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A data set of 420 pesticide persistences in the environment was collected as field half-life (HL) using
several on-line databases. Due to the fuzziness of observed values, the compounds were grouped into three
major categories: class 1 when a pesticide has HL � 30 days; class 2, if 30 < HL � 100 days; and class
3, if HL > 100 days. The Quantitative Structure-Biodegradation Relationship (QSBR) analysis was worked
out on the training set of 315 pesticides. Thirty one topological substructural descriptors were used and the
decision tree approach was employed for the modeling. Estimation results were as follows: for the train set, 5
compounds of two-unity (class 1/class 3) misclassification, 38 compounds of unity (class 1/class 2 and class
2/class 3) misclassification, and 272 compounds (86.3%) were correctly classified; for the test set, there were
3, 20, and 82 compounds (78.1%) respectively. The computer expert system EKeeper was developed on the
basis of the QSBR model.
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1 Introduction

A great number of new chemical substances are em-
ployed by different present-day industries, such as chem-
ical, pharmaceutical, and agricultural. The disposability
of a new compound is a key feature of a chemical to be
applied anywhere, together with its target functionality.
This fact especially applies to the pesticides, which are
normally released onto the ground.

The experimental evaluation of chemical degradation
in the environment is highly complicated due to multiple
reasons. These include the variation of moisture, tem-
perature, chemical and microbiological composition of
soil, ability of a chemical to volatilize and photo-degrade.
The involvement of some longer-term processes, primar-
ily related to changes in the population of microorganism
species in soil or natural waters, can not be excluded. The
assessment test for disposability is expensive and usually
time-consuming. In some cases, when a chemical is not
mineralized or broken down to nontoxic products, there is
a possibility of extensive spoilage creating health hazards
to fauna and humans.

Thus, the theoretical estimation of disposability is
very valuable. Unfortunately, its modeling is extremely

complex, due to a quantity of reaction mechanisms for
environmental degradation. On the other hand, the us-
age of the Quantitative Structure-Biodegradation Rela-
tionship (QSBR) [1, 2] techniques is a reasonable alterna-
tive way for developing of so-called “Expert Systems” for
estimation of the environmental degradability. QSBR ap-
proaches are based on the postulation that the degradation
ability of the compound can be described by some kind
of modeling function of numerical descriptors represent-
ing the molecular structure. These numerical descriptors
may be of many types: calculable physicochemical prop-
erties (octanol-water partition coefficient, surface area,
refractivity, polarizability), various spatial or topologi-
cal molecular indices, charge-distribution-related param-
eters, quantum chemical and molecular field parameters,
and occurrences of certain structural features. Multiple
QSBR models have been suggested for the estimation of
degradability for some homogeneous series of molecules
belonging to specific chemical classes [3–9]; most of
them operate with short and congeneric training sets up
to 40 compounds, and may have only a limited applica-
tion. In a newer model [10], the size of a training set
is not stated but the model has been validated by a ho-
mologous set of 177 mono benzene derivatives and 168
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acyclic compounds only. Some models have been cre-
ated with very short data sets of 18 compounds [11] and
36 compounds [12].

Models dealing with the larger sets of heterogeneous
molecules are of more practical importance. Howard and
coworkers developed linear and nonlinear models to es-
timate the probability of aerobic biodegradation of 264
compounds from the BIODEG database [13, 14]. To clas-
sify the compounds to be rapidly or slowly biodegrad-
able, they used 35 fragmental descriptors achieving ac-
curacies for the training set of 90.5 and 89.8% and for
the test set (27 chemicals) of 81.5 and 88.8% for lin-
ear and nonlinear models, respectively. Klopman and
coworkers created the program CASE [15] which auto-
matically identifies and analyzes molecular fragments of
a data set to create the discriminant function between
rapid and slow biodegradability. They used 283 aliphatic
and aromatic compounds from the BIODEG database
and found 37 important substructures. For a test set of
27 compounds the correct prediction was 74%. Dev-
illers and colleagues developed a new database of aerobic
biodegradability of 184 chemicals with the help of 17 ex-
perts [16]. They associated the experts’ ‘hours’, ‘days’,
‘weeks’, ‘months’, and ‘longer’ responses with 1 to 5 in-
tegers. As the next step, they used 66 autocorrelation in-
dices encoding the hydrophobicity of molecules followed
by the extraction of nine first principal components.
Biodegradability was modeled by back-propagation neu-
ral network resulting in a squared correlation coefficient
of 0.76 for the training set of 172 molecules and 0.49 for
the test set of 12 molecules [17].

The newer studies deal with the more comprehen-
sive MITI I data set for biodegradability of about 900
diverse compounds [18]. Loonen et al. used PLS anal-
ysis processing 127 predefined structural fragments and
gained 85% and 83% of correct predictions for the total
set and on average for four test sets, respectively [19]. On
the other hand, Sabljic and coworkers applied the induc-
tive machine learning method to the whole MITI I data
set achieving 84% of correctly classified chemicals [20].
Those published results are in fact significant and may
have a potential for practical use.

Our study was specifically directed at the pesticide
area. In this work, (i) the collection of pesticide degrad-
ability database and (ii) the development of an estimating
scheme on its basis were carried out.

2 Methodology and Experimental
Part

2.1 Data set

As a first approximation, environmental disappear rate of
a chemical is proportional to its concentration and the

first-order reaction may be assumed:

[A] = [A]0 � e
(�kt) (1)

where [A]0 and [A] are initial and remained after time t
concentrations of the chemical and k is a time constant.
The convenient half-life period (HL) of a chemical is the
time needed to decrease the concentration by factor 2.
Then the equation (1) can be transformed to

HL = t = ln2=k: (2)

Unfortunately, the environmental HL of a chemical
compound is a highly fuzzy value, due to a number of
reasons. Also, there may be different order degradation
mechanisms, as well as some other peculiarities like the
accumulation of hazardous but stable decay products.

Because of such uncertainty, the use of a discrete
value may be a quite reasonable way to describe the
degradation ability of a chemical compound. Several
scales have been used, such as 2-level (i.e. a chemical
degrades rapidly or not) [18], 3-level [21], and 4 (and 5)-
level [16]. We consider that 3-level scale (i.e. a chemical
degrades rapidly, moderately, or slowly) is a reasonable
choice because the 2-level scale is too rough, whereas in
scales with many levels it is often more difficult to find
the correspondence for a chemical with an appropriate
single level. 3-Level scale [21] categorizes the pesticides
into the following classes:

8<
:

class 1; if HL � 30 days;
class 2; if 30 days < HL � 100 days;

class 3; if HL > 100 days:
(3)

Compilation of the degradation rates of many com-
pounds is a significant problem because test conditions
ought to be uniform. Only the MITI (Japanese Ministry
of International Trade and Industry) [18] assessment of
894 chemicals satisfies this normal requirement. How-
ever, it includes the 2-level valuation.

A massive compilation of degradation data for about
240 pesticides was made by the U.S. Environmental Pro-
tection Agency [22]. The data were received from many
references, thus the test conditions varied appreciably.
The project is continuous and the renewed database is
presented on the Internet [23] (we have processed 334
pesticides).

Nevertheless, some problems related to few observa-
tions for certain chemicals and in general with the ab-
sence of comments for a given half-life data, often arose
while using Refs. [22, 23]. A good solution for these
problems involved using the rich Hazardous Substances
Data Bank of the U.S. National Library of Medicine
(HSDB) [24]. It offers the explanation of degradation de-
tails and frequently provides new additional references.

The Pesticide Management Education Program at
Cornell University was another and often comple-
mentary database [25]. For several compounds with
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unreliable or too scanty persistence reports, it of-
fered data unlisted in Refs. [22–24]. Those chemi-
cals are dienochlor, dodine (cyprex), mepiquat chlo-
ride, propamocarb, propoxur, pyrithiobac, quizalofop-
ethyl, temephos, terbufos, triadimefon, triflumizole, and
trimethacarb. For trichloroacetic acid (TCA) a review of
its environmental behavior has been published recently
[26].

Gathering all the available data from Refs. [22, 23],
with the help of the other above-mentioned sources, the
data set of the persistence of 315 pesticides in field con-
ditions was collected and presented in the Table 1 [27].
It consists of organic and ‘organic-like’ (carbon disul-
fide, ammonium sulfamidate, chloropicrin) compounds,
where HL data exists. Several pesticides include nontoxic
aluminium, iron, and silicon. Compounds with toxic ar-
senic and tin were excluded as these elements are danger-
ous for the environment, and the usage of such pesticides
is specially regulated by law.

On the other hand, it was recognized that HSDB
still has many pesticides not included in our data set.
To take them, we used the comprehensive Compendium
of Pesticide Common Names [28] (1086 compounds,
up to October 2002) to extract all the new CAS num-
bers, followed by the extraction of corresponding infor-
mation on environmental degradability from HSDB. As
the last step, we cleaned the data removing the com-
pounds with insufficient degradability information, sub-
stances which include toxic elements (As, Sn, Hg), or
too complex mixtures of compounds under a single trade
name (camphechlor - mixture of at least 177 chlorinated
camphenes). Often, we have found specific relevant facts
in the Pesticide Management Education Program at Cor-
nell University [25]. As a result, the new data set has 105
pesticides, and is presented at the Table 2.

The pesticides were associated with the persistence
class according to the rules (3). The persistence data were
critically evaluated employing additional rules: (i) for the
wide data ranges, a greater half-life period was decided
to be the cheaper (i.e. safer) mistake for the environment;
(ii) for the ranges of HL, geometric mean was assumed
(as for log-normally distributed data). For instance, the
pesticide aldrin has the following HL values collected:
28, 43-63, 10, 183, 273-365, 21-584, and 20-100 days.
Definitely, the class 1 is not the case (rule (i)), and the
smallest values (10, 20, 21, and 28) were removed to re-
tain the greater values only. For the rest (43, 63, 183, 273,
365, 30, 584, 30, and 100 (30 were used twice to replace
21 and 20), its geometric mean (rule (ii)) is 111 days as-
sociating aldrin with the class 3. Such serious data in-
consistency problems arose frequently during the prepa-
ration of the data set. Often compounds had either too
wide range of HL values (as for aldrin), which led to the
determination of a fuzzy persistence class, or only 1 or
2 observations, which resulted in an unreliable conclu-
sion; such cases were marked in Table 1 by ‘� ’ and ‘� ’

respectively [27].
For each compound the structural information was

prepared. The ChemIDPlus database [29] of the National
Library of Medicine (350K structures) was used as a con-
venient source for acquiring molecular structures. For
other compounds, molecular structures were constructed
from the chemical names.

Preprocessing of structures before QSBR analysis in-
cluded:

(i) Compounds with weak ionic bonds were pro-
cessed as a protonated free acid and tertiary free amine
(or quaternary cation, if the case), for organic acid salts
and organic ammonium salts respectively.

(ii) The aromaticity of benzene-like and heterocyclic
fragments was carefully checked by the Hueckel rule. In
particular, ring compounds with the exocyclic carbonyl
group or with atoms of nitrogen and oxygen in the same
ring were considered as non-aromatic. As an excep-
tion, only pyrimidine-2,4(1H,3H)-diones with an atom of
chlorine or bromine in 5th position (for terbacil and bro-
macil) were assumed as aromatic, due to the positive me-
someric effect of the halogen in this case. Nevertheless,
the problem of the unambiguous marking of aromaticity
in rings is a subject for further clarification [30, 31].

2.2 QSBR Analysis

In classical QSAR/QSBR analysis, the predictive model
is built by using many kinds of descriptors: physicochem-
ical properties, molecular indices, and molecular frag-
ments [32]. However, many authors noted the lack of the
first two descriptor types for QSBR purposes, especially
for diverse molecules. Redundancy and low discrimina-
tive power of those descriptors determine the situation,
because often a small structure modification of a chemi-
cal can change its degradation ability appreciably [2, 33].
Only for sets of homogeneous compounds some success
has been obtained.

Fragmental approaches, where the presence or ab-
sence of particular molecular functional groups and/or
substructure in the molecule has influence on the model’s
output, are especially designed for sets of diverse
molecules. The better quality of descriptive models in
this case is generally accepted [33]. Even the very large
and heterogeneous data set of the MITI test (2-level scale)
[18] was well explained [19, 20].

A number of learning approaches for determination
of the relationship between degradability and molecular
fragments were applied - classical MLR [11, 14, 15], PLS
[19], rule-based [10, 20] as well as other methods includ-
ing neural networks [12, 16, 34]; the newer data-mining
arsenal is available from specific literature [35].

In this work, the decision tree approach [36] has been
employed for developing the QSBR model. It has the
following advantages: (i) simplicity of results - in most
cases, the interpretation of results summarized in a tree
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is simple. (ii) Tree methods are nonparametric and non-
linear; final result for use of a tree method can be sum-
marized in a series of (usually few) logical if-then rules
(tree nodes). So, there is no implicit assumption that the
underlying relationships between the predictor variables
and the response (here the degradability class) are lin-
ear, follow some specific non-linear link function, or that
they are even monotonic in nature. On the other hand,
the sophisticated learning methods like variants of neural
networks usually behave as the “black-boxes” with tan-
gled inner interrelations and lack of transparency. This
in turn leads to the serious complexity in interpretation
of the structure of solution and the danger of unexpected
“surprises” in predictions.

However, processing of a huge amount of possible
substructural descriptors even for the algorithms espe-
cially designed for handling of a number of predictors
is a challenge [37]. The development of the decision tree
was carried out manually, and most efforts were directed
to design and selection of appropriate fragments. The
“manual” way has been chosen as it provides flexibility in
generating and combining rules taking care of the chem-
ically believable results. Testing of the hypotheses was
done by supporting programming in the Statistica’s Basic
[38] and the Perl languages.

The train set of 315 compounds for creation of the
model is presented at the Table 1. The model was finally
validated by the test set of 105 compounds from the Table
2.

The general way for construction of the decision tree
was as follows: a compound is assumed as stable for
degradation unless it contains some fragments associated
with a quicker break-up tendency. First process was to
find certain proper features that have an ability to discrim-
inate diverse pesticides of the class 1 against more per-
sistent ones. It was found that phosphorus compounds,
derivatives of carbamic acid, amides of dicarbonic acids,
amides of α-chlorocarbonic acids, and some other types
of compounds are generally of the class 1 (low persis-
tence), while the structures with the aromatic nitrogen
have special behavior and other parts of a molecule must
be analyzed. As the next step, the decision tree was
grown and optimized to decrease the total number of
decision rules achieving the better generalization of the
model.

The key criterion for selection of a decision rule for
the model was its high discrimination. No additional rule
or fragment have been added for explanation of only 1 or
2 compounds, but the extension of generalization of some
existing fragment or rule was allowed. The generaliza-
tion of rules was done by using of the Boolean operators
combining several descriptors into the one rule. Special
attention was paid to the design of the fuzzy fragmental
descriptors with multiple atom types or bond types, as
can be seen in Figure 2 (fragments N-CA-X, N-CA-C,
Ph-COO, and others) for better generalization. Some de-

scriptors (N-CO, CN, NO2, CYC 3C, nBO, nDB) were
used several times in different places in the decision tree
to compress the descriptor dimensionality of the solution.

3 Results and Discussion

The constructed tree of decisions and respective molecu-
lar fragments are shown in Figure 1 and Figure 2. There
are 12 decision nodes and one algorithmic rule of 7 steps.
The model employs 31 topological descriptors totally.
Contributions of the core rules are listed in Table 3, clas-
sification results for the training set and the test set are
presented in Table 4 and Table 5, respectively.

Discrimination power of descriptors is presented in
terms of the total separated compounds in the Table
3. The table shows that the highest discrimination is
achieved by UNSATW and N-CO-O (carbamic acid’s
derivatives) descriptors. UNSATW parameter, as some
kind of the weighted unsaturation index, summarizes the
instability of a compound determined mostly by the num-
ber of presenting CC, CN, or CO double bonds normal-
ized by the number of total bonds excluding hydrogen
(nBO parameter). UNSATW along with HETERO value
(absence of sulfur or halogens except iodine) and nBO
were introduced to detach heterogeneous structures of
weak persistence. Fragments O-C (single or aromatic
bond between carbon and oxygen in molecule with amide
group), O-CO (esters), and Ph-NHC (aromatic secondary
or tertiary amines) have a high significance as well. An-
other interesting fact is that the presence of a 3-membered
ring in a molecule noticeably increases its persistence
(leaves 8 and 12 in Figure 1).

Generally, the opening nodes of the decision tree
move compounds into classes of less persistence and sep-
aration is easier and more numerous. Taking into ac-
count Figure 1 and Table 3, the opening nodes (leaves
1-4) may be believed as the most important, together with
the special algorithmic part for processing of the aromatic
nitrogen-bearing heterocycles. Compounds with an aro-
matic atom of nitrogen were separated from the decision
tree because no fragment was detected to be able to dis-
criminate a particular degradability class. Presence of
fragment N-CA-X decreases the pesticide stability, possi-
bly by coupling effect, but presence of fragment N-CA-C
does oppositely. Other fragments of the algorithmic part
decrease the estimated degradability class (it is ‘I’ in the
algorithm).

Table 4 and Table 5 have summarized the classifica-
tion results for training and test sets. For the extremely
heterogeneous training data set of 315 compounds in-
cluding almost all types of pesticides, there were only
31 descriptors and in total 19 rules employed producing
86.3% of correctly calculated values among three classes
(see Table 4). For the test set of 105 compounds, there
were 78.1% of correctly predicted values. Many mis-
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classified pesticides have either very wide range of half-
life values or few observations, and may not belong un-
ambiguously to one specific class; such compounds are
marked in Table 1 and Table 2. There are also many
unique structural classes where no reliable rule may be
produced.

The case of two-unity misclassifications should be
specially discussed. (i) Negative value means that a
compound can be broken down very quickly, unexpect-
edly with the model output; benodanil and bentazon
have unique fragments (iodine atom and sulfuric diamide
chain, respectively), while the instability of propanil in
soil is caused by known specific sensitivity to microbial
hydrolysis [39]. (ii) Positive value of the mistake has
a dangerous potential for the environment. Both fenac
and chloroneb are persistent but were falsely marked as

quickly degradable by UNSATW descriptor. For the test
set there were only positive two-unity misclassifications
also incorrectly marked by UNSATW descriptor (leaf 4):
2,3,6-tba acid, clofencet (rare phenyl-hydrazide), and cy-
cloheximide (heterogeneous and very limited persistence
information). The UNSATW parameter was designed for
discrimination of molecules with weak persistence of re-
ally various structural classes and has the highest discrim-
inating power for the training set (see Table 3). As such,
this high generalization may lead to mistakes in specific
cases.

Comparing this result with the former works, we
should notice that the prediction rate is on a compa-
rable level with the best models handling two classes
(rapidly/slowly degradable) [19, 20], while we processed
three classes (low, moderate, or high persistence).

1 class: 165 structures
2 class: 97 ones
3 class: 53 ones

“CX4”>0 or (“N-CN”>0 and “N-CO”=0) or “N-CO-CCl”>0 ?

No.

1 class: 149
2 class: 94
3 class: 53

“nP”>0 ?

Yes.

1 class: 35
2 class: 14
3 class: 2

(“P=S”>0 and “P=S” = “P-O-CA-CA” and 
“P-O-CH3”=0) or (“P=S”>0 and “S-CH2-S-P”>0) ?

1st Class
√ 1 class: 34
× 2 class: 3
× 3 class: 0

2nd Class
× 1 class: 1
√ 2 class: 11
× 3 class: 2

1st Class
√ 1 class: 16
× 2 class: 3
× 3 class: 0

Yes.

Yes. No.

1 class: 114
2 class: 80
3 class: 51

No.

“N-CA”>0 ?

Yes.

Algorithm:
I=3–”N-CA-X”:
if I<=1 and “N-CA-C”>0 then I=2:
if I=3 then I=I–“N-CA-S”:
if “N-Scar”>0 then I=I–1:
if “Ph-COO”>0 then I=I–1:
if “CN”>0 then I=I–1:
if I<1 or nBO<7 then I=1:

rem {Now “I” is class number}

1 class: 17
2 class: 29
3 class: 21

1st Class
√ 1 class: 14
× 2 class: 1
× 3 class: 0

2nd Class
× 1 class: 3
√ 2 class: 26
× 3 class: 3

3rd Class
× 1 class: 0
× 2 class: 2
√ 3 class: 18

No.

1 class: 97
2 class: 51
3 class: 30

“N-CO-O”>0 or “CO-N-CO”>0 or “UNSATW”>15 ?

1st Class
√ 1 class: 81
× 2 class: 7
× 3 class: 2

Yes.

1 class: 7
2 class: 9
3 class: 0

Yes.

CYC_3C”>0 ?

2nd Class
× 1 class: 0
√ 2 class: 8
× 3 class: 0

Yes.

1st Class
√ 1 class: 7
× 2 class: 1
× 3 class: 0

No.

1 class: 16
2 class: 44
3 class: 28

“N-CO”>0 ?

No.

1 class: 6
2 class: 16
3 class: 8

“O-C”>0 or “N-CO”>1 ?

Yes.

2nd Class
× 1 class: 3
√ 2 class: 14
× 3 class: 1

Yes.

3rd Class
× 1 class: 3
× 2 class: 2
√ 3 class: 7

No.

1 class: 10
2 class: 28
3 class: 20

No.

“O-CO”>0 or (“CN”=0 and “Ph-NHC”=0 and “HETERO”=0) ?

Yes.

Start

“CN”>0 or “NO2”>0 or nBO<12 or 
(“CC-O-CC”>0 and “CYC_3C”=0) ?

2nd Class
× 1 class: 3
√ 2 class: 12
× 3 class: 0

3rd Class
× 1 class: 0
× 2 class: 3
√ 3 class: 13

1 class: 3
2 class: 19
3 class: 20

No.

“Ph-NHC”>0 ?

1 class: 0
2 class: 4
3 class: 7

“NH2”>0 or nDB>0 ?

2nd Class
× 1 class: 0
√ 2 class: 4
× 3 class: 0

Yes.

3rd Class
× 1 class: 0
× 2 class: 0
√ 3 class: 7

No.

1 class: 3
2 class: 15
3 class: 13

Yes. No.

ññ

4

2 3

5

7 8

9 10 11

13

6

14 15

12

No.

Figure 1. Decision tree model for classification of pesticide persistence in environment. Each decision node is accom-
panied by the numbers of compounds that arrive at the node and flow away. Terminal leaves are marked by double
board; their index numbers are given in circles. Algorithmic part is shown in the BASIC-like style.
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4 Conclusion

We developed a data set of pesticide persistence and ex-
plained it by the decision tree model. The structure of
QSBR solution is visual and simple. For every pesticide
from Table 1 and Table 2, the terminal leaf is presented;
therefore, the classification path through the tree can be
reproduced with ease. This is an important achievement
because our model does not only allow prediction of the
field persistence, but also assists in the construction of
new compounds with desired degradation ability.

On the basis of this research, a computer expert sys-

tem EKeeper has been developed and made available for
downloading [40]. Future investigations will be directed
to the completely automated QSBR analysis of the pre-
sented data set using the new concept of fuzzy fragments.

This work was partially supported by Japan Chemical In-
dustry Association. The authors are also thankful to the
U.S. Environmental Protection Agency, the U.S. National
Library of Medicine, and the Pesticide Management Ed-
ucation Program at Cornel University for free access to
corresponding databases.
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Table 1. Classified Observed and Predicted persistence of pesticides in environment, and predicting Terminal Leaves (see
Figure 1) for the training set of 315 compounds.
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DPLWUD] ���������� � � �

DPLWUROH ������� � � ��

DPV ��������� � � �

DQF\PLGRO ���������� � �E � ��

DQLOD]LQH �������� � �
F ��

DVXODP ��������� � � �

DWUD]LQH ��������� � 5 � ��

D]LPVXOIXURQ ����������� � � ��

D]LQSKRV�PHWK\O ������� � � �

EDUEDQ �������� � � �

EHQDOD[\O ���������� � � �

EHQGLRFDUE ���������� � � �

EHQHILQ ��������� � � ��

EHQRGDQLO ���������� � � �

EHQRP\O ���������� � � ��

EHQVXOIXURQ PHWK\O ���������� � � ��

EHQVXOLGH �������� � � �

EHQWD]RQ ���������� � � �

ELIHQR[ ���������� � � �

ELIHQWKULQ ���������� � � �

EURPDFLO DFLG �������� � � ��

EURPR[\QLO ��������� � � ��

EXWDFKORU ���������� � � �

EXW\ODWH ��������� � � �

FDSWDIRO ��������� � � �

FDSWDQ �������� � � �

FDUEDU\O ������� � � �

FDUEHQGD]LP ���������� � � � ��

FDUERIXUDQ ��������� � � �

FDUERQ GLVXOILGH ������� � � �

FDUERSKHQRWKLRQ �������� � � �

FDUER[LQ ��������� � � �

FGDD ������� � � �

FKORUDPEHQ �������� � � �

FKORUEURPXURQ ���������� � � �

FKORUGDQH ������� � � ��

FKORUGLPHIRUP ���������� � � �

FKORUHWKR[\IRV ���������� � � �

FKORULPXURQ HWK\O ���������� � � ��

FKORUREHQ]LODWH �������� � � �

FKORURQHE ��������� � � �

FKORURSLFULQ ������� � � �

FKORURWKDORQLO ��������� � � ��

FKORUR[XURQ ��������� � � �

1DPH &$6� 2EV� (VW� /HDI

FKORUSURSKDP �������� � � �

FKORUS\ULIRV�HWK\O ��������� � � �

FKORUS\ULIRV�PHWK\O ��������� � � �

FKORUVXOIXURQ ���������� � 5 � ��

FKOR]ROLQDWH ���������� � � �

FLQPHWK\OLQ ���������� � � � �

FORIHQWH]LQH ���������� � � ��

FORPD]RQH ���������� � 5 � �

FORS\UDOLG ��������� � � ��

F\DQD]LQH ���������� � � ��

F\FORDWH ��������� � � �

F\IOXWKULQ ���������� � � �

F\PR[DQLO ���������� � � �

F\SHUPHWKULQ ���������� � � �

F\URPD]LQH ���������� � � ��

GDODSRQ �������� � � �

GDPLQR]LGH ��������� � � �

GD]RPHW �������� � � �

GEFS ������� � � ��

GFQD �GLFORUDQ� ������� � 5 � ��

GFSD ��������� � � �

GGG �WGH� ������� � � ��

GGH ��������� � � ��

GGW ������� � � ��

GHPHWRQ�R �������� � � �

GHVPHGLSKDP ���������� � � �

GL�DOODWH ��������� � 5 � �

GLD]LQRQ �������� � � �

GLFDPED ��������� � � �

GLFKOREHQLO ��������� � 5 � ��

GLFKORQH �������� � 5 � �

GLFKORUPLG ���������� � � �

GLFKORUSURS �������� � � �

GLFKORUYRV �GGYS� ������� � � �

GLFORIRS�PHWK\O ���������� � � �

GLFRIRO �������� � � ��

GLFURWRSKRV �������� � � �

GLHOGULQ ������� � � ��

GLHQRFKORU ��������� � � � �

GLHWKDW\O�HWK\O ���������� � � �

GLIHQ]RTXDW �DV DPLQH� ���������� � � ��

GLIOXEHQ]XURQ ���������� � � �

GLPHWKLSLQ ���������� � � ��

GLPHWKLULPRO ��������� � � � ��

GLPHWKRDWH ������� � � �

GLQLWUDPLQH ���������� � 5 � �

GLQRFDS ���������� � � �

GLQRVHE ������� � � �

GLR[DFDUE ��������� � � �

GLSKHQDPLG �������� � � �

GLSURSHWU\Q ��������� � 5 � ��

GLTXDW ������� � � ��

GLVXOIRWRQ �������� � � �

GLXURQ �������� � � �

GQRF �������� � � �

GRGLQH �F\SUH[� ��������� � � �

HQGRVXOIDQ �������� � � ��

HQGRWKDOO �������� � � �

HSQ ��������� �5 � �

HSWF �������� � � �
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HVIHQYDOHUDWH ���������� � � �

HWKDOIOXUDOLQ ���������� � � �

HWKDPHWVXOIXURQ PHWK\O ���������� � � � ��

HWKHSKRQ ���������� � � �

HWKLRQ �������� � 5 � �

HWKRIXPHVDWH ���������� � � ��

HWKRSURS ���������� � � �

HWK\OHQH GLEURPLGH �������� � � ��

HWULGLD]ROH ��������� � � ��

IHQDF �FKORUIHQDF� ��������� � � �

IHQDPLQRVXOI �������� � � �

IHQDPLSKRV ���������� � � �

IHQDULPRO ���������� � � ��

IHQIXUDP ���������� � � � �

IHQLWURWKLRQ �������� � � �

IHQRSURS ������� � � �

IHQR[DSURS�HWK\O ���������� � � �

IHQR[\FDUE ���������� � � �

IHQSURSDWKULQ ���������� � 5 � �

IHQVXOIRWKLRQ �������� � 5 � �

IHQWKLRQ ������� � 5 � �

IHQXURQ �������� � � �

IHUEDP ���������� � � �

IOXD]LIRS�EXW\O ���������� � � ��

IOXFKORUDOLQ ���������� � � ��

IOXF\WKULQDWH ���������� � � �

IOXPHWUDOLQ ���������� � � ��

IOXPHWVXODP ���������� � � ��

IOXRPHWXURQ ��������� � � �

IOXS\UVXOIXURQ �DFLG� ����������� � � ��

IOXULGRQH ���������� � � ��

IOXVLOD]ROH ���������� � � ��

IOXYDOLQDWH ���������� � � �

IRPHVDIHQ ���������� � 5 � �

IRQRIRV �������� � � �

IRUPHWDQDWH ���������� � � �

IRVDPLQH ���������� � � �

IRVHW\O�DOXPLQXP ���������� � � �

JOXIRVLQDWH ���������� � � �

JO\SKRVDWH ��������� � � �

KDOR[\IRS�PHWK\O ���������� � � ��

KHSWDFKORU ������� � � ��

KH[DFKORUREHQ]HQH �������� � � ��

KH[D]LQRQH ���������� � 5 � �

KH[\WKLD]R[ ���������� � � �

K\GUDPHWK\OQRQ ���������� � � �

LPD]DOLO ���������� � � ��

LPD]DPHWKDEHQ] PHWK\O ���������� � � �

LPD]DS\U ���������� � � ��

LPD]DTXLQ ���������� � � ��

LPD]HWKDS\U ���������� � � ��

LSURGLRQH ���������� � � �

LVD]RIRV ���������� � 5 � �

LVRIHQSKRV ���������� � 5 � �

LVRSURSDOLQ ���������� � 5 � ��

LVR[DEHQ ���������� � � �

ODFWRIHQ ���������� � � �

ODPEGD�F\KDORWKULQ ���������� � � �

OHQDFLO ��������� � � � �

OLQGDQH ������� � � ��

OLQXURQ �������� � � �

PDODWKLRQ �������� � � �

PDOHLF DFLG K\GUD]LGH �������� � 5 � �
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PDQHE ���������� � � �

PFSD ������� � � �

PFSE ������� � � �

PHFRSURS ������� � � �

PHIOXLGLGH ���������� � � �

PHSLTXDW FKORULGH ���������� � � � �

PHWDOD[\O ���������� � � �

PHWDOGHK\GH �������� � � �

PHWKDP DFLG �������� � � �

PHWKDPLGRSKRV ���������� � � �

PHWKD]ROH ���������� � � �

PHWKLGDWKLRQ �������� � � �

PHWKLRFDUE ��������� � � �

PHWKRP\O ���������� � � �

PHWKR[\FKORU ������� � � ��

PHWK\O EURPLGH ������� � � ��

PHWK\O LVRWKLRF\DQDWH �������� � � �

PHWK\O SDUDWKLRQ �������� � � �

PHWRODFKORU ���������� � � �

PHWULEX]LQ ���������� � 5 � �

PHWVXOIXURQ PHWK\O ���������� � � ��

PHYLQSKRV ��������� � � �

PH[DFDUEDWH �������� � � �

PLUH[ ��������� � � ��

PROLQDWH ��������� � � �

PRQRFURWRSKRV ��������� � � �

PRQROLQXURQ ��������� � � �

PRQXURQ �������� � � �

P\FOREXWDQLO ���������� � � � ��

QDOHG �������� � � �

QDSKWKDOHQH ������� � � �

QDSURSDPLGH ���������� � � �

QDSWDODP �������� � � �

QHEXURQ �������� � � �

QLFRVXOIXURQ ����������� � � ��

QLWUDS\ULQ ��������� � � ��

QLWURIHQ ��������� � 5 � ��

QRUIOXUD]RQ ���������� � 5 � �

RU\]DOLQ ���������� � 5 � �

R[DGLD]RQ ���������� � � �

R[DP\O ���������� � � �

R[\FDUER[LQ ��������� � � � �

R[\GHPHWRQ�PHWK\O �������� � � �

R[\IOXRUIHQ ���������� � 5 � ��

R[\WKLRTXLQR[ ��������� � � ��

SDFOREXWUD]RO ���������� � � ��

SDUDTXDW ��������� � � ��

SDUDWKLRQ ������� � � �

SFQE ������� � � ��

SHEXODWH ��������� � � �

SHQGLPHWKDOLQ ���������� � � ��

SHQWDFKORURSKHQRO ������� � � ��

SHUIOXLGRQH ���������� � � �

SHUPHWKULQ ���������� � � �

SKHQPHGLSKDP ���������� � 5 � �

SKHQWKRDWH ��������� � 5 � �

SKRUDWH �������� � � �

SKRVDORQH ��������� � � �

SKRVPHW �������� � � �

SKRVSKDPLGRQ ���������� � � �

SLFORUDP ��������� � � ��

SLSHUDOLQ ��������� � � � �

SLULPLFDUE ���������� � � ��
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SLULPLSKRV�HWK\O ���������� � � �

SULPLVXOIXURQ�PHWK\O ���������� � � ��

SURFKORUD] ���������� � � � ��

SURF\PLGRQH ���������� � � � �

SURGLDPLQH ���������� � � � �

SURIHQRIRV ���������� � � �

SURIOXUDOLQ ���������� � � ��

SURPHFDUE ��������� � � �

SURPHWRQ ��������� � � ��

SURPHWU\Q ��������� � 5 � ��

SURQDPLGH ���������� � � �

SURSDFKORU ��������� � � �

SURSDPRFDUE ���������� � � �

SURSDQLO �������� � � �

SURSDUJLWH ��������� � � ��

SURSD]LQH �������� � � ��

SURSKDP �������� � � �

SURSLFRQD]ROH ���������� � � ��

SURSR[XU �������� � 5 � �

S\UD]RQ �FKORULGD]RQ� ��������� � � �

S\UHWKULQ LL �������� � � �

S\ULWKLREDF ����������� � � ��

TXL]DORIRS�HWK\O ���������� � � � ��

UHVPHWKULQ ���������� � � � �

ULPVXOIXURQ ����������� � � � ��

URWHQRQH ������� � � �

VHFEXPHWRQ ���������� � � � ��

VHWKR[\GLP ���������� � � �

VLGXURQ ��������� � � �

VLPD]LQH �������� � 5 � ��

VLPHWU\Q ��������� � � � ��

VXOIRPHWXURQ�PHWK\O ���������� � 5 � ��

VXOSURIRV ���������� � 5 � �

WFD �WULFKORURDFHWLF DFLG� ������� � � �

WHEXWKLXURQ ���������� � � ��
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WHPHSKRV ��������� � � �

WHUEDFLO ��������� � � ��

WHUEXIRV ���������� � � �

WHUEXWU\Q �������� � 5 � ��

WHWUDFKORUYLQSKRV ���������� � � �

WKLDEHQGD]ROH �������� � � ��

WKLGLD]XURQ ���������� � � � ��

WKLIHQVXOIXURQ PHWK\O ���������� � � ��

WKLREHQFDUE ���������� � � �

WKLRF\FODP ���������� � � � ��

WKLRGLFDUE ���������� � � �

WKLRSKDQDWH�PHWK\O ���������� � � � �

WKLUDP �������� � � �

WROFORIRV�PHWK\O ���������� � � � �

WUDORPHWKULQ ���������� � � �

WULDGLPHIRQ ���������� � 5 � ��

WULDGLPHQRO ���������� � � ��

WULDOODWH ��������� � � �

WULDVXOIXURQ ���������� � 5 � ��

WULEHQXURQ PHWK\O ����������� � � ��

WULEXIRV ������� ��5 � �

WULFKORUIRQ ������� � � �

WULFKORURQDW �������� � � �

WULFORS\U ���������� � � ��

WULF\FOD]ROH ���������� � � � ��

WULGLSKDQH ���������� � � � ��

WULIOXPL]ROH ���������� � � � �

WULIOXUDOLQ ��������� � � ��

WULIOXVXOIXURQ PHWK\O ����������� � � � ��

WULIRULQH ���������� � � � �

WULPHWKDFDUE ���������� � � � �

YHUQRODWH ��������� � � �

YLQFOR]ROLQ ���������� � � �

]LQHE ���������� � � �

D� 6\PERO ³5´ PDUNV YHU\ ZLGH UDQJH RI KDOI�OLIH YDOXHV� IX]]\ SHUVLVWHQFH FODVV�

E� 6\PERO ³�´ PDUNV IHZ DQG XQFOHDU REVHUYDWLRQV IRU D FRPSRXQG� XQUHOLDEOH SHUVLVWHQFH FODVV�

F� 0LVFODVVLILFDWLRQ LV PDUNHG E\ ,WDOLF IRQW�

Table 2. Classified Observed and Predicted persistence of pesticides in environment, and predicting Terminal Leaves (see
Figure 1) for the test set of 105 compounds.
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��QDSKWKRO ������� � � �

��SKHQ\OSKHQRO ������� � � �

������WED DFLG �WFED� ������� � � �

��DPLQRS\ULGLQH �������� � � ��

�FSD �������� � � �

��K\GUR[\TXLQROLQH �������� � � ��

DFHWRFKORU ���������� � � � �

DFLEHQ]RODU�V�PHWK\O ����������� � � �

DFU\ORQLWULOH �������� � � �

DOO\O DOFRKRO �������� � � �

DOSKD�FKORURK\GULQ ������� � 5 � �

DOSKDF\SHUPHWKULQ ���������� � � �

DQWKUDTXLQRQH ������� � � �

D]REHQ]HQH �������� � � �

ELSKHQ\O ������� �5 � �

EURPRSKRV ��������� � � �

EXW\ODPLQH ���������� � � �

FDUERQ WHWUDFKORULGH ������� � � �

1DPH &$6� 2EV� (VW� /HDI

FKORUDQLO �������� � � � �

FKORUD]LQH �������� � 5 � ��

FKORUEXIDP ��������� � � �

FKORUGHFRQH �������� � � ��

FKORUGLPHIRUP ��������� � � �

FKORUPHTXDW �������� � � � ��

FKORURDFHWLF DFLG ������� � � �

FKORURIHQYLQSKRV �������� � 5 � �

FKORURIRUP ������� � � ��

FKORURSURS\ODWH ��������� � �5 � �

FKORUWROXURQ ���������� � 5 � �

FORGLQDIRS ����������� � � ��

FORIHQFHW ����������� � � �

FORUDQVXODP ����������� � � ��

FRXPDSKRV ������� � � �

FUHVRO ��������� � � �

FURWR[\SKRV ��������� � � �

F\DQRSKRV ��������� � � �
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F\FODQLOLGH ����������� � � �

F\FORKH[LPLGH ������� � �5 � �

F\FOXURQ ��������� � � �

F\KDORWKULQ ���������� � � �

F\SUD]LQH ���������� � � ��

F\SURGLQLO ����������� � � ��

GFLS �������� � � ��

GHK\GURDFHWLF DFLG �������� � � �

GHOWDPHWKULQ ���������� � � �

GHPHWRQ�V�PHWK\O �������� � � �

GHVPHWU\Q ��������� � � ��

GLEXW\O SKWKDODWH ������� � � �

GLFKORIOXDQLG ��������� � � �

GLFKORURSKHQH ������� � � ��

GLHWK\OWROXDPLGH �������� � � �

GLIOXIHQ]RS\U ����������� � � ��

GLPHWK\OSKWKDODWH �������� � � �

GLQREXWRQ �������� � � �

GLR[DWKLRQ ������� � � �

GLVXO �������� � � �

HQGULQ ������� � � ��

HWK\O IRUPDWH �������� � � �

HWK\OHQH ������� � � �

HWK\OHQHBGLFKORULGH �������� � � ��

HWK\OHQHBR[LGH ������� � � �

IHQFKORUSKRV �������� � � �

IOXD]LIRS ���������� � � ��

IOXIHQDFHW ����������� � 5 � ��

IOXPLR[D]LQ ����������� � � �

IOXRURDFHWDPLGH �������� � � �

IOXUR[\S\U ���������� � � ��

IROSHW �������� � � �

IRUPDOGHK\GH ������� � � �

IRUPRWKLRQ ��������� � � �

KH[DFKORUREXWDGLHQH ������� � � �

1DPH &$6� 2EV� (VW� /HDI

K\GURJHQ F\DQLGH ������� � � ��

LPD]DPR[ ����������� � � ��

LR[\QLO ��������� � � ��

LVREHQ]DQ �������� � 5 � ��

LVRGULQ �������� � � ��

MRGRIHQSKRV ���������� � � � �

NUHVR[LP�PHWK\O ����������� � � �

PHFDUEDP ��������� � � �

PHQD]RQ ������� � � �

PHWKRSUHQH ���������� � � �

PHWK\OFKORURIRUP ������� � � ��

PHWK\OHQH FKORULGH ������� � � ��

PHWK\OHXJHQRO ������� � � �

PHWROFDUE ��������� � � �

QLWUDOLQ ��������� � � �

R�GLFKORUREHQ]HQH ������� � � ��

RPHWKRDWH ��������� � � � �

S�GLFKORUREHQ]HQH �������� � � ��

SKHQRWKULQ ���������� � � � �

SLSHURQ\O EXWR[LGH ������� � � � �

SURSHWDPSKRV ���������� � � �

S\UHWKULQ L �������� � � �

S\ULPHWKDQLO ���������� � � ��

VWU\FKQLQH ������� � � �

VXOIHQWUD]RQH ����������� � � �

WHUEXW\OHWK\OD]LQH ��������� � � ��

WHWUDFKORURHWKDQH ������� � � ��

WHWUDGLIRQ �������� � � ��

WKLD]RS\U ����������� � � ��

WKLRPHWRQ �������� � � � �

WKLRQD]LQ �������� � � �

WUDONR[\GLP ���������� � � �

[PF ��������� �5 � �

[\OHQROV ��������� � � �

Table 3. Contribution of the core rules.

5XOH 7UHH¶V OHDYHV
7RWDOO\ VHSDUDWHG

FRPSRXQGV

,QFRUUHFWO\ VHSDUDWHG

FRPSRXQGV

�&;��!� � � �

�1�&1�!� DQG �1�&2� � � � �

�1�&2�&&O�!� � �� �

�3 6�!� DQG �3�2�&+�� �

DQG �3 6�  �3�2�&$�&$�

�
�� � ���D

�3 6�!� DQG �6�&+��6�3�!� � � � ���D

�1�&2�2�!� � �� �

�&2�1�&2�!� � � �

�816$7:�!�� � �� �

�1�&2�!� DQG �2�&�!� � �� � ���D

�1�&2�!� E � � � ���D

�2�&2�!� ��� �� �

�+(7(52� � ��� � �

�3K�1+&�!� ���� �� �

�&1�!� E �� � � ���D

�12��!� �� � �

�Q%2���� �� � � ���D

�&&�2�&&�!� DQG �&<&B�&� � �� � �

D� )RU WKLV WHUPLQDO UXOH� WKH RQH�XQLW\ �FODVV ��FODVV � DQG FODVV ��FODVV �� PLVFODVVLILFDWLRQ ZDV QRW DVVXPHG WR EH D VHULRXV

GLIILFXOW\� LI LQ WKH FDVH RI DEVHQFH RI WKH FRQGLWLRQ� WKH WZR�XQLW\ �FODVV ��FODVV �� PLVFODVVLILFDWLRQV ZRXOG RFFXU� 1XPEHU RI

PLVFODVVLILFDWLRQV H[FOXGLQJ VXFK ³VDIH´ RQH�XQLW\ PLVWDNHV LV JLYHQ LQ SDUHQWKHVLV�

E� 7KH GHVFULSWRU LV XVHG VHYHUDO WLPHV LQ GLIIHUHQW UXOHV RI WKH PRGHO�
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Table 4. Summary of classification results for the training
set.

Interclass mistake (Observed - Predicted) Count
-2 3
-1 17
0 272
1 21
2 2

Table 5. Summary of classification results for the test set.

Interclass mistake (Observed - Predicted) Count
-2 0
-1 9
0 82
1 11
2 3
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農薬の環境残留性-データの収集と構造特徴解析

Sokratis ALIKHANIDI,高橋由雅*

豊橋技術科学大学 　知識情報工学系,〒 441-8580 　愛知県豊橋市天伯町雲雀ヶ丘 1-1
*e-mail: taka@mis.tutkie.tut.ac.jp

本研究では 420種の農薬の土壌中での半減期（half-life, HL）データを収集し構造活性相関を行っ
た。解析に際しては結果の不確実性等を考慮し、これらデータを 3つのクラス（HL(30日をクラス１、
30日<HL(100日をクラス２、100日<HLをクラス３）に分けて用いた。315化合物を訓練集合とし、
31種の構造記述子を用いて構造‐生分解性相関のモデル化を行った。その結果 272化合物 (86.3%)の
活性クラスを正しく予測できた。一方、38化合物は隣接クラスへの誤分類であり，非隣接クラスへの
誤分類は 5化合物であった。一方、予測集合 105化合物に対しては 82化合物 (78.1%)が正しく予測
され、非隣接への誤分類は 3化合物であった。また、得られたモデルをもとに生分解性予測システム
EKeeperを作成した。

キーワード : QSAR, QSBR,データマイニング,生分解性予測,エキスパートシステム,農薬残留性
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