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ABSTRACT

Skill scores defined as measures of relative mean square error—and based on standards of reference repre-
senting climatology, persistence, or a linear combination of climatology and persistence —are decomposed. Two
decompositions of each skiil score are formulated: 1) a decomposition derived by conditioning on the forecasts
and 2) a decomposition derived by conditioning on the observations. These general decompositions contain
terms consisting of measures of statistical characteristics of the forecasts and/or observations and terms con-
sisting of measures of basic aspects of forecast quality. Properties of the terms in the respective decompositions
are examined, and relationships among the various skill scores—and the terms in the respective decomposi-
tions—are described.

Hypothetical samples of binary forecasts and observations are used to illustrate the application and interpre-
tation of these decompositions. Limitations on the inferences that can be drawn from comparative verification
based on skill scores, as well as from comparisons based on the terms in decompositions of skill scores, are
discussed. The relationship between the application of measures of aspects of quality and the application of the
sufficiency relation (a statistical relation that embodies the concept of unambiguous superiority ) is briefly ex-
plored.

The following results can be gleaned from this methodological study. 1) Decompositions of skill scores
provide quantitative measures of —and insights into—multiple aspects of the forecasts, the observations, and
their relationship. 2) Superiority in terms of overall skill is no guarantor of superiority in terms of other aspects
of quality. 3) Sufficiency (i.e., unambiguous superiority) generally cannot be inferred solely on the basis of
superiority over a relatively small set of measures of specific aspects of quality.

Neither individual measures of overall performance (e.g., skill scores) nor sets of measures associated with
decompositions of such overall measures respect the dimensionality of most verification problems. Nevertheless,
the decompositions described here identify parsimonious sets of measures of basic aspects of forecast quality
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that should prove to be useful in many verification problems encountered in the real world.

1. Introduction

Skill scores are often used to assess the accuracy of
forecasts produced by numerical, statistical, and/or
conceptual models relative to the accuracy of forecasts
based on simple forecasting methods such as climatol-
ogy or persistence. Although these measures may be
useful as a means of assessing the relative accuracy of
forecasts in an overall sense, accuracy is not the only
aspect of forecast quality of potential interest or im-
portance. Consideration of the underlying nature of
verification problems reveals that these problems are
multidimensional and that forecast quality is multifac-
eted (Murphy and Winkler 1987; Murphy 1991). Thus,
one-dimensional measures of skill at best provide a my-
opic view of forecast quality. From the perspective of

Corresponding author address: Dr. Allan H. Murphy, Prediction
and Evaluation Systems, 3115 NW McKinley Drive, Corvallis, OR
97330-1139.

E-mail: murphya@ucs.orst.edu.

© 1996 American Meteorological Society

comparative verification, skill scores are inadequate—
and potentially misleading—when used as the sole or
principal means of judging relative forecasting perfor-
mance.

To obtain more realistic and insightful assessments
of forecasting performance, in an absolute or relative
sense, the multifaceted nature of forecast quality must
be taken into account. The extent to which the forecasts
of interest possess various basic aspects of quality is of
particular interest. Decompositions of performance
measures such as skill scores can play an important role
in this assessment process since the terms in these de-
compositions represent (a) measures of specific aspects
of quality and (b) contributions to overall skill. In this
regard, Murphy (1988) and Murphy and Epstein
(1989) recently used the covariance decomposition of
the mean square error to investigate the relationships
between skill scores based on the mean square error
and correlation coefficients as well as to assess corre-
lation-related and other contributions to skill.

The primary purposes of this paper are (a) to present
two general decompositions of skill scores based on the
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mean square error, in which the contributions—to
overall skill—of measures of specific basic aspects of
quality can be distinguished and (b) to describe the
properties of, relationships between, and interpretation
and use of these decompositions. The decompositions
of the mean square error of interest here were intro-
duced previously in situations involving relatively se-
vere restrictions on the nature of the underlying vari-
ables and/or the type of forecasts. These decomposi-
tions are now shown to be applicable to all variables
and forecasts. Moreover, decompositions are presented
for skill scores based on three standards of reference;
namely, forecasts produced by climatology, persist-
ence, and a linear combination of climatology and per-
sistence.

Section 2 contains various expressions for the mean
square error of the generic (i.e., general) forecasts of
interest, as well as expressions for the mean square er-
rors of forecasts based on climatology, persistence, and
a linear combination of climatology and persistence.
Two general decompositions of the mean square error
are described in section 3, one derived by conditioning
on the forecasts and the other derived by conditioning
on the observations. Basic expressions for the skill
scores of interest, and expressions for the various de-
compositions of these skill scores, are introduced in
section 4. The properties of the terms in these decom-
posed skill scores are also examined and compared in
this section. Relationships among the skill scores—and
the terms in their respective decompositions—are
briefly explored in section 5. Section 6 describes an
application of these decompositions to a verification
problem involving binary forecasts and observations.
Some issues related to the interpretation and use of
these decompositions are discussed in section 7, with
particular reference to the inferences concerning rela-
tive forecasting performance that can be drawn from
traditional skill scores, from relatively small sets of
measures of basic aspects of forecast quality, and from
the sufficiency relation. Section 8 consists of a sum-
mary and some concluding remarks.

2. Mean square error
a. MSE for generic forecasts

Let F and X denote the forecasts and observations,
respectively, of the underlying variable of interest, and
let f and x denote the respective numerical values of
these quantities. The mean square error (MSE) of a
sample of forecasts and observations can be expressed
as follows:

MSE = 3. 3 p(f, x)(f — %)%, (1)
f o x

where p(f, x) = Pr(F = f, X = x) represents the em-
pirical joint distribution of forecasts and observations
derived from the sample of verification data. Since
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MSE in (1) is concerned with the average correspon-
dence between forecasts and observations on an indi-
vidual basis, it represents a measure of accuracy (e.g.,
Murphy and Daan 1985). Note that MSE = 0, with
equality only if p(f, x) = 0 for all f =+ x.

The joint distribution p(f, x) can be factored into
conditional and marginal distributions in two different
ways: (i) p(f, x) = p(x [f)p(f) and (ii) p(f, x)
= p(f|x)p(x) (Murphy and Winkler 1987, p. 1332—
1333). In these expressions, the distributions p(x |f)
=PrX=x|F=f)andp(f|x) =Pr(F=f|X=x)
represent the empirical conditional distributions of the
observations given the forecasts and the empirical con-
ditional distributions of the forecasts given the obser-
vations, respectively. The distributions p(f) = Pr(F
= f)and p(x) = Pr(X = x) represent the empirical
marginal (or unconditional) distributions of the fore-
casts and observations, respectively.

Murphy and Winkler (1987, 1332-1333) identi-
fied expressions (i) and (ii) as the calibration-refine-
ment and likelihood-base rate factorizations, respec-
tively, of the joint distribution p (f, x). In this paper,
we refer to the factorization (i) as the conditioning
on f (or ‘‘cof’’) factorization and to the factoriza-
tion (ii) as the conditioning on x (or ‘‘cox’’) factor-
ization. Consideration of the cof and cox factoriza-
tions here is motivated by the fact that these factor-
izations provide conceptual frameworks within
which the general decompositions of skill scores of
interest can be formulated.

For the purposes of this paper, it is useful to rewrite
MSE in (1) in terms of conditional and marginal dis-
tributions. To distinguish between these expressions
and the basic expression in (1), the MSEs associated
with the cof and cox factorizations are denoted by
MSE; and MSE,, respectively. In the case of the cof
factorization, we can rewrite (1) as

MSE; = Y p(f) X p(x [f)(f — x)*. (2)
f x

Moreover, denoting the MSE of all forecasts for which
F = f by MSE(f), it follows that

MSE(f) = X p(x [f)(f — x)* (3)

and, from (2), that

MSE, = Y p(fYMSE(f). 4)
f

In the case of the cox factorization, (1) can be re-
written as

MSE, = 3 p(x) X p(fI0)(f — 0)*.

x f

(5
Moreover, denoting the MSE of all forecasts for which
X = x by MSE(x), it follows that

MSE(x) = X p(f|x)(f — x)? (6)
s
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and, from (5), that

MSE, = ¥ p(x)MSE(x). (7

The expressions denoted by MSE; in (2) and MSE,
in (5) are used in section 3 as points of departure in
the formulation of the cof and cox decompositions, re-
spectively, of the MSE.

b. MSE:s for reference forecasts

Three standards of reference are used in the skill
scores considered in this paper: 1) climatological fore-
casts, 2) persistence forecasts, and 3) forecasts based
on an optimal linear combination of climatological and
persistence forecasts (combined climatological—per-
sistence forecasts). Expressions for the MSEs of these
reference forecasts are presented in Table 1. The gen-
eral expression appears in column (i) and the corre-
sponding expression under the condition of complete
sample representativeness (see below) is given in col-
umn (ii). The conditions under which these expres-
sions were derived are described first and then the ex-
pressions are briefly compared.

1) CLIMATOLOGICAL FORECASTS

The mean square error of climatological forecasts,
MSE,, is derived on the basis of a constant forecast
equal to the long-term mean of the underlying variable
u (ie., f= p for all ). Note that MSE, in column (i)
(Table 1) is the sum of two nonnegative quantities.
These quantities are the sample variance of the obser-
vations and the square of the difference between the
long-term mean u and sample mean (x).

The degree of correspondence between (x) and y is
referred to here as the representativeness of the sample
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in the mean or, simply, the sample representativeness
(SR). When (x) = u, SR is said to be complete. Thus,
this term in the general expression for MSE, is a mea-
sure of the degree of SR.

Although complete SR seldom occurs in the real
world, this special case is still of some interest. More-
over, complete SR might be closely approximated for
large verification data samples under the condition of
statistical stationarity. The mean square error in this
case, MSE¥, is given in column (ii) (Table 1).

Comparison of MSE, and MSE} can be accom-
plished by computing their ratio. Thus,

MSE, p— 0\
o =1+ ( - 8)
or, letting d = (u — {(x))/s,,
MSE
——=< =1 +d>%
MSE * 1+d 9)

It is evident that MSE, = MSE¥, with equality only
when d = 0 (i.e., (x) = u). The quantity d*, which is

-a scaled measure of SR, appears in various expressions

throughout the paper.

2) PERSISTENCE FORECASTS

The mean square error of persistence forecasts,
MSE,,, is derived on the basis of a forecast equal to the
observed value of the underlying variable at the initial
time, x, (f = x, for all f). The expression for MSE, in
column (i) (Table 1) holds approximately under the
condition of negligible end effects. Under this condi-
tion, the sample means and sample variances of x, and
x are equal (i.e., (xo) = (x) and s7, = s7). The quantity
r in the expression for MSE, denotes the sample au-
tocorrelation coefficient between x, and x. Since the

TaBLE 1. Expressions for the mean square error of the reference forecasts.

Mean square error

Standard of reference (abbreviation)

(i) (ii)
MSE MSE*

Climatology (c)
Persistence (p)
Combined climatology—persistence (cp)

MSE, = (d? + 1)s2
MSE, = 2(1 — r)s?
MSE,, = [(d* + 1)(1 — k)* + 2k(1 — r)]s?

MSE#* = s2
MSE} = 2(1 — r)s?
MSE% = (1 — r?)s?

Key:
53 =2, px)x — ()
d* = [(p — @Ws, )
k=(d*+ rid®+ 1)

r = Sqls?

Sxgx = E.‘u Exp (xO’ X)(XO - <x>)(x - <X))

Note: The expressions for MSE* in column (ii) hold under the condition of complete SR (i.e., d = 0).
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long-term climatological mean, u, does not enter into
the expression for MSE,, the expressions in columns
(i) and (ii) (Table 1) are identical.

Note that MSE, = 2s; when r = 0, MSE, = s} when
r = 1/, and MSE, = 0 when r = 1. Since the auto-
correlation coefficient r is positive for most meteoro-
logical variables, the behavior of MSE, for positive val-
ues of r is of primary interest here.

3) COMBINED .CLIMATOLOGICAL —PERSISTENCE
FORECASTS

The mean square error of combined climatological -
persistence forecasts, MSE,,,, is derived on the basis of
a forecast equal to an optimal linear combination of
climatological forecasts (f = p) and persistence fore-
casts (f = xo). The general expression for MSE,, in
column (i) (Table 1) holds approximately under the
condition of negligible end effects (see the appendix).
The mean square error of these combined forecasts in
the case of complete SR (i.e., d = 0), MSE%, is given
in column (ii) (Table 1).

Note that MSE,,, = [(1 + 2d?)s2](1 + d*)~" when r
= 0 and MSE,, = 0 when r = 1. Moreover, in the special
case in which d = 0, MSE,, = MSE} = 52 when r = 0.

4) RELATIONSHIPS AMONG REFERENCE MSEs

The relationships among MSE,, MSE,,, and MSE,,
can be determined by comparing the expressions in
Table 1. For example, comparison of MSE, and
MSE, reveals that MSE. < (=, >)MSE, if r < (=,
>)(1/2) (1 — d*). Moreover, in the special case of com-
plete SR (i.e.,d = 0), MSE, < (=, >)MSE, if r < (=,
>)1/(see Table 1; see also Murphy 1992).

Comparison of MSE. and MSE, with MSE,, indi-
cates that MSE,, < min(MSE,, MSE,), with equality
between MSE_, and MSE, only when r = 0 and with
equality between MSE,, and MSE, only when r = 1.
Thus, MSE,, < MSE, < MSE, if r < (1/2)(1 — d?)
and MSE_, < MSE, < MSE, if r = (1/2)(1 - d?).

3. Decompositions of MSE

As noted in section 1, two general decompositions
of the MSE are of interest here. One decomposition is
associated with the cof factorization and the other
decomposition is associated with the cox
Jactorization. Similar two-step processes are
employed to formulate each decomposition.

‘a. Decomposition associated with cof factorization

In formulating the decomposition of the MSE based
on conditioning on the forecasts, the first step consists
of expanding the quadratic expression in parentheses
on the right-hand side (rhs) of (2) and then applying
the summation over x to the various terms in this ex-
pansion. As a result,
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MSE; = > p(f)(f* = 2f(x) + (x}), (10)
f

where (x;) = Z,p(x |f)x is the conditional mean of X
given F = fand (x}) = S p(x |f)x?is the conditional
mean of X* given F = f. Then adding and subtracting
the quantity ({x;))* within the parentheses on the rhs
of (10) yields

MSE; = X p(f)(f - (x))?
f
+ 2 p(NHIGD = (N (1)
s

The second step makes use of a basic relationship
that exists between the expectations and variances of
any two variables. With the cof decomposition in mind,
this relationship can be written as

V(X)=VIEX|F)] + EIV(X|F)], (12)

where E and V denote the expectation (or mean) and
variance, respectively (e.g., Rice 1988, p. 132). Since
the second term on the rhs of (11) represents the mean
of the sample variance of the variable X, it follows
from (12) that

MSE; = 53 + X p(f)(f = {x))*
!
- Xp(NHx) = (xN* (13)
f

The decomposition in (13) is the first of the two general
decompositions of interest in this paper.

A brief discussion of the interpretation of the terms
on the rhs of (13) is in order here. The first term, s2,
1s a summary measure of the marginal distribution of
observations, p(x). It represents the variability in the
forecasting situations (as characterized by the values
of X)), and it is independent of the forecasts. This term,
which is denoted here symbolically by VARX, gener-
ally makes a positive contribution to MSE;.

The second term is a measure of the average squared
degree of correspondence between the forecast f and
the mean observation given that forecast, (x), aver-
aged over all f. This aspect of forecasting performance
has usually been referred to as reliability (e.g., Murphy
and Winkler 1987, p. 1332). In this paper, however, it
is identified as type I conditional bias; namely, the bias
that exists in the forecasts F' = f, averaged over all f.
As a result, we denote this term by CBy. (The subscript
fis included to identify the term as a measure of the
conditional bias associated with the cof decomposi-
tion.) Note that CB; generally contributes positively to
(i.e., increases) MSE;, and it vanishes only if (x;) = f
for all f for which p(f) # 0 (i.e., for type 1 condi-
tionally unbiased—or perfectly reliable—forecasts).

The third term is a measure of the average squared
degree of correspondence between the conditional
mean observation (x;) and the overall unconditional
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mean observation (x), again averaged over all . Since
this aspect of forecasting performance is usually re-
ferred to as resolution (Murphy and Winkler 1987, p.
1337), this term will be denoted by RES. Note that
RES generally contributes negatively to (i.e., de-
creases) MSEy, and it vanishes only if (x;) = (x) for
all f for which p(f) # O (i.e., for completely unre-
solved forecasts).

The general decomposition in (13) can be rewritten
in symbolic form as follows:

MSE; = VARX + CB; — RES. (14)

This decomposition contains one term that depends
only on the observations (i.e., VARX) and two terms
that depend on the relationship between the forecasts
and observations (i.e., CB;and RES).

The decomposition in (13) was first described by
Murphy (1973). At that time, it was derived as a par-
tition of the Brier score (Brier 1950), a special form
of the MSE for probability forecasts. As formulated
here, it is clear that this decomposition is applicable to
all types of forecasts and observations.

b. Decomposition associated with cox factorization

The steps involved in formulating a decomposition
of the MSE based on conditioning on the observations
are identical to the steps described in section 3a, except
that the respective roles of the variables F and X are
reversed. The first step consists of expanding the quad-
ratic expression in parentheses on the rhs of (5) and
then applying the summation over f to the various
terms in this expansion. As a result,

MSE, = 3 p(x)((f ) = 2{fox + x*), (15)

where (f;) = Z;p(f|x)fis the conditional mean of F
given X = xand (f 2) = 3,p(f| x) f ? is the conditional
mean of F? given X = x. Then adding and subtracting
the quantity ((f,))* within the parentheses on the rhs
of (15) yields

MSE, = 3 p(x)({f) = x)?
+ X pMUFD) = (N (16)

The second step makes use of the basic relationship
between the expectations and variances of F and X de-
scribed by (12), when the roles of these variables are
reversed. With the cox decomposition in mind, this re-
lationship becomes

V(F)=VIE(F|X)]1 + E[V(FIX)]. (17)

Since the second term on the rhs of (16) represents the
mean of the sample variance of the variable F,, it fol-
lows that
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MSE, = s} + 3, p(x)({f) — x)*

X

= 2p)f) — (N (18)

where (f) = Z;p(f)fis the sample mean of the fore-
casts and s7 = 2,p(f)(f— (f))? is the sample variance
of the forecasts. The decomposition in (18) is the sec-
ond of the two general decompositions of interest in
this paper.

With regard to the interpretation of the terms on the
rhs of (18), the first term, s}, is a summary measure of
the marginal distribution of forecasts, p(f). This term
generally makes a positive contribution to MSE,, and
it is denoted here symbolically by VARF.

The second term is a measure of the average squared
degree of correspondence between the observation x
and the mean forecast given that observation, (f), av-
eraged over all x. This aspect of forecasting perfor-
mance is referred to here as type 2 conditional bias;
namely, the bias that exists in the subsample of fore-
casts for which X = x, averaged over the all x. [ Murphy
and Winkler (1992) referred to this aspect of quality
as type 1 discrimination. The terminology introduced
here seems more appropriate.] As a result, it is denoted
by CB,. Note that CB, generally contributes positively
to MSE,, and it vanishes only if {f,) = x for all x for
which p(x) #+ 0.

The third term is a measure of the average squared
degree of correspondence between the conditional
mean forecast (f,) and the overall unconditional mean
forecast (f), again averaged over all x. This aspect of
forecasting performance is referred to here as discrim-
ination and it is denoted by DIS. [In essence, this ter-
minology is consistent with the terminology introduced
by Murphy and Winkler (1992).] Note that DIS gen-
erally contributes negatively to MSE,, and it vanishes
only if {(f,) = {(f) for all x for which p(x) = 0.

The general decomposition in (18) can be rewritten
in symbolic form as follows:

MSE, = VARF + CB, — DIS. (19)

This decomposition contains one term that depends
only on the forecasts (i.e., VARF) and two terms that
depend on the relationship between the forecasts and
observations (i.e., CB, and DIS).

The decomposition of MSE, in (18) was first de-
scribed in the refereed literature by Murphy and Wink-
ler (1987, p. 1337). On that occasion, it was introduced
as a decomposition of the MSE for forecasts of binary
variables. As formulated here, it is clear that this de-
composition is applicable to all types of variables and
forecasts.

4. SKkill scores: Decompositions
a. Basic skill scores

The basic skill score based on the MSE is denoted
here by SS, where
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MSE

SS=1——r,
MSE,

(20)
in which MSE is the mean square error of the forecasts
of interest and MSE, is the mean square error of the
reference forecasts (e.g., see Murphy 1988). Accord-
ing to this definition, SS is the fractional increase (or
decrease) in the accuracy of the forecasts of interest
over the accuracy of the reference forecasts. In effect,
skill as measured by SS represents a reorientation and
rescaling of accuracy as measured by MSE. Note that
SS > 0 for MSE < MSE,, SS = 0 for MSE = MSE,,
and SS < O for MSE > MSE,.

For reference forecasts based on a particular simple
forecasting method, the corresponding skill score is de-
fined by replacing MSE, in (20) by the mean square
error of the forecasts produced by this method. The
skill scores based on climatological forecasts, persist-
ence forecasts, and combined climatological-persist-
ence forecasts are denoted here by SS,, SS,, and SS,,,
respectively. Expressions for SS,., SS,, and SS,,, in
terms of the respective mean square errors, are pre-
sented in Table 2.

1) COF DECOMPOSITION

The decomposition of the basic skill score associated
with the cof factorization, SS;, is obtained (in symbolic
form) by substituting the expression for the cof decom-
position of MSE; in (14) into the expression for SS in
(20):

VARX + CB, — RES
MSE, ‘

Examination of the rhs of (21 ) reveals that overall skill,
as measured by SS;, consists of three distinct compo-
nents; namely, a component that is related to the vari-
ability of the observations, a component that is related
to the type 1 conditional bias of the forecasts, and a
component that is related to the resolution of the fore-
casts. These contributions to the overall skill score are
all scaled by the mean square error of the reference
forecasts, MSE, .

The first term on the rhs of (21) (i.e., VARX/MSE,)
is independent of the forecasts of interest. It depends
on the variance of the observations, VARX (=s2), as
well as on various parameters associated with the ref-
erence forecasts (i.e., y, (x), and/or r in the case of
the reference forecasts of concern here). Considered in
isolation, this term generally makes a negative contri-
bution to SSy; that is, skill decreases as the variability
of the observations increases. However, it should be
kept in mind that the variability of the observations can
also influence the magnitudes of other terms in (21).

The second and third terms on the rhs of (21) con-
stitute the contributions to SS, due to two basic aspects
of the quality of the forecasts of interest when the ver-
ification data sample is conditioned on the forecasts.

SS,=1— (21)
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TABLE 2. Basic expressions for the skill scores in terms of the
mean square errors of the three types of reference forecasts.

Standard of reference

(abbreviation) Skill score (SS)

SS, =1 — (MSE/MSE.)
SS, =1 — (MSE/MSE,)

Climatology (c)
Persistence (p)
Climatology and persistence

combined (cp) SS, = 1 — (MSE/MSE,,)

Note: The basic expression for MSE appears as Eq. (1) in the text,
and the expressions for MSE,, MSE,,, and MSE,, are given in Table 1.

The term CB,/MSE, measures type 1 conditional bias,
and this term generally makes a negative contribution
to skill. It will be referred to here as the penalty as-
signed to forecasts for which (x;) # f for some f, or
simply the type I conditional bias penalty. The term
RES/MSE, measures resolution, and this term gener-
ally makes a positive contribution to skill. It will be
referred to here as the reward given to forecasts for
which (x;) # (x) for some f, or simply the resolution
reward.

2) CoOX DECOMPOSITION

The decomposition of the basic skill score associated
with the cox factorization, SS,, is obtained (in sym-
bolic form) by substituting the expression for the cox
decomposition of MSE, in (19) into the expression for
SS in (20):

_ VARF + CB, - DIS
MSE, '

Examination of the rhs of (22) reveals that overall skill,
as measured by SS,, also consists of three distinct com-
ponents; namely, a component that is related to the
variability of the forecasts, a component that is related
to the type 2 conditional bias of the forecasts, and a
component that is related to the discrimination of the
forecasts. These contributions to the overall skill score
are all scaled by the mean square error of the reference
forecasts, MSE,. :

The first term on the rhs of (22) (i.e., VARF/MSE,)
depends on the variance of the forecasts, VARF
( =s,2), as well as on various parameters associated with
the reference forecasts. Considered in isolation, this
term generally makes a negative contribution to SS,;
that 1s, skill decreases as the variability of the forecasts
increases. However, it should be kept in mind that the
variability of the forecasts can also influence the mag-
nitudes of other terms in (22).

The second and third terms on the rhs of (22) con-
stitute the contributions to SS, due to two basic aspects
of the quality of the forecasts of interest when the ver-
ification data sample is conditioned on the observa-
tions. The term CB,/MSE, measures type 2 conditional
bias, and this term generally makes a negative contri-

SS, =1 (22)






