to the PASS training set or used separatelymale data (carcinogen, equivocal, male mice—77.3%,
then PASS was retrained and a prediction of carcino- carcinogen, equivocal, male rats—75.6%, carcino-

genicity was made for the appropriate evaluation set.
The reason for partition of the set 20 times is the fol-
lowing: if we have 20 values of variate then 18 of
them or 90% are between minimal and maximal val-
ues. Therefore, minimal and maximal values from 20
values of variate reflect the 90% confidence interval:
90% = (100x (20—2)/20).

To compare the quality of PASS prediction with

gen, equivocal, male rodent—=80.6%; carcinogen, male
mice—86.2, carcinogen, male rats—87.3, carcinogen,
male rodent—87.9). When we used only the NTP set
as a training set for carcinogenicity prediction then
the accuracy of prediction (IAfp) was considerably
reduced by 30-40% and some activity types could
not be predicted. The discussion about the reasons for
such a distinction is given in Sectiéh2. At the same

other methods, we used characteristics generally time, also for the joint NTP and PASS training sets,

applied in evaluation of carcinogenicity: concor-
dance, sensitivity and specificif27]. Concordance
is the ratio of total correct predictions to total num-
ber of predictions, sensitivity is the percentage of
correct predictions for carcinogens and specificity
is the percentage of correct predictions for non-
carcinogens.

positive carcinogens were predicted better than com-
pounds from the ‘equivocal’ category. The accuracy
of carcinogenicity prediction for NTP data calculated
by the leave-20%-out cross-validation (189Bas9 also
shows that positive carcinogens were predicted better
then compounds from the ‘equivocal’ category. The
mean accuracy prediction for positive carcinogens was



A.A. Lagunin et al. / Mutation Research 586 (2005) 138—-146 143

Table 1

The number of compounds, accuracy of prediction and categories of carcinogenic activity for NTP data

No. Number IARAsS (%) IAPNTP (%) 1AP20pass(%0) Activity type
1 23 82.1 46.5 54.2 Carcinogen, equivocal, female mice
2 36 80.7 41.8 50.9 Carcinogen, equivocal, female rats
3 39 77.3 - 46.0 Carcinogen, equivocal, male mice
4 41 75.6 46.8 38.0 Carcinogen, equivocal, male rats
5 55 81.1 - 47.6 Carcinogen, equivocal, female rodent
6 75 80.6 37.1 43.4 Carcinogen, equivocal, male rodent
7 55 77.1 - 41.6 Carcinogen, equivocal, mice
8 67 82.8 42.4 49.3 Carcinogen, equivocal, rats
9 110 81.1 - 42.4 Carcinogen, equivocal, rodent

10 147 87.6 48.4 57.5 Carcinogen, female mice

11 120 85.7 48.2 57.0 Carcinogen, female rats

12 125 86.2 47.9 60.8 Carcinogen, male mice

13 152 87.3 47.3 57.0 Carcinogen, male rats

14 190 86.6 48.2 56.0 Carcinogen, female rodent

15 201 87.9 48.3 60.0 Carcinogen, male rodent

16 165 87.4 47.4 59.0 Carcinogen, mice

17 172 86.9 49.6 57.0 Carcinogen, rats

18 228 87.4 46.9 57.2 Carcinogen, rodent

IAPpass invariant accuracy of prediction calculated by the leave-one-out cross-validation procedure for joint PASS and NTP data; IAP
invariant accuracy of prediction calculated by the leave-one-out cross-validation procedure for NTP dajgsddhvariant accuracy of
prediction calculated by the leave-20%-out cross-validation procedure on the basis of joint PASS and NTP data; —: activity types that could not
be predicted by PASS.

58.1%, which is 10% better than for compounds from the PASS training set with drug-like compounds and

the ‘equivocal’ category (47.3%). the CPDB set together and separately as training sets
for prediction of rodent carcinogenicity. We calculated

3.2. Prediction of rodent carcinogenicity on the IAP by LOO CV for all compounds from the training

basis of CPDB data set (IARbass and IAR:ppg) and IAP by leave-20%-

out cross-validation for the CPDB set (IAdPassand
We estimated the accuracy of rodent carcinogenic- 1AP2ocppg). Table 2shows the result of these calcula-
ity prediction for 1190 compounds from the CPDB set. tions for each group of animals.
In this investigation we studied the influence of data =~ The mean accuracy calculated by LOO CV for the
on possible non-carcinogens contained in the PASS combination of the PASS training set and compounds
training set on the accuracy of prediction. For this we from the CPDB database (I4Rsg was 89.9%. This
compared the prediction results for the CPDB set using value is 3% higher than the accuracy of carcinogenicity

Table 2

The number of compounds, accuracy of carcinogenicity prediction calculated by the leave-one-out cross-validation (LOO CV) procedure (IAP)
for CPDB data

Activity type Number IARASS (%) IAPcppB (%) IAP20pAsS (%) IAP20cPDB (%)
Carcinogen, female mice 294 90.8 74.0 65.3 58.9
Carcinogen, female rats 319 89.7 70.5 65.5 59.1
Carcinogen, male mice 277 90.1 65.3 62.8 57.8
Carcinogen, male rats 357 88.9 71.8 59.8 51.9
Mean values 312 89.9 70.4 63.4 56.9

IAPpass invariant accuracy of prediction calculated by the leave-one-out cross-validation procedure for joint PASS and CPDB ¢laig; IAP
invariant accuracy of prediction calculated by the leave-one-out cross-validation procedure for CPDB dajagd\Pivariant accuracy of
prediction calculated by the leave-20%-out cross-validation procedure on the basis of joint PASS and CPDB glafay#ARvariant accuracy

of prediction calculated by the leave-20%-out cross-validation procedure for CPDB data.
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prediction for the NTP data in spite of the fact that the Predictions for two groups of animals (carcinogen,
NTP data were obtained under the more strict protocols male mice and carcinogen, female mice) coincided
and are less diverse chemically in comparison with the with the experimental results. The probability of a
CPDB set. This may be explained by the higher num- carcinogenic effect for these groups exceeds 75%. Car-
ber of compounds in the CPDB set than in the NTP cinogenicity was predicted also for male rats, whereas it
database. was not found experimentally. However, the low value
Using only CPDB set for training, we obtained a of the probability of a carcinogenic effect in this group
mean accuracy of 70.4% (IAJBpg), whichis 20%less  of animals and the small difference betwdéxr{0.183)
than for the joint PASS and CPDB data. Since the PASS andP; (0.167) values of probability shows that this pre-
training set contains mostly non-carcinogenic drug- diction is not significant.
like compounds, its addition to the data from CPDB As mentioned above, one of the main conclusions
increases the structural diversity of non-carcinogens. from the NTP comparative exercises was the difficulty
As a consequence, the discrimination between car- in separating true carcinogens from non-carcinogens
cinogens and non-carcinogens is also increased, thusthat contain structural fragments of carcinogens. To
improving the accuracy of prediction. Thisis clearfrom reproduce the same condition with methods that were
the leave-20%-out cross-validation. When 80% of the applied in the NTP comparative exercises (1996), we
CPDB set was used together with the PASS training set used as a training set only those data from NTP that
(IAP20pasg for the training of PASS, then the mean were available at that time, i.e. from 1976 to 1995.
accuracy of prediction for 20% of the CPDB set was Our computer experiment with prediction of carcino-
63.4%. When 80% of the CPDB set was used sepa- genicity for 30 compounds used in the second NTP

rately from the PASS training set (I1ABcppp for the
training of PASS, then the mean accuracy of prediction
for 20% of the CPDB set decreased to 56.9%, a dif-
ference of 6.5%. Therefore, in further experiments we
combined the PASS training set and the CPDB data.
Fig. 2 shows an example of rodent carcinogenicity
prediction for 1,2,3,4,5,6-hexachloro-benzene.
Carcinogenic effects for three animal groups with
probability P> P; were predicted for this compound.

Cl
Cl Cl
Cl Cl
Cl
> <CAS>

58-89-9

> <ACTIVITY_PREDICTION>
6 Substructure descriptors; (0 new.

3 Possible activities.

Pa Pi for Activity:
0.811 0.004 Carcinogen, male mice
0.761 0.005 Carcinogen, female mice

0.183 0.167 Carcinogen, male rats

Fig. 2. Example of carcinogenicity prediction for 1,2,3,4,5,6-
hexachlorobenzene. Known activities are marked in bold.

comparative exercise shows that concordance of car-
cinogenicity prediction by PASS was 62.5%, sensitiv-
ity 86.7% and specificity 22.2% &, > P; threshold.
That is, despite the high number of correctly predicted
carcinogens, most non-carcinogens were predicted as
carcinogens. A similar result was obtained for most
of the best approaches applied in the NTP compara-
tive exercisefl3]. Prediction results of carcinogenicity
expressed bR, andP; values solve the problem of sep-
arating carcinogens and non-carcinogens by means of
selection of a particular difference betwepandP;

as a thresholdHig. 3.

The curves irFig. 3were calculated by LOO CV for
CPDB dataFig. 3 shows that changing th&; — Py’
threshold from O to 95% leads to an increase in the
prediction accuracy of non-carcinogens and decreases
the number of false positives. Specificity increases
from 36.4 Pa—P;>0) to 99.5% P;— P;>95%).

At the same time, however, such change leads to a
decrease in the prediction accuracy of carcinogens.
Sensitivity decreases from 84.B5(— P; >0) to 4.5%
(Pa— P;>95%). Taking into consideration all three
curves presented iRig. 3, it was suggested that the
optimal threshold is &, — P; > 30%. In this case con-
cordance has a maximal value of 64.4%, specificity
62.4% and sensitivity 66.2%.

In this investigation we can see an inverse nega-
tive relationship between sensitivity and specificity.
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100 |
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40 |

Accuracy of prediction

20 | AT

. “ling

>0 >10 >20 >30 >40 >50 >60 >70 >80 >90 >95
Pa-Pi

---#--- Sensitivity —m— Specificitly —a— Concordance

Fig. 3. Accuracy of carcinogenicity prediction depending on threshold of difference beRyeeP; values. Concordance = total correct pre-
dictions/total number of predictions, sensitivity = percentage of correct predictions of carcinogens, specificity = percentage of corienspredict
of non-carcinogens.

The same observation was made on the study by 4. Conclusions
Matthews and Contrera, which reported a modified
FDA-MCASE model for carcinogenicity prediction Studying the prediction of rodent carcinogenicity by
based on an expanded version of the CPDB enrichedthe PASS software has shown that the PASS algorithm
with pharmaceuticals and with an FDA weight-of- can be successfully applied for this purpose. Analysis
evidence-graded activity assignmd@8]. They also of prediction results of rodent carcinogenicity shows
had discordance between sensitivity and specificity. that use of data on carcinogenicity together with data
In that investigation the authors reported high sen- for drug-like compounds from the PASS training set,
sitivity and low specificity in rodent carcinogenicity which are represented as possible non-carcinogens,
prediction but did not provide a possibility to find an increases the accuracy of carcinogenicity prediction.
optimum between two. They supposed thatthe relation- Changing of the P; — P;’ threshold leads to revision
ships between sensitivity and specificity depend on the of sensitivity and specificity of carcinogenicity predic-
quality of a training set. We think that it also depends tion. It may be used to increase the number of correctly
on the algorithm of the method and an output of predic- predicted carcinogens or non-carcinogens. Our study
tion results. In our opinion it is very important to have shows that the mean prediction accuracy calculated by
a possibility to change one to improve another and our LOO CV was 78.9% for ‘equivocal’ and 86.7% for
approach provides this. ‘evident’ carcinogens. The study also shows that com-
Some of the rodent carcinogenicity prediction bining NTP data on species and sex did notincrease the
approaches used in the NTP comparative exercises,accuracy of carcinogenicity prediction with the excep-
such as MULTICASE, provide useful information tion of data for male animals. The mean accuracy for
(rules or structural features, which may be reason of combined CPDB data and the PASS training set was
this effect) for rationalization and justification of a 89.9% calculated by LOO CV and 63.4% calculated
prediction. We consider that the representation of rela- by leave-20%-out cross-validation for ‘evident’ car-
tionships between the PASS descriptors and carcino- cinogens. This accuracy was achieved without expert
genicity is possible but it has not been realized yet. We evaluation of prediction results and is comparable with
studied this possibility, but at present it may be done the best currently available methods of carcinogenic-
only in statistical terms. ity prediction. Carcinogenicity prediction for rats and
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mice of both sexes may be useful for extrapolation of
rodent carcinogenicity to humans.
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