Chapter 2
A Decision-Theoretic Approach to Forecasting

Abstract Statistical forecasting is prediction of future states of a certain process
based on the available stochastic observations as well as the available prior
model assumptions made about this process. This chapter describes a general
(universal) approach to statistical forecasting based on mathematical decision
theory, including a brief discussion of discriminant analysis. The following fun-
damental notions are introduced: optimal and suboptimal forecasts, loss function,
risk functional, minimax, admissible, and Bayesian decision rules (BDRs), Bayesian
forecast density, decision rule randomization, plug-in principle.

2.1 The Mathematical Model of Decision Making

A generalized mathematical model of decision making has been formulated by
Abraham Wald [14] as a generalization of the models used for hypothesis testing and
parameter estimation to obtain an adequate description of settings that include
stochastic processes. The high degree of uncertainty present in most applied
forecasting problems makes the decision-making approach extremely relevant to
statistical forecasting.

A general decision-making model contains two abstract objects: the environment
(E) and the decision maker (DM), as well as the following six mathematical objects:

(®s 8, wi(')v F()v D)

Here ® C R™ is the parameter space containing all possible states 6 € © of the
environment E, which includes a certain “actual state of E” denoted as 6° € © (this
actual state is assumed to be unknown to the DM at the moment when the decision
is made); Y € R™ is the decision space (each element ¥ € Y is a possible decision
of the DM); w(-) is the loss function

w=w07Y), 00O, YeY weRl
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Fig. 2.1 The process of decision making

where w is the loss taken by the DM for 0° = 6 and the decision Y ; the function
u=u(®Y)=—w(9,Y) is usually called the utility function; X = B(R") is the
sample space (a Borel o-algebra defined over an N -dimensional Euclidean space)
where statistical data is observed; the random N -vector of observations X € X is
defined over the probability space (£2, F,P), and F(X;6°) : X x ©® — [0, 1] is the
N -dimensional distribution function of X which depends on the parameter 8°; D is
the decision rule space consisting of all Borel maps d(-) : X — Y:

D={Y=dX): XeX, Y ey}

Decision making within this model is illustrated in Fig. 2.1. At the moment when
the decision ¥ € Y is being made, the DM doesn’t know the “actual state of E”
09 € O, and therefore the actual loss W(OO, Y) is also unknown. However, the DM
knows the possible loss w = w(6, Y') for every possible situation (6,Y) € © x Y.
In order to reduce the uncertainty of #°, the DM collects statistical data in the form
of an observation X € X, which has the probability distribution defined by 6°.
Based on the knowledge of the loss function w(-), the distribution function F(-),
and the collected statistical data X, the DM uses a certain performance criterion to
choose the optimal decision rule d,,(-) € D and to make the best possible decision

Y = dopi(X) by following this rule.

2.2 Minimax, Admissible, and Bayesian Families
of Decision Rules

Under a generalized decision-making model presented in Sect. 2.1, consider the
problem of constructing the optimal decision rule d,,(-) € D. Let us define a
criterion of decision rule optimality [10].

Definition 2.1. The conditional risk of a decision rule d(-) € D for 8° = 6 is
defined as the conditional expectation of the loss function:
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r = r(d():0) = Eg{w(0,d(X))} = /w(@,d(X))dF(X; 0), 6@, reR'
RN @2.1)

Smaller values of the functional (2.1) correspond to more effective decision rules.
It follows from the definition that the uncertainty of the value ° complicates the
minimization of the risk functional.

Definition 2.2. A minimax decision rule Y = d*(X) is defined as a decision rule
minimizing the supremum of the risk functional (2.1):

re(d*()) = dinf r+(d()), r+(d(-)) = supr(d();0) (22)
()eD )

where 74 (d(-)) is the guaranteed (upper) risk, i.e., the maximum possible value of
the risk functional for the decision rule d(-).

The guaranteed risk corresponds to the least favorable state of the environment
E, and thus the minimax decision rule (2.2) is often called “pessimistic.”

Another popular approach to decision making is the Bayesian approach [10]
which is based on the assumption that there exists an a priori known m-dimensional
probability distribution function G(6) of the random vector #° € © defining the
state of the environment E.

Definition 2.3. Under the assumptions of the decision-making model defined
earlier, let 8° € ® C R™ be a random m-vector characterized by a prior distribution
function G(0). Then the Bayesian (unconditional) decision risk is defined as the
following functional:

= rd) = Br@0: 6%} = [ 1d0:6)dGeO). doeD. re®!
- (2.3)

or equivalently
r = r(d()) = Etw(6’. d(X))} = / / (0. d(X))dF(X:0)dG ().
R™ RN

which follows from (2.1) and the total expectation formula.

Definition 2.4. A Bayesian decision rule (BDR) is a decision rule Y = dy(X) that
minimizes the Bayesian risk (2.3):

r(do()) = inf r(d(). e4)
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Let us introduce the last type of decision rules that will be discussed in this
chapter—the admissible decision rules.

Definition 2.5. It is said that a decision rule d’(-) dominates a decision rule d”(-),
where d’(+),d”(-) € D, if

r(d'():0) <r(d"();0) Vv0eO, 2.5)

and there exists a € ® such that the inequality in (2.5) is strict. A decision rule
d (+) is said to be admissible if no other decision rule d(-) € D dominates d ).

Definition 2.6. Decision rules d;(-), d2(-) € D are said to be equivalent w.r.t. the
Bayesian decision risk if they have the same Bayesian risk values:

r(di() = r(da().

Equivalence w.r.t. the guaranteed risk is defined similarly:

r+(di()) = r+(d2()).

Let us establish some properties of the above decision rules (see [1] for a more
systematic treatment).

Properties of Bayesian, Minimax, and Admissible
Decision Rules

Property 2.1. A BDR dy(-) minimizes the posterior mean loss w(Y | X):

Y =dy(X) = arg min w( | X). (2.6)
where
w( | X) =E{w(@°.Y)| X} = /w(@,Y)dG(@ | X). (2.7)
Rnl

and G(6 | X) is the posterior probability distribution function of the random
parameter 6° given the observation X.

Proof. Using (2.3) and the total expectation formula, let us rewrite the Bayesian risk
as follows:

r(d() = Ew(6°,d(X))} = E{E{w(6°, d(X)) | X}},
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where the outer expectation is computed w.r.t. the unconditional distribution of the
random vector X with a distribution function

F(X) = / F(X:0)dG(6);

Rm

the inner conditional expectation defines the posterior loss (2.7). Thus,

r(d()) = E{w(d(X) | X)} = / w(d(X) | X)dF(X) = ro == / Iynelg w(¥ | X)dF(X),
RN RN

and it is obvious that the lower bound ry is attained for the decision rule defined by
(2.6), (2.7). From Definition 2.4, this decision rule is a BDR. |

Property 2.2. IfaBDR Y = dy(X) is unique, it is also admissible.

Proof. The statement will be proved by contradiction. Suppose that the BDR d(-)
is not admissible. Then, by Definition 2.5, there exists a decision rule d’(-) € D,

d'(-) # d(-), such that
r(d'(:);0) <r(do(-);0) VYOe®, 30 ec®: r(d():0) <r(d();0).

Integrating the first inequality over the probability distribution G(8) of 6 and
applying (2.3) yields the inequality

r(d'(:)) < r(do()).

Strictness of this inequality would contradict the definition of a BDR given in (2.4).
However, an equality is also impossible, since in that case d’(-) would be a different
BDR, contradicting the uniqueness of the BDR. This contradiction concludes the
proof. O

Property 2.3. Given that the parameter space is finite, @ = {91, .. 9K,
K < o0, and that the prior probability distribution of #° € ® is nonsingular,

=P =0®r>0 k=1,...,K,

the BDR Y = dy(X) is admissible.

Proof. Assume the opposite: dy(-) is not an admissible decision rule. Then (2.5)
implies that there exist a decision rule d(-) € D and an index i* € {1,...,K}
such that

r(d(); k) <7(do():0k), k #i r(d():0%) <r(do(); ;%)
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Multiplying both sides of these inequalities by py > 0 and p;= > 0, respectively,
taking a sum, and applying the equality (2.3) yield

K K
rd() =Y per(d():0%) < > pir(do():0%)) = r(do(-)).

k=1 k=1

This inequality contradicts the definition of the BDR (2.4). O

Property 2.4. If the parameter space is finite, ® = {#V, ..., 0K} K < oo, and

d(-) is an admissible decision rule, then there exists a prior distribution
pe=P{OO =00y k=1, K,

such that the decision rule d(-) is the BDR w.r.t. the prior distribution { p;}. In other

words, in this case the set of admissible decision rules is included in the set of BDRs.

Proof. The proof can be obtained by repeating the argument of the previous proof.
|

Property 2.5. If a minimax decision rule d *(-) is unique, then it is also admissible.

Proof. Let us assume the opposite: there exists a different decision rule d(-) € D,
d(-) # d*(-), such that

r(d();0) <r(d*();0) VOe®, 30 €0: r(d();0)<rd*()0).
From (2.2), this also yields the inequality

re(d() <ry(d*()).

This contradicts the condition that d *(-) is a unique minimax decision rule. O

Property 2.6. Given that d(-) is an admissible decision rule and that the
corresponding risk function (2.1) doesn’tdependon 8 € ®,i.e., r(d(:); ) = const.,
the decision rule d(-) is also a minimax decision rule.

Proof. Assume that the minimax condition isn’t satisfied for the decision rule d(-)
and that there exists a different minimax decision rule d’(-) # d(-):

re(d'() <r4(d()).
However, we have also assumed that r (d(-)) = r4(d(-); ), and thus
r(d'(:);0) <r(d();0) Y0e0,

which contradicts the admissibility of d(-). O
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2.3 The Bayesian Forecast Density

Randomization of the decision rule is a commonly used decision-theoretic technique
of reducing the decision risk [1].

Definition 2.7. A randomized decision rule is a family of random variables
Y=dX,w): X x2 —>Y,

lying in the basic probability space (§2,F,P) and defined by a critical function
7 (Y; X). For a discrete decision space Y, the function (Y ; X) is defined as

r=nl;X):=P{dX,w)=Y | X}, Y eV,
and we have

O<m(Y:X)<1l. Y a(Y:X)=1
Yey

In the continuous case, where Y C R™ | and the Lebesgue measure mesy (Y) is
positive, 7 = 7(Y; X) is defined as the M -dimensional probability density of the
random variable d(X, w), and we have

x(Y:X) >0, /Jr(Y;X)dY: 1.

RM

Let us consider applications of randomized decision rules in statistical
forecasting. Assume that a forecast is constructed for a random M -vector Y € Y
that describes an unknown future state of the process or the phenomenon that
is being investigated. Its probability density g(Y | 6) depends on a parameter
f € ® C R™ with an unknown true value 8° € ©. Following the Bayesian
paradigm, it is assumed that #° is a random m-vector with a given prior probability
density ¢(0). Let X € X € R" be statistical data describing past and current states
of the process with a conditional probability density p(X | 6) given 8° = 6. Thus,
the random parameter vector #° is stochastically dependent not only on the past and
current states X but also on the future states Y. This allows forecasting of ¥ based
on the collected statistical data X under prior probabilistic uncertainty of 6°.

The problem of constructing a forecast for Y based on X using the randomized
decisionrule ¥ = d (X, w) lies in finding the critical function 7 (Y'; X). Following
the Bayesian approach outlined above, one of the methods of constructing the
critical function is the use of the posterior probability density of Y given the
observation X:

2(Y:X)=p(Y | X), YeY. 2.8)
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Fig. 2.2 Stochastic q(0)
dependence between X, 6°,
and ¥ p(X]0) 8(Y[0)
Statistical data E The future state

The conditional probability density (2.8) used in forecasting is called the Bayesian
forecast density.

Following the accepted stochastic model (Fig.2.2) of the dependence between
X, 0°, and Y, Bayes formulae, together with certain well-known properties of
multivariate probability densities, imply that

(Vi X) = / 2(Y [ 6)p(8 | X)db, (2.9)
J
where
—1
p@1X) = p(x 16)9®) | [ pOX 1 8)0(0a8 (2.10)
J

is the posterior probability density of the random vector 6° given a fixed value of
the random vector X .

The Bayesian forecast density (2.9), (2.10) allows us not only to compute
the randomized forecast ¥ € Y as a result of simulating a random M -vector
with the probability density 7(Y; X), ¥ € Y but also to compute the traditional
(nonrandomized) point and interval forecasts. Numerical characteristics of the
Bayesian forecast density 7 (Y; X) can be used as point forecasts of Y':

* Posterior expected forecast

Yo = / Yr(Y:X)dY; (2.11)
]Rm
¢ Posterior mode forecast
IA’l =argmax 7 (Y; X); (2.12)
Yey

¢ Posterior median forecast (for M = 1): }A’z is defined as a root of the equation
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Fig. 2.3 Construction of

point and interval forecasts m(Y:X)
from the Bayesian forecast
Yo [ L
0
1;2 +o00
/n(Y;X)dY: /n(Y;X)dY. 2.13)
AN 7

Figure 2.3 above presents an example of using the Bayesian forecast density to
construct point and interval forecasts in the univariate case (M = 1).

The following two techniques can be proposed for set (interval) forecasting.
Let the domain of y-maximal Bayesian forecast density be a subset of the possible
forecasts defined as

Y, =Y eY:n(Y:X) > yma}, (2.14)

where T = gla;gn(Y; X) and the parameter y € (0.5, 1) defines the size of
€

the domain Y,, i.e., its M -dimensional volume mesy, (Y, ). Following the theory of
statistical interval estimation, let us define the posterior y-confidence region Y, as
the solution of the following conditional minimization problem:

mesy (Y,) — min, /rr(Y;X)dY = y. (2.15)
Yy

In order to simplify the computations, it is often advisable to consider a parametric
family of possible confidence regions.

It should be noted that computation of Bayesian density forecasts (2.9), (2.10)
is often complicated by the necessity of multiple integration over § € ® € R”. If
analytic computation of the integrals in (2.9) and (2.10) appears to be unfeasible,
Monte Carlo numeric integration may be used:

K
1 .
n(Y:X)~ & > gy 169,

i=1
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Here 00, ...,0%) ¢ © is a sample of K independent random vectors with the
probability density function p(6 | X), which can be simulated by using standard
algorithms. As the number of Monte Carlo trials K increases to infinity, the mean
square error of this approximation decreases as K.

To illustrate the notions and methods of this section, let us consider a problem of
forecasting a financial company’s income.

Assume that the income Y over the next business day is a random variable
depending on the average increment #° € R! of a certain currency exchange rate
over the previous day:

Y=[L0+k90+8,

where 1o € R' is the (known) guaranteed mean income that doesn’t depend on the
currency exchange market, k 0° is the income depending on 6° (here k > 0 is a
known proportionality coefficient); ¢ is a random variation of the income modeled
by a normally distributed random variable,

L{e} = N(0, A?),

with a known variance AZ. The parameter 0° is unknown, but statistical data
Xi, ..., Xy representing the 1-day exchange rate increments over the previous day
(offered by N commercial banks) has been collected, where X = (x;) € RV
is assumed to be a random sample of size N taken from a normal probability
distribution, £{x;} = N(0, 5%), with a known variance o2

We would like to make point and interval forecasts of the income Y based on
statistical data X, the above model assumptions, and a prior assumption that 6 is
uniformly distributed over a given interval [a, b] (for example, we can assume that
the minimum and maximum exchange rates @ and b have been set by a central bank).

Model assumptions yield the following expressions:

1

1
Y| 0)=——exp|——
10 = e (<5

(Y — o — k9)2) :

N
p(X | 6) =2ra®)™ " exp (—% (x; — 9)2) :

i=1
1
q(0) i — 110.5)(0),

—a

where 14(6) = {1, 60 € A; 0, 6 & A} is the indicator function of the set A. Applying
(2.10) results in the Bayesian forecast density

exp (—N(20?)71(8 — X)?)
(e () -0 (72

pO]X)= 1. (0),
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which is the normal probability density function N (X, 02/N) constrained to [a, b],
N
where x = N~} > x; is the sample mean. This, together with (2.9), leads to the

i=1
equation

0= 5 (o (5057) o (52 7))

b
1 (N _ 1
x/exp (_E (;(9 %)+ E(ke + po — Y)Z)) de,

a

where the right-hand side integral can be rewritten using the standard normal
distribution function @(-) by performing a substitution of the variables. Applying
this equation to (2.11)-(2.15) yields the desired forecasts.

2.4 Forecasting Discrete States by Discriminant Analysis

2.4.1 The Mathematical Model

In applications, the underlying process can often be described by a discrete
stochastic model [2,5-8, 11]:

ve S ={1,2,...,L},

where v is the future unknown state of the system and 2 < L < 400 is the number
of possible values of v (i.e., the number of possible forecasts). Let us consider some
examples.

Example 2.1. A bank scores a prospective client (a certain company) applying for
a loan. The financial circumstances of the client are characterized by N business
indicators X = (x;) € RV (for instance, x, is the total annual income, x; is the
demand for the products made by the company, and x3 characterizes the dynamics
of the company’s bank accounts). Based on statistical data X, the bank makes a
forecast b = d(X), where = 1 stands for a “reliable client” bringing a profit to
the bank and 7 = 2 —an “unreliable client” failing to repay the loan and causing a
loss (in this example, L = 2).

Example 2.2. Let 1 = d(X) be a success forecast for a certain clinical treatment
based on a patient’s medical test results X € RY; D = 0 means that the patient’s
health will remain unchanged, ¥ = 1 corresponds to a health improvement, and
D = 2 —a health deterioration (in this example, L = 3).
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The statistical classification model or, to be precise, the discriminant analysis
model [3,9, 11] can be used to solve this type of applied problems. Discriminant
analysis is a branch of statistical data analysis devoted to models and methods of
identifying the observed data as belonging to one of the given populations (classes,
patterns, etc.), i.e., classification of statistical observations.

Let us interpret a classification problem as a forecasting problem defined earlier.
Assume that a random observation x = (x;) € R" belongs to one of the L > 2
classes £21, ..., £2;, and let the possible forecasts be the indices of these classes:
a forecast v = i corresponds to the class £2; and vice versa. Let an observation
belonging to the class §2; be a random N-vector X; € RY with a conditional
probability density p?(x), i € S. We are going to assume the knowledge of prior
class probabilities 7y, ..., mp:

m=Py=i}>0. Y m=1
i€eS

We also assume prior knowledge of the (L x L) forecasting (classification) loss
matrix W = (w;;), where w;; > 0 is the loss taken if an observation belonging to
the class §2; is classified as belonging to the class §2;, i.e., if v = i, but b = /. For
example, a (0—1) loss matrix W is defined as follows:

wyp=1=8, iles§, (2.16)

where §;; is the Kronecker delta.
Under this model, optimal forecasting, as defined in Sects.2.1 and 2.3, is
equivalent to constructing a BDR

b =dy(x) :RY = 8, (2.17)

that minimizes the mean loss resulting from the forecast. This problem is
solved differently depending on the available prior knowledge of probabilistic
characteristics of the classes {;, pY(-)}.

2.4.2 Complete Prior Knowledge of {r;, p? )}

Let us introduce the following notation:
LoD =Y mpl@ws po) =Y mpl).  (218)
ieS ies

Here p(x) is the unconditional probability density function of the random
observation X € R" determined by the stochastic model of the investigated process.
From the Bayes formula,
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7 p§ (x)
Py = j |X:x}=’p(—’x), (2.19)
and thus (2.18) can be rewritten as
(x: 1 p9(.
Lidp O _ S P =i|X =xjwy=Efw,; | X =x}.  (220)

p(x) ppers
The relation (2.20) means that, to a multiplier p(x) not depending on j, the function

f; in (2.18) defines the posterior mean forecast loss ¥ = j given the observation
vector X = x.

Theorem 2.1. Under prior knowledge of the probability distributions {r;, p?(-)},
assume that for all i, k,l € S, k # [, the condition

Pool fi(X: {PT O — fi(X: (i)} =0} =0 (2.21)

is satisfied. Then the BDR (2.17) is unique and, up to a set of Lebesgue measure
zero, has the form

b =d =dy(x) = argmin f;(x: {p}()}). x€R", des. (2.22)
J
This BDR minimizes the mean loss of forecasting (the Bayesian risk):

o= [ min (b 2.23)
RN

Proof. Taking into account (2.3) and (2.18), the Bayesian risk functional can be
rewritten as

r=rdO):{plOH =D m / P )Wiar) = / Jaeo (e {pY (Odx, d(-) € D.
ies 2 "
) : (2.24)

Looking at the form of the functional (2.24), it is easy to find the lower bound of
the Bayesian risk over all possible decision rules d(-) € D:

d()eD

r(d(-):{p!()}) = min / Sao (e {p () dx = / rjneigf;(x;{p?(-)})dx=ro.
]RN ]RN

Therefore, the above inequality becomes an equality after substituting the decision
rule (2.22). |
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Observe that, as in Sect.2.2 (see Property 2.1), the obtained BDR (2.22)
minimizes the posterior mean loss.

Corollary 2.1. For a (0-1) loss matrix (2.16), the Bayesian risk can be interpreted
as the probability of making an incorrect forecast

_ - —1_ 0
ro = d(l-?efD P{D#v}=1 /1’11Easx(7t, p; (x))dx,
RN

and the expression for the BDR can be written in a simplified form:

D=d =dyx) = argma;g(mp,-o(x)), xeRY, des. (2.25)
i€

Proof. Let us substitute (2.16) into (2.18), (2.22), and (2.24). Taking normalization
into account, we obtain

[iGeAp)(O)) = p(x) — 7 pY (%),
FAO PO = 1— / T Py (),
]RN

and (2.25) follows immediately. ]

Corollary 2.2. Under the assumptions of Corollary 2.1, let the observations be
described by an N -dimensional normal (Gaussian) model:

N o] 1 _
P =t L) = @y 551 exp (=50 57 = ).
(2.26)
where ;= () € RN is the mean vector and X; = (o) € RV*N is the

nonsingular covariance matrix of the random vector X; € R¥. Then the BDR is
quadratic:

D

d =dy(x) = arg min (=) 27N (x — i) + In(| %3] /7)) . (2.27)

Proof. Substitute (2.26) into (2.25) and perform the obvious transformations. |

Corollary 2.3. Under the assumptions of Corollary 2.1, take Fisher’s model [3]:

Y=Yy =-.=%, =% (2.28)
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with two classes (L = 2). In that case the BDR is linear:
D=d =dy(x) =1(1(x))+1, xeR"Y,
I(x) =b'x + B,
— y—I _
b= X" (2 — 1), (2.29)
B = E w1 — ph 27 12) /2 + In(my /),

A 1. m A 1 m
1 (me(Z+-n™ o2 -—m)),
o (’” (2+A“n2)+’” (2 Anﬂz))

where ®(-) is the standard normal N(0, 1) distribution function and

A= (o — 1) E (o — p1) = 0

is the so-called Mahalanobis distance between classes [3].

Proof. Rewriting the BDR as (2.27) for L = 2 and taking into account the notation
(2.28), (2.29) yields

1
D=d =dy(x) = argmig (—uﬁﬂ_lx + §u§2_lm - lnm) =1((x))+1, xeR",
i€

which is the first expression of (2.29).
Now let us compute the Bayesian risk (i.e., the unconditional probability of a
forecast error) for the BDR (2.29):
ro = m Py + m Py, (2.30)
where

P=PH#£i|v=il, ieSs,

is the conditional probability of a forecast error given that the true number of the
class equals v = i. Due to (2.29), we have

P=P{P=2|v=1}=P{(X) =0} =1-F,(0), (2.31)
where [; = [(X;) = b’X; + B is a random variable and Fj,(z), z € R!, is the

distribution function of the random variable /;, i € S. From the condition (2.26),
the probability distribution of X; can be written as

L{Xi} = N (ui, X)),
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and the linear transformation theorem for normal random vectors [3] yields
L4} = Ni(m;, §;),
mi=b+ B = (1) A/2 +1n Z_?
G=b'Sb=(u— 1) I (2 — 1) = A%,
where the variance {; = A? doesn’t depend on i € S. Therefore,

—m;
A

F,,(z):@( ) ies.

Substituting this equality into (2.31) results in the expression

A 1 T
Pi=1-0|=—+—-—In—).
! (2+Anﬂ2)

Similarly, we have

A1
p=1-o(2-—-m™).
2 A b %)

Substituting P;, P, into (2.30) yields (2.29). O

Definition 2.8. Fisher’s linear discriminant function is defined as [(x) = b’'x + B
(as implied by (2.29), its sign determines the forecast). The set

Io={x:b'x+B=0CR"

is called Fisher’s discriminant hyperplane.

Figure 2.4 illustrates Fisher’s linear decision rule for N = 2.

To conclude this subsection, let us observe that, as in Sect.2.3, it is possible to
construct a randomized decision rule b = d (x, ) which is going to be described by
a Bayesian forecast distribution (2.9), (2.10) defined on the set of possible forecasts
A=8S={1,2,...,L}:

g P?(x)

a(;x) =P =i |X =x}= ()

, ies.
The nonrandomized forecast (2.25) is, in fact, equal to the posterior mode (2.12).

Some applications require interval forecasts H, € S defined by (2.15). In the
discrete case, this definition can be rewritten as

> w(i.x)=y. |Hy| — min. (2.32)

ieH,
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Fig. 2.4 Fisher’s linear 4
decision rule .

Interval forecasts defined by (2.32) become very useful in the rather common case,
where the number of classes is large (L >> 1).

2.4.3 Prior Uncertainty

Consider a setting with a priori unknown conditional probability densities of the
observations {p?(-)}. To overcome this prior uncertainty, we can use a so-called
classified training sample Z C RY of total size n = n| + --- + ny, which consists
of L independent subsamples:

Z=UZ. ZinZ; =0, j#i.

=N
Here
Z; :{Z,’jERN cj=1,...,n;}

is a random subsample of size n; taken from the class £2; (i.e., a subset of statistical
data corresponding to the forecast value v = 7).

Let us start by considering the case of parametric prior uncertainty, where the
densities {p?(-)}, i € S, belong to a given family of probability distributions, but
the distribution parameters remain unknown:

PP(x)=q(x:0°), xeRY, #°co,
where

0 ={q(x:0), xeR":0c© CR"}
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is some given m-parametric family of N-dimensional probability densities. Fore-
casting under parametric uncertainty is usually based on one of the two approaches
described below. Recall that we are constructing a forecast ¥ € § based on the
collected statistical data Z and the recorded observation x € RV,

A. Construction of plug-in decision rules (PDRs).

Definition 2.9. A PDR is defined as the decision rule obtained from a BDR (2.22)
by substituting consistent statistical estimators {6; } for the unknown true values of
the parameters {6°} based on the training sample Z:

b= di(xiZ) =argmin f; (i {g(i6)). xRV, Tes. (233
J
where functions { f; ()} are defined by (2.18).
The estimators {éi} are usually the maximum likelihood estimators (MLEs):

R 1 &
;= —Y ' Ing(z;:6), i€S. 2.34
6; = argmax ” ; ng(z;;0), ie€s (2.34)

Theorem 2.2. If the parametric family Q of probability densities satisfies the
classical regularity conditions [4], then the forecast v defined by the PDR (2.33),
(2.34), converges in probability to the forecast ¥ defined by the BDR (2.22):

di(x:Z) > do(x), x eRV, (2.35)
no = minn; — oQ.
ieS

Proof. Regularity conditions together with certain well-known asymptotic proper-
ties of MLEs [4] imply that

A P .
9,’-)9’-0, ies.

Notation (2.18) and well-known results on functional transformations of convergent
sequences [4, 13] yield the relations

A P
q(x:0;) = q(x:67),
A P .o
[ g 0)h) = f(a{g( 60, ij €S, xeRY.
Since S is a finite set, the convergence of the objective functions

fi(). JjeSs,
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implies that the minimum points also converge:
argmin f; (x: {q(x; 6)}) = argmin f; (x: {g(x:60)), ¥ € RV,
J j

This, together with (2.33) and (2.22), proves the convergence in (2.35). O
Let us define the unconditional Bayesian risk of a PDR d(-) similarly to (2.24):

r(d1<->>=1€{ [ S (e P2 (2.36)
]RN

where the expectation [E{-} is computed w.r.t. the probability distribution of the
random sample Z. Known asymptotic expansions of the deviations {6; — 6°} [9,13]
lead to the following asymptotic expansion for the unconditional risk (2.36):

r(di() =ro+ Z = 10, (2.37)
i=1 1

where the coefficients {p; } above satisfy the condition

0i = 0i (N {mi}. {g(: 6))}. fwy}) = 0.

It is easy to see from (2.37) that for ny — oo the PDR risk (2.33) converges to the
minimal Bayesian risk (2.23):

r(dy) — ro, (2.38)

and therefore in practice (2.33) is often called the suboptimal decision rule.

In practical applications, it is important to choose sufficiently large training
sample sizes ny,n,,...,ny that guarantee a minor relative increase in the forecast
risk due to the uncertainty of {6}. The relation (2.37) can be used to evaluate this
increment:

L
rdy—ro _ PRCA) (2.39)

F n;r
0 i=1 0

B. Using the Bayesian forecast distribution.

Define an Lm-dimensional composite column vector of parameters for the
probability distributions

Pl =q(x;0)), xeRY, 6 eOCR",
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Fig. 2.5 Stochastic dependence between model components

wherei € S, as
00 = (065 ... :0)) eRM,

and assume that #° is a random vector with an a priori given probability density
function ¢ (), 0 € R,

To define a Bayesian forecast distribution and construct a randomized decision
rule

vV =dy(x;Z,w),

we are going to use the diagram of the stochastic dependence between v, X, #°, and
Z presented in Fig. 2.5.

The Bayesian forecast distribution is defined on the decision space S in the
following way:

0 2) =Py —i | X —xzy = [ T
mixZ) =By =1 | X =x.2} = | <= 2= p(@] 2)d0.
Rl jeS
L n;
q) IT IT 9z 6) (2.40)

i=1j=1

L n; .
[ a0 TT T1 q(:6)do’

RLmn i=1j=1

pO1]2)=

As in Sect. 2.3, (2.40) can be used to construct point and interval forecasts of v.

To conclude the section, let us briefly discuss the case of models with nonpara-
metric prior uncertainty, where the N -dimensional probability densities lie in a
distribution family P which doesn’t allow for a finite parameterization:

PIC. PO pr () € P
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In this setting, the approach A is still valid, requiring only a modified construction
of admissible estimators { p; (-)} for { p?(-)}.

Two types of nonparametric estimators {p; (-)} are the most relevant to applica-
tions: the Rosenblatt—Parzen estimators and the k-Nearest-Neighbor estimators.

A nonparametric (kernel) Rosenblatt—Parzen estimator [12] of the density p?(-)
based on the sample Z; is defined as the statistic

R 1 & _
P = o Y OK(H'(x—z5). x=(x)eRY. (241
1 1 j=1
In this definition,
N
K(x) =[] &Ko)
=1

is an N-dimensional kernel, and each K;(y), y € R!, is a one-dimensional
kernel—a nonnegative bounded differentiable even function such that K;(]y]|) is
nonincreasing in | y|, the conditions

+o00 +o00
/ Y"Ki(y)dy < +o00  (m > 0), / VK (y)dy = 1;
0 —00

are satisfied, and H; = diag{h;} is a diagonal (N x N)-matrix. Diagonal elements
of H; are known as smoothing coefficients; they are strictly positive, #; > 0. Given
the convergence
hia = hy(n;) -0, n;|H;| — o0
as n; — oo, the estimator (2.41) is consistent [12].
It has been proved [9] that if P is a family of thrice differentiable densities, the

sizes of training samples {#; } are comparable:

no = mi;m,- — 00, n; =cing, 1=<¢ <400,
ie

where {c;} are certain constants, and the smoothing coefficients can be written
asymptotically as

1
hy=byn, ", 1 =1,...,N,
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then the unconditional Bayesian risk (2.36) satisfies an asymptotic expansion similar
to (2.37):

r(d()) =ro+ % +0 (ng“/”v“’) , (2.42)
ngy

where ¢ = q(N,{m:},{p’()}, {w;}) is a known coefficient of the asymptotic
formula. The asymptotic expansion (2.42) implies that a PDR d;(:) constructed
from Rosenblatt—Parzen estimators satisfies (2.38) and is, therefore, suboptimal.
Similarly to the parametric case (2.39), the asymptotic expansion (2.42) yields the
following explicit relation between n¢ and §:

F+1
ny > (i) , (2.43)

I‘05

A generalized nonparametric k-Nearest-Neighbor (k-NN) estimator of the
density p?(-) based on the sample Z; is defined as the following statistic [9]:

1 -z
ﬁi(x)z—NZL,- (x Zf), xeRY, ies, (2.44)
n;o; j=1 Oi
where 0; = 0;(x:Z;) > 0 is the Euclidean distance between a point x € RV

and the k;th nearest neighbor of the point x in Z;; each number of neighbors k;,
2 < k; < n;, is a positive integer parameter of the estimator; the function L; (u),
u = (ur) € R", is a bounded integrable weight function such that

/Li(u)duz 1, /|u|3Li(u)du<oo, /ukL,-(u)duzO, k=1,...,N.
RN RN RN
In applications, a uniform weight function is used most frequently:

Li(u) = Qa"*) ' NI (N/2)1p1(Jul).

where I"(-) is the gamma function. Assuming the convergences k; = k; (n;) — oo,
ki(n;)/n; — 0 as n; — oo, the estimator (2.44) is consistent.

It is known [9] that if P is a family of thrice differentiable densities, then a PDR
based on k-N N estimators (2.44) with the coefficients k; defined as

ki = [bin}/ MY i =1, N,
where {b;} are some constants, is suboptimal. The unconditional Bayesian risk

of this PDR satisfies the asymptotic formula (2.42) with a different value of the
coefficient q.
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The above analysis shows that parametric prior uncertainty leads to a risk
increment that can be estimated as O(nj'), and nonparametric uncertainty results

0 n54/(N+4)

in a much larger increment— ) The difference between risks of

nonparametric and parametric forecasting becomes higher as N (the number of
dimensions of the observation space, or, equivalently, the number of quantities
characterizing the investigated process) increases.

To conclude the chapter, let us note that an even higher level of prior uncertainty
may be considered, where the training sample Z is assumed to be unclassified. In
that case, a forecasting algorithm can be constructed by applying methods of cluster
analysis [9].
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