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ABSTRACT

Predictions are very important for many Artificial Intelli-
gence tasks and systems, such as expert systems, decision
support systems, control systems and robotics. But predic-
tion notion encounters with some deep problems are to be
solved yet. We will consider Deductive-Nomological (D-
N) and Inductive-Statistical explanations/predictions. D-
N explanations/predictions are treated as predictions in ac-
cordance with The Logic of Scientific Discovery’ by K.
Popper [1]. According to this work we cannot apply D-
N explanations/predictions to inductively obtained knowl-
edge. We argue that logical inference of predictions from
inductively obtained knowledge induces some problems re-
lating to probability and logic synthesis. To avoid this
complications we propose an inductive inference of pre-
dictions without logical inference. We will define an in-
ductive inference of predictions (Semantic Probabilistic In-
ference (SPI)) and a p-prediction. For any literal A p-
prediction inductively infers a rule, that predicts this literal
with estimation no less than the corresponding estimations
obtained by probabilistic logic or probabilistic logic pro-
gramming. Moreover, we prove that inductively inferred
rules possess many important properties: for example, pre-
dictions based on these rules are free from the problem
of statistical ambiguity. Finally, we will mention the pro-
gram system ’Discovery’, implementing SPI, which was
successfully applied for solution of many practical tasks
(see www.math.nsc.ru/AP/ScientifiDiscovery)

KEY WORDS
Prediction, Probabilistic Inference, Probabilistic Logic
Programming

1. Introduction
1.1 Problems of inductive-statistical inference

The definition of explanations/predictions was introduced
by Hempel in the early sixties in his article ‘Aspects of Sci-
entific Explanation’ (see Hempel [2, 3], and Salmon [4]
for a historical overview). He distinguished two types of
explanations: Deductive-Nomological (D-N explanations)
and Inductive-Statistical (I-S explanations). The first type
explanations use deterministic laws, while the second type
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laws employs statistical.

Note that D-N explanations of future events are con-
sidered as predictions according to K. Popper [1], but I-S
explanations are not considered as predictions in [1]. In-
ductively inferred knowledge is of statistical character. If
we consider this knowledge as hypotheses and, hence, as
deterministic knowledge, then we can use a logical infer-
ence to obtain explanations/predictions and verification of
this knowledge, but calculation of its (probabilistic) esti-
mations have no sense (in accordance with [1]).

Another problem of I-S explanations/predictions con-
cerning the probability and logic synthesis, which is dis-
cussed at the series of workshops on ”Combining Proba-
bility and Logic” [5, 6]. The problem appears in calcula-
tion of inferred explanations/predictions estimations (prob-
abilistic, evidence support, confirmation). The calculation
either needs a rather strong assumptions like independence
or a priori distributions [7] or leads to unregulated decries
of estimations during the inference, like in probabilistic
logic [8], ’quantitative deductions’ [8], [9] or probabilistic
logic programming [10].

We agree with [1] that a logical inference may be ap-
plied only to infer explanations/predictions from hypothet-
ical knowledge. We can’t apply logical inference to induc-
tively inferred knowledge that leads to problems discussed
at ”Combining Probability and Logic” and paradoxes of
confmation.

This consideration brings up a problem: how should
prediction based on inductively inferred knowledge be per-
formed without logical inference?

In this paper we introduce an inductive inference of
predictions (Semantic Probabilistic Inference (SPI), see
definition 12, [11], [12], [13]), that infer predictions with-
out logical inference. For any literal A it inductively in-
fer such a maximum specific rule (see explanation in the
next section) that predicts this literal with estimation no less
than the corresponding estimations obtained by probabilis-
tic logic or probabilistic logic programming (see theorem
5).

Predictions in probabilistic logic or probabilistic logic
programming for inductively inferred knowledge is usually
obtained in tree steps: (1) an inductive inference of knowl-
edge; (2) logical inference of predictions from this knowl-
edge; (3) estimations of the inference, using probabilistic
logic.



Introduced inductive inference allows us to predict in
one step: for every literal A a special rule that predicts this
literal in the most specific way is inferred inductively. We
will prove that this special rule possess the following prop-
erties:

— it is maximally specific (uses all available information
that is relevant to prediction, see definition 13);

— it is the best for prediction of this literal by means
of available data in probabilistic sense (see definition
15);

— its estimation (conditional probability) is no less than
the corresponding estimation obtained by probabilis-
tic logic, when prediction is performed in three steps
(see theorem 5);

— this rule avoid the statistical ambiguity problem (see
theorem 4).

The introduced Semantic Probabilistic Inference
combines probability and logic for predictions as follows
[14]:

— truth values (for closed formulas, rules, facts, etc) are
generalized to probabilistic ones as in “quantitative
deductions” [9] or probabilistic logic programming
[10];

— logical inference is generalized to semantic inference
based on probabilities as truth values;

— the actual purpose of the inference is not to keep truth
values, but to increase the conditional probability es-
timations of this rules (which are valid for accessible
data);

— obtained as a result of the SPI the maximal specific
rule solves the problem of statistical ambiguity and
allows us to make consistent (in logical sense) predic-
tions (see theorem 4).

1.2  Statistical ambiguity problem

Right from the beginning it was clear to Hempel that two
I-S explanations can yield contradictory conclusions. He
called this phenomenon the statistical ambiguity of the 1-S
explanations [2, 3]. Hempel hoped to solve this problem by
forcing all statistical laws in an argument to be maximally
specific. That is, they should contain all relevant informa-
tion with respect to the domain in question. He introduced
the property of the maximal specific statistical laws as the
Requirement of Maximal Specificity (RMS). Hempel pro-
posed the following formalization of I-S inference:

It satisfies the following conditions:
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(] L1,.. .,Lm, Cl,...,Cn H G;

e L,...,.L,, Cy,...,C, are consistent;
e Lq,....L,FG;Cq,..,.CLFG;
e L,,...,L,, are statistical quantified formulas.

e Cy,...,C, are quantifier-free;
e RMS: All laws L;,... L, are maximal specific.

In Hempels works [2, 3] the RMS is defined as follows.
An I-S argument of the form:

p(G; F)

is an acceptable I-S explanation with respect to a “knowl-
edge state” K and statistical law F'(z) = G(z) with proba-
bility p(G; F') = r, if the following Requirement of Maxi-
mal Specificity is satisfied. For any class H if the following
two sentences are contained in K

Ve(H(z) = F(z)), H(a), M

there exists a statistical law H (z) = G(x) with probability
p(G; H) = r" inK such that r = 7. The basic idea of RMS
is that if both F and H contain the object @ and H is a subset
of F, then H provides more specific information about the
object a than F, and therefore the law p(G; H) should be
preferred over the law p(G; F'). But, if any more preferred
law has the same probability r as the law F(z) = G(z)
then it is maximaly specific - it cant be made more precise.

The Semantic Probabilistic Inference may be consid-
ered as the maximal specific rules inference because if the
condition (1) is satisfied for some sentence H&F, but equal-
ity p(G; H&F) =r is not, it choose the rule

H(z)&F(z) = G(z)

as the next step of the SPI (see details in definition 12). It
means that with the SPI we add to the rules any additional
conditions H that increases the (conditional) probability r
of these rules.

The statistical ambiguity problem occurs in Al in dif-
ferent forms, but it hasn’t been solved hitherto. So it leads
us to the following questions:

— how to define the RMS that solves the statistical am-
biguity problem?

— is it possible to define RMS that theory of sentences
satisfying RMS be logically consistent?

The stated problems are very important, because their solu-
tion means consistency of predictions produced by differ-
ent Al systems: expert systems, knowledge bases, robotics,
intelligent data analysis and etc.

In this paper solution is presented: we define the Re-
quirement of Maximal Specificity (RMS) and the set of



Maximum Specific Rules (MSR), inferred by SPI, so that
we can prove, that sentences from the MSR satisfy RMS
(see theorem 3) and that the MSR-set is logically consis-
tent (see theorem 4).

2. Probabilistic Herbrand models

We perform all considerations in the frame of logical pro-
gramming with functional symbols. Consider a first order
language L with the equality of the finite signature

Q= <P1, PQ, veey PTL17 fl, fg, ceey fn2,61, Coyenny Cn3>.

Let X denote a countable set of variables, T, — be
set of terms, Uy, — be a set of all ground terms (with-
out free variables), A;, — be a set of literals (atoms and
negated atoms), By, — be a set of all ground literals, Fp,
— be a set of formulas, G, — be a set of formulas without
quantifiers, S1, — be a set of sentences (formulas without
free variables), ® = G N Sy — a set of all ground sen-
tences of the signature 2.

An arbitrary mapping 0 : X — T is called a sub-
stitution. The set of all substitutions is denoted by ©. The
substitution #(x) = x is called identical. Substitutions are
naturally extended to arbitrary expressions. Thus, substitu-
tions for termt = f(t1, ..., t,) and literal A = P(t1, ..., t,)
are equal to t0 = f(t10, ..., t,0) and A0 = P(t40, ...,t,0)
respectively. This remark can be also applied to con-
structions of rule, fact and query (arriving from logic pro-
gramming). A rule A0 — A;0,..., A0, where 0 is re-
arrangement of the set X, is called a variant of the rule
A — Al, 7An

Following [15], let us define the probability p on a
non-empty subset /' C R closed with respect to logical
operations &, V, .

Defiition 1 . A mapping p : F/ — [0,1] is called
a probability on F’, provided that the following conditions
are satisfied:

1) if - ¢, then u(¢) = 1,

2) if b —(p&), then (e V ) = () + p();

Definition 2 A pair M = (U, u), where u is a
probability on R, called a probabilistic Herbrand model of
the signature 2.

Definition 3. A pair M = (Up, I), where I : B, —
{0, 1}, is called a Herbrand model of the signature €2.

Let there be given a certain class G C 2BL of Her-
brand models (a set of possible worlds) and a probability
w on R. Then we define the set D of subsets G(¢) =
{M|M € G,M [ ¢}, p € R. Here = states for satis-
faction of considered sentence on the model.

Definition 4. A class of Herbrand models G is said to
be coordinated with the probability 1 on the set of formulas
F’ (a probabilistic Herbrand model M = (Uy, ) is said
to be a probabilistic model of the class G), if u(¢) = 0
immediately follows from G(¢) = 0, where ¢ € F".

We will also consider extension of p for free vari-
ables: assume p(yp) = 92(19%@(999)}, where p € G, ©G

— a set of all ground substitutions for variables.
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3. Logical programs.

Let PR denote a set of all rules A «— Aq,..., A, k >
0, A; # A, i = 1,....k of the signature (2, where
A, Ay, ..., Ay are literals of the signature €. If the literal
A is absent, then the rule <« Aj, ..., Ax (k > 0) is called
a goal (or query). In queries we will write ‘& > between
literals instead of “,’. If £ = 0, then the rule A < is called
a fact. A logic program Pr is a finite collection of rules.
Let us fix a selection rule R, which selects one of the
literals from a query. Let N = «— A1&..&A;&.. & A,
k > 1 be a query, where the rule R selects the literal A;,
and arule C = A « By,..., B, be a variant of some
rule of the program Pr, where all the variables are differ-
ent from those of the query. Let 6 be the most general uni-
fication of the literals A; and A (A;0 = Af). Then new

query

— (A& & A 1&B1&.. . &BR& A1 & &AL,
ifm>1
and «— (A1&...&A;&.. . &AR)D, ifm =0

is called inferred from the query N by therule C = A «
By, ..., B, with the help of the substitution # and the selec-
tion rule R. It is seen from the definition, that the literal A;
is not removed from the request after the unification with a
certain program fact. Such literals will be underlined. Sup-
pose, that the rule R does not select the underlined literals
for the next inference steps.

The set of all possible queries of the signature €2 with
the given relation of inference is called a calculation space
for the program Pr and the selection rule R. The max-
imal sequence of queries N = Ny, N1, No, ... together
with the sequence of rules Cy, C7, Cs, ... and unifications
0o, 01,02, ... such, that every query N, is inferred from
the query IV; by means of the rule C);, substitution 6; and
the selection rule R (: = 1,2,...) is called an SLDF-
inference (Linear resolution with Selection rule for Defi-
nite clauses and underlined Facts) of the goal NV in a given
calculation space. Note that each SLDF-inference is a max-
imal way in the calculation space starting with N. A finite
SLDF-inference, for which the final query only consists of
underlined literals, is called successful. A finite inference,
which is not successful, is called dead-ended. A set of all
SLDF-inferences starting with the goal NV can be viewed as
a tree (a prefix tree of SLDF-inferences). This tree is called
an SLDF-tree of the request N calculations. A SLDF-tree
containing at least one successful SLDF-inference is called
a successful SLDF-tree.

4. Estimations of the probability and condi-
tional probability of requests.

Let M = (U, i) be a probabilistic Herbrand model. Con-
sider a successful SLDF-inference N, Ny, ..., Ny of the re-
quest IV in a calculation space of the program Pr obtained
by means of the sequence of rules Cy, C1, ..., Cx_1, unifi-



cation’s 6y, 01, ...,0,_1, 0 = 0y0...0;_1 and the selection
rule R.

It is not difficult to show that the sequence of requests
NO, N6, ..., Ny is also a successful SLDF-inference of

the request N6 by means of the same sequence of rules

Cob,C10,...,Cx_10, identical unifications and the selec-
tion rule R.
The probability of the rule ¢ = A

Bi,...By, m > 1 is defined if u(Bi1&...&B,,)
0 and equal to w(C) = wu(A|B1&...&By,)
WA&B1&...&B,,) /(B1&...& Byy,) and undefined other-
wise. Represent facts A < by the rules A « ¢rue. Then,
w(C) = p(Altrue) = u(A). Suppose that p(C) means
that the probability is defined. Denote as PRy C PR
a set of all rules, for which the probability y is defined
Prog= PRy N Pr.

Definition 5 The rule C is true on the Herbrand
model N € 2Bt (N |= C) iff it is true on N under any
state (for any mapping p: X — U).

Definition 6. The program Pr is true on the Herbrand
model (N |= Pr) iff each rule of the program is true on N.

Definition 7 The program Pr is true on the class of
models G iff VN € G, N |= Pr.

We will write down C' € F’ for the rule C = A —
Bl&...&Bm, A, By,...,B, € F.

Proposition 1. If C € PrnF’,
B, ..., B, ,U,(Bl&&Bm) > 0, then

e T

C = A «

(~(B1&..&Bm) V A) =1 & pu(C) = 1.

Corollary 1. If the program Pr is true on the class of
Herbrand models G, which is coordinated with the proba-
bility 1 on the set of formulas F’, then u(C) = 1, C €
PrnE’, if it is defined.

Denote the conjunction of all non-underlined literals
of the request INV; by N/*. If all literals are underlined (as
in the request Ny), then N* = true. Denote the conjunc-
tion of all underlined literals of the request N; by N;F'*.
Then, N; F is a conjunction of all facts used in the SLDF-
inference of the request N6.

Consider the SLDF-inference N6, N1 6, ..., Ny, of the
request Nf by means of the sequence of rules C;6 =
(A" — Bi,..,B})0,i = 0,...k — 1 and empty unifi-
cations. Denote B*0 = (B{&...&Bj, )0, p; = u(Ci).

Theorem 1. If u(B%9) > 0,7 = 0,...,k — 1, then
under the above conditions

e
I
—

p(NO & A%0&...&AF10) > 1 (1 — pi)u(B0)

Il
=)

i

Corollary 5. If u(B%0) > 0,7 = 0,....k —
under the above conditions

1, then

w(NO™)

k—1
Z ]-_pz )
=0

For every successful SLDF-inference N6 =
Ny, N10, ..., Ni,_160, Ny, there exists a SLDF -inference
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N6 = Nyo,Ni6,..,N0,,..,N;_,,N, = Ny, where
facts are used in the last turn and the rules C;6 with k; > 1;
j =1,...,9— 1 are applied before facts. Then the request
N/ has the form «— Af, ..., A,, and the request N}, - the

form «— A}, ..., A’. Such a SLDF -inference we call nor-
malized.
Theorem 2. If u(B7#) > 0,j=0,1, .., i-1, and

u(NkF”) > 0, then for the successful SLDF-inference,
defined earlier

HONOINGEY) 2 1= 3 (1= p)u(BI0) (N,

where p; is conditional probabilities, B’6 is conditions of
therulesC'y,j =1,..., — 1.

Let us define the probability estimations v (), n(N)
of the calculation space requests for the program Pr and se-
lection rule R. We will consider the SLDF-tree of some
request N in the calculation space. If the SLDF-tree is
not successful, then estimations v and n are not defined.
For the successful SLDF-tree consider a set {SLDF!},cy,
I # () of all successful normalized SLDF-inferences of the
requests { N0 };cr.

Let us determine the estimations {v/'};c7, which are
equal to the right-hand side of 1nequa11tles of the corollary
10, for the probabilities u(N9?") > vt (Vi € I) of the re-
quests { N0}, obtained by the corresponding inferences.
Determine also the estimates {n’};c;, which are equal to
the right-hand side of 1nequalltles of theorem for the con-
ditional probabilities (N " [N F A) > ni(Vi € I) of
the requests { N0'},c;. Define v(N) = sup{v'}, n(N) =

icl
sup{n'}.
il

The SLDF-inference of the request N, where the esti-
mation n(N) is reached, we call a prediction of the request
N. The value n(N) we call the estimation of the request N
prediction. If the prediction is not defined, then the estima-
tion of the prediction n(N) is not defined.

5. Inductive synthesis of probabilistic logic
programs

A full set of facts for the class of models G is represented
by collection of sets F'(N) = {A| N | A for any ground
literal A}, where N € G. Any finite collection D of fi-
nite subsets D(NN) C F(N) is called data. A probabilistic
Herbrand model M = (Uy, p), which is coordinated with
the class G, we call a probabilistic Herbrand model of data
D ={D(N)|N € G}.

How should the rules C = A «— By, ..., B, (m > 1)
be used for predictions? If in the case of ground substitu-
tion § € O the conjunction (B &...& By, )0 is true on a cer-
tain model IV, which is chosen randomly from G in accor-
dance with the measure p, i.e. {B16, ..., B0} C F(N),
then the conclusion A6 is true on N with the probabil-
ity u(A0|(B1&...& B )0) > p(A|Bi1&...&Bp) = u(C).



Thus, probability p(C) for the rules with free variables
gives a lower (or equal) boundary for prediction of the lit-
eral Af. Note that only one model N, chosen arbitrary
from G, and the corresponding data D (V) should be used
for predictions in a particular model.

Definition 8. For two rules C' = A «— By,....,B,,
and ¢’ = A’ — Bi,..., B, (m,m' > 0) relation C' > C
(to be more common) takes place iff there exists a sub-
stitution # € © such that A'0 = A, {B9,...,B.,.0} C
{B1,..., By} and C is not a variant of C".

Definition 9. A probabilistic inference relation C' C
C'isholds iff C" > C and u(C") < u(C).

Definition 10. A probabilistic regularity (or P-rule)
is such a rule C € PRy that for any other C’ from PRy:
ifC' > C,then C' C C.

Denote PR(M) is the set of all P-rules; P(M) C
PR(M) is the set of all P-rules with premises containing
at least one literal.

Definition 11. We will refer to the set PR(M,N) =
P(M)UD(N), where D(N) € D and N is a certain model
chosen arbitrary from G in accordance with the measure 1,
as a probabilistic logic program synthesized inductively by
the data D(N') and the probabilistic model M.

6. Semantic probabilistic inference

Definition 12. A maximal sequence of rules C; = Cy C
..., where C; = (A; < B},..,Bl) € P(M) (i = 1,2,...),
such that the literal A is unified with all literals A, Ao, ...,
we call a semantic probabilistic inference (or P-inference)
of this A of the signature 2. If there is no such a sequence
for some literal A, then its P-inference is empty. Each
P-inference produces a sequence of substitutions 61, s, ...
from the definition of relation >>. We will refer to the sub-
stitution § = 60105... as the result of semantic probabilis-
tic inference (calculation). The final rule of the finite P-
inference is called the resulting rule.

Unlike probabilistic logics (see [8] and [9]) the prob-
ability of rules strictly increases during the process of P-
inference. Let us consider the set of all P-inferences of an
literal A. This set constitutes the semantic probabilistic in-
ference tree (SPI-tree) of this literal.

7. The solution of the statistical ambiguity
problem

Now we will define the Requirement of Maximal Speci-
ficity (RMS). In this section we will consider the language
L without functional symbols. Suppose that the class H of
objects in (1) is defined by some sentence H € Rin L.

Defiition 13 . By the maximum specific rule MS(A)
for the P-inference of the literal A we mean such resulting
rule (if it exists) of the SPI-tree for A, that has the maxi-
mum value of conditional probability. We define the set of
all maximum specific rules as MSR.
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Definition 14. The Requirement of Maximal Speci-
fiity - if we add any sentence H € R to the premise of the
rule (F = G), u(G|F) = r, such that F'(a)&H (a) for
an object a, then the new rule (F&H = G) will have the
same probability u(G|F&H) = u(G|F) = r.

In other words the requirement RMS means that there
is no other sentence H in % that increases (or decreases, see
lemma 2 below) the conditional probability pu(G|F) = r
(by adding it to premise).

Lemma 2. If the sentence H € R decreases the prob-
ability p(G|F&H) < pu(G|F) then its negation ~H in-
creases it: u(G|F&—-H) > pu(G|F).

Lemma 3. For any rule C = (A9 <« By,..., By,
w(B1&...&B) > 0 there is a P-rule ¢/ = (A «
Aj, ..., Ay, which is subrule of C and u(C”") > u(C).

Theorem 3. Any MS(G) rule satisfies the RMS re-
quirement.

Assume that rules in MSR are all standardized apart:
any two C'y, Cy € M SR have no common variables.

Theorem 4. For any theory Th C M SR there exist
a substitution # € O such that I-S inference is consistent
with Thé.

So, we can predict without contradictions if only el-
ements of the MSR-set are used as statistical laws in I-S
inference.

8. Predictions based on the semantic proba-
bilistic inference

Let D*(N) = {—A|A € D(N)} U D(N) be a complete
collection of alternatives.

Definition 15. By a P-prediction of some literal A
of the signature €2 by the program PR(M,N) = P(M) U
D(N) we mean such a P-inference C; C ... T C; T ... €
P(M) of the goal A, where:

1. There exists a rule C; = A; «— B},...,Bll- and a
substitution 6 such that {B}0, ..., B0} C D*(N), Af =
A;0; p{B}0&...& B!} > 0 and ju(A0) < u(C;);

2. A maximum of conditional probability among all
rules, satisfying the condition 1, of all P-inferences of the
goal A is attained by the rule C; , ;

3. If there is no a P-inference of the goal A or there is
no required substitution, then a P-prediction is not defined;

4. The substitution 6 for C; (from the first con-
dition) is called the result of P-prediction. The value
np(A) = p(C;) we call the estimation of P-prediction. If
P-prediction is not defined, then estimation value 7, (A) is
not defined.

Proposition 2. Rules satisfying the point 2 are not
comparable with respect to relation >>.

Lemma 4. A P-prediction (of some literal A) is de-
fined iff there exists at least one ruleC' € P(M) satisfying
the fst condition of definition.

Lemma 5. Let the rule C' € PRy satisfies the point
1 of definition and has at least one literal in the premise,
then either C is P-rule C € P(M) or there exists a rule



C'e P(M),C" > C, u(C") > u(C) satisfying the point
1 of definition.

Corollary 6. P-prediction is defined iff there exists
at least one rule C' € PR, (with at least one literal in
the premise) that satisfies the point 1 of definition of P-
prediction.

Let Pr be a logical program with facts belonging to
D(N) of the program PR(M,N) = P(M) U D(N).

Theorem 5. If literal A is predicted by the program
Pr with estimation n(A) > u(Af) (where § € OG is cor-
responding substituition for SLDF-prediction), then it is P-
predicted by the program PR(M, N) with P-prediction es-
timation value 7,(A4) > n(A).

It follows from the definition that there is C;0 (where
theta is a result) —a maximal specific regularity for A, given
available data, — such that 7,(A) = p(C;6). Note, we pre-
dict a property A according to C;6 only if premise of C;6 is
contained in D(N) (it also might include negated literals).
Thus, we have an opportunity to eliminate contradictory
predictions appearing in the case of SLD-constructions.

9. The Relational Data Mining and program
system ‘Discovery’

The Relational Data Mining (RDM) approach to the inten-
sive area of applications — Knowledge Discovery in Data
Bases and Data Mining (KDD&DM) — was developed on
the basis of the semantic probabilistic inference [12], [13],
[16], [17]. The program system ‘Discovery’, which uti-
lizes this approach, was implemented. This system realizes
the SP-inference and is able to discover the sets of rules
PR(M), MSR. In [12], [13] we prove that using RDM
we may cognise the object domain. The system ‘Discov-
ery’ has been successfully applied for solving many prac-
tical tasks in such fields as the cancer diagnostic systems,
time series forecasting, psychophysics, bioinformatics, and
many others (see www-site Scientific Discovery [18]).
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