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A State Space Approach to Evaluate Multi-horizon Forecasts

Summary

We propose a state space modeling framework to evaluate a set of forecasts that target
the same variable but are updated along the forecast horizon. The approach decomposes
forecast errors into three distinct horizon-specific processes, namely, bias, rational error
and implicit error, and attributes forecast revisions to corrections for these forecast er-
rors. We derive the conditions under which forecasts that contain error that is irrelevant
to the target can still present the second moment bounds of rational forecasts. By eval-
uating multi-horizon daily maximum temperature forecasts for Melbourne, Australia, we
demonstrate how this modeling framework analyzes the dynamics of the forecast revision
structure across horizons. Understanding forecast revisions is critical for weather forecast

users to determine the optimal timing for their planning decision.

JEL classification: C32; C53

Keywords: Rational forecasts, implicit forecasts, forecast revision structure, weather fore-

casts



1 Introduction

Forecasts for the same target are often provided multiple times before the target is realized.
One of the most familiar examples relevant to everyday life is weather forecasts. The maximum
and minimum temperatures and precipitation for a given day are forecast a few days in
advance, and the public receives updates of these forecasts at least once each day before the
target day. These multi-horizon weather forecasts play a significant role in decision-making
processes related to a wide range of economic activities Dell et al. (2014). For instance,
agricultural practices, such as irrigation schedules and timing for harvest operations, rely on
updated weather forecasts. Electricity generators receive electricity demand forecasts multiple
times before dispatch, and these demand forecasts are often updated as weather forecasts
are updated. To maximize the contribution of multi-horizon weather forecasts to planning
decisions, it is critical that forecast users understand the forecast revision structure across
horizons. Wang and Cai (2009) show that incorporating 7-day weather forecasts may increase
crop net profit by 20%, but that “perfect” two-week weather forecasts in the form of actual
weather data can achieve a 42% profit increase. Their study acknowledges the economic
significance of using longer-horizon weather forecasts in planning but also suggests that the
consequent economic benefits may depend on the trade-offs between the length of the forecast
horizon and the amount of relevant information contained in long-horizon forecasts. Therefore,
knowledge of whether forecast revisions contain information and how that information evolves
in a sequence of forecast revisions is crucial for forecast users to determine the optimal timing
for their decision making.

This paper provides a framework for forecast users, who may have little knowledge about
how forecasts are generated, to improve their understanding of the structure of forecast errors
and revisions across forecast horizons. Our modeling approach describes a general form of

multi-horizon forecast errors with three distinct horizon-specific processes: rational forecast



error based on Muth’s (1961) rational expectation hypothesis, implicit forecast error based on
Mill’s (1957) implicit expectation hypothesis, and systematic forecast bias. Under this general
forecast error structure, we show that forecast revisions along horizons involve reducing the
rational forecast error by incorporating newly available information, adjusting for implicit
forecast error that is uncorrelated with the target, and correcting for systematic bias.

In the literature, the quality of multi-horizon forecasts is often assessed through rationality
tests. Nordhaus (1987) introduce the concept of weak forecast efficiency to evaluate whether
forecasts for the same target are rational. Weak-form efficiency requires that multi-horizon
forecasts have revisions that are independent of past revisions and past forecast errors. A
number of testing approaches have been built on this definition. Clements (1997) considers
the scenario where only a small number of fixed-events forecasts are made available and
proposes pooling series of multi-horizon forecast across multiple target variables to conduct
more powerful tests of weak-form efficiency. Clements and Taylor (2001) extend this approach
to allow for non-normally distributed forecast revisions. Davies and Lahiri (1995, 1999);
Davies et al. (2011) focus on a three-dimensional panel data approach where multi-horizon
forecasts are produced by multiple forecasters and develop tests of rationality in a generalized
method of moments framework.

In addition to forecast efficiency, rational multi-horizon forecasts also imply second mo-
ment bounds on the forecasts and forecast revisions. Patton and Timmermann (2012) propose
a suite of inequality tests based on ten monotonic patterns of second moments implied by the
rationality of multi-horizon forecasts. For example, mean squared rational forecasts should
weakly increase as the forecast horizon shrinks because the conditional expectation on a larger
information set at a shorter horizon has higher variance. Empirically, only a subset of the sec-
ond moment bounds could be rejected, suggesting irrational multi-horizon forecasts, whereas
the other bounds are retained, supporting the claim of rational forecasts. While the size and

power properties of the inequality tests might play a role, we argue that rationality tests are



limited in gaining insight about the quality of multi-horizon forecasts from a mixed testing
outcome.

Deviating from the commonly used testing approach for rationality, this paper proposes
a modeling framework for evaluating a sequence of revised forecasts of the same target. We
address the benefits of utilizing our modeling approach from the following aspects.

First, because the specifications of forecasts subject to a single type of error are nested by
the specifications of multiple sources of error, model selection methods, such as information
criteria and log likelihood tests, can be employed to identify the best fitted error structure
of a given set of multi-horizon forecasts. When rational forecast error is estimated to be
effectively the sole error type, the multi-horizon forecasts are seen to be rational since revisions
are made purely for the purpose of adopting newly available information. Therefore, our
modeling approach provides an alternative method to rationality tests to evaluate the overall
performance of multi-horizon forecasts.

Second, the modeling approach helps to explain empirically why multi-horizon forecasts
may present only a subset of the monotonic properties of the second moments of rational
forecasts. We show that forecasts specified to contain only rational error satisfy all the second
moment bounds addressed in Patton and Timmermann (2012). When a substantial amount of
the forecast error is unrelated to the target (as opposed to future news that is relevant to the
target), some of the monotonic patterns of rational forecasts, such as those of the covariances
between the revised forecasts and the covariances between the revised forecasts and revisions,
always hold. However, the upper variance bounds of the revisions and the monotonicity of
the variances of the revisions may no longer be valid. We also derive the conditions under
which all the monotonic properties of the rational forecasts hold for multi-horizon forecasts
that contain implicit error components.

Furthermore, the estimation of our state space model that explicitly specifies an error

structure provides the estimated magnitude of each source of forecast revision at all horizons.



Exploring the revision structure across horizons reveals the dynamics of how information
contained in the forecast revisions evolves when approaching the target time. Forecast users
are then able to identify the timing of the arrival of the largest amount of new information,
which may help them to evaluate the trade-offs between early planning and information in
long-horizon forecasts and to choose the optimal horizon forecast for making their planning
decisions.

We demonstrate our model-based multi-horizon forecast evaluation approach using a real-
time dataset of daily maximum temperature forecasts for Melbourne, Australia. Our results
suggest that the weather forecasts revised at a daily frequency up to 14 days before the
target day contain both rational and implicit errors. The composition of the sources for
forecast revisions changes along the forecast horizon, and the incorporation of newly available
information becomes the dominant attribute to revisions within a 7-day horizon. We find that
the largest amount of information arrives in the revised forecasts at 6 days out, indicating
that 6 days before the target may be the ideal time to consider temperature forecasts in
planning decisions. We also illustrate the value of the upgrade of NCEP’s Numerical Weather
Prediction model on May 22, 2012. The upgrade provides more relevant information in the
long-horizon forecasts and shifts the timing of the largest information arrival one day earlier
in the forecasts made 7 days before the target.

The remainder of this paper is structured as follows. In Section 2, we propose a model of
multi-horizon forecasts that contains multiple sources of forecast errors. In Section 3, we cast
our models of various error structures in a state space form. Section 4 studies the internal
consistency of the multi-horizon forecasts specified by our state space models. We evaluate
multi-horizon weather forecasts as an empirical illustration of our approach in Section 5, and

Section 6 concludes this paper.



2 Multifarious errors in multi-horizon forecasts

In this section, we develop a model of multi-horizon forecasts that contain multiple sources
of error. We begin by outlining our assumptions and describing our most general model
specification. In the subsections that follow, we explain how the target variable and three

different types of forecast errors can be modeled as unobserved components.

2.1 A model of multi-horizon forecasts

Suppose forecast users are interested in evaluating multi-horizon forecasts of a stochastic
univariate process § = {g;;t = 1,2,...}, where g; belongs to a general class of stochastic
processes and may be non-stationary. Let the forecasts of §j; made at h periods earlier, i.e., at
time ¢ — h, be denoted by ;;_j,. Suppose that the longest-horizon forecasts of g are observed
at horizon h = H, where H > 1. As the target date approaches, forecast users observe a
sequence of forecast revisions, dyn_1,5 = Ygjt—h+1 — Yt|t—n, for the same target ;.

Our aim is to characterize a sequence of multi-horizon forecasts (gjﬂt, H Utji—H+15 -+ g)t|t,1)/
with a model that specifies one or more sources of forecast error. The target variable ; may
be observed at time t, for instance, weather variables such as the maximum temperature. In
this case, we assume the observed value y; = 9;. The target also may not be observed at the
target time t. For example, GDP series are typically published after the target time and are

subject to data revisions during a long period after the target time.

We decompose forecasts gy, as

Utje—n = Yt + Br + Vijt—n + Cejt—h- (1)

Equation 1 indicates that the forecasting errors gy — gy, nest three types of error: horizon
specific bias, —fp; accumulated unanticipated shocks during the forecast horizon after the

forecasts are made, —vy;_p; and the error component unrelated to the target, —(y;_,. We



discuss each type of error in the following subsections.

2.2 Rational forecast errors

The rational expectations hypothesis of Muth (1961) suggests that rational forecasters form
their expectations by effectively using all the available information; hence, the only source
of error is unanticipated information received after the forecasts are made. Let w;_; with
1 =h—1,...0 denote the unanticipated shocks that occur at each time point ¢t — i after the
forecasting time t — h and before the target time ¢. Then, the target value of ; can be written
as
h—1
Yo =Uin+ Zwtﬂ', (2)
i=0
where g];h takes the target value at time t if there are zero unanticipated shocks over the
forecast horizon. A rational forecaster who is able to correctly use all the available information
at forecast time t — h and has no bias in forming expectations will produce a rational forecast
that is identical to g]; p- Thus, the rational forecast

h—1

Yelt—n = Ut — Zwtfi = Ut + Viji—n, (3)
i=0

and the rational forecast error is the accumulation of shocks w;_; over the horizon, that is,
—Vt|t—h-

We now analyze the properties of the rational forecast error. Assume each unanticipated
shock wi—; = 0y, Mw,; t, where n, ¢ ~ 4.4.d.N(0,1). Then, 14,_;, has a zero expectation and
possesses a number of distinct properties. First, equation (2) indicates that rational forecast
error is correlated with the target value, i.e., cov(f;, v4¢—p) # 0. Second, the unanticipated
shocks that occur after the forecasts are made are future information yet to be incorporated

into the rational forecasts; therefore, cov(gjﬂt_h,ut‘t_h) = 0. Moreover, the variance of the



rational forecast error, computed as E(—I/t2| n) = Z?:_ol Uit_i, is non-decreasing as the forecast
horizon h increases. This last property is intuitively appealing as we expect there to be
less relevant information available to forecasters at longer horizons. A decline in relevant
information will cause an increase in forecast uncertainty and an associated increase in the
variation of rational forecast errors. Lastly, on the basis of the first two properties, the variance

of the target exceeds the variance of the rational forecast.

2.3 Implicit forecast error

Forecasts may deviate from rational forecasts. Mills (1957) introduces the concept of “im-

plicit” expectation to describe the motivation of firms to hold inventories that deviate from
rational expectations of demand. This hypothesis was empirically tested by Lovell (1986). In
the scenario where rational forecasts of future demand are declining, a firm may still face a
relatively high demand forecast and hold inventories in order to reduce fluctuations in produc-
tion. Such forecast errors are formed due to consideration of the high costs associated with
rapid changes in production. They are uncorrelated with the actual demand but correlated
with the demand forecasts (as they are introduced by forecasters). The covariance properties
of implicit forecast error are opposite to those possessed by rational forecast error.

Implicit forecast error (y;_j, is horizon specific but is typically not a function of horizon

h. It is modeled by

<t|t—h = 0¢, Nt (4)

where ¢, + ~ i.i.d. N(0,1). The following covariance assumptions enable us to differentiate
them from the rational forecast error: 1) Cov(gy—p, Ge—n) 7 0 and 2) cov(@, Ge—p) = 0. If
multi-horizon forecasts are only subject to implicit forecast error, the variance of the target
must be less than the variance of the implicit forecasts. In contrast to the monotonic pattern

of rational forecast error, the variance of implicit forecast error, E(Cf‘ n) = O'gh, may either



increase or decrease as the forecast horizon shortens.

Forecasters may introduce implicit error into their forecasts with or without intention.
For instance, information used by forecasters may contain measurement error, which prevents
forecasters from using the information efficiently (Lovell, 1986). Depending on their experi-
ence, some forecasters may underreact or overreact to the arrival of new information without
intention (Isiklar and Lahiri, 2007). Nordhaus (1987) discusses a scenario in which forecast-
ers may wish to cultivate a reputation for producing stable forecasts and hence intentionally

introduce errors that are irrelevant to the target.

2.4 Bias

Both rational and implicit forecast errors have zero expectations; however, a large body of
research has empirically found non-zero bias in a wide range of forecasts, such as financial
analysts’ earning forecasts, gross debt forecasts and inflation forecasts. It is now well accepted
that forecasts can remain rational in the presence of bias if the forecasters’ loss function is
asymmetric (See Christoffersen and Diebold (1997), Lim (2001) and Patton and Timmermann
(2007)).

Therefore, we allow for a non-zero systematic bias as the third type of forecast error. We
assume that the bias ) is time-invariant but horizon specific ! so that empirically, bias can

easily be distinguished from rational and implicit forecast errors.

Note that although the forecasters’ learning process may indicate time-varying bias, in this paper, we
restrict the bias to be constant to avoid identification issues in the state space model estimation. The time-
invariant feature of bias is also consistent with Davies and Lahiri (1995).
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3 A state space representation of multi-horizon forecasts

3.1 A general structure

We cast the model for multi-horizon forecasts that contain multiple sources of error in a state
space form. The time-invariant state space model consists of a set of measurement equations

and a set of transition equations, that is,

Yy =Zoy (5)
o =Toy_1 + Rn,. (6)
The measurement vector, y; = [Js—m, Utjt—(H—1)> - - ,yt] , stacks observed multi-horizon

forecast variables on the observed target variable, assuming H is the longest horizon at which
forecast users are provided forecasts for y;. In our most general model, the state vector is

partitioned as follows
/

Xt =1y (I'; IBh/ V:t\tfh C;|t7h ’ (7)

where ®; is related to the dynamics of the target, which will be explained in detail in sub-
section 3.3. Suppose the dimensions of ®; are b x 1 and that the state vector a; has length

(1+b+ H + H + H). The associated measurement equation is

Y= 1|21 Zo Zs Z, Zs|- Bh ) (8)

Vilt—h

| Ctje—n |

where Z = [Zy Zyo Z3 Z,4]is a partitioned matrix conforming to the unobserved compo-
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nents of the state vector; Z1 = 1(g41) (which is an (H + 1) x 1 vector of ones) is related to
the target variable component; and Z is Oz 11)xp for the dynamic component of the target.
Z3, Zy and Zs are each [Iy,0), ] (an H x H identity matrix, atop a conformably defined
vector of zeros) and are related to the bias component, the rational error component and
the implicit error component, respectively. This measurement equation reflects the forecast
decomposition of equation (1) and also equates the observed value of the target variable y;
with the “true” unobserved target value §; 2.

Transition equations describe the dynamics of the unobserved components in terms of the

state vector

_ Yt _ _T11 T, 0 0 O 11 Tt—1 ]
P, Tyy Too 0 0 O P,
B, |=10o o T3 0 o B,
Vilt—h 0 0 o 7, 0 Vi 1|t—1-h
Cie-n| |0 0 0 0 Ts| |Crapp—1-n]
Ri1 Ry O Ry 0 I et ]
Ry Ry O Ry, 0 Mot
+10 0 R; 0 0 Mg, | (9)
0 0 0 -U-diag(Ry) 0 Moy t
0 0 0 0 diag(Rs) | | ¢, |

where U is an H x H matrix with zeros below the main diagonal and each of the remaining

elements equal to one, and [ 4, nib,t, n’ﬁh o Mooy, 5 77lgh .| ~.i.d.N(0,I). Looking at the parti-

tions of the transition coefficient T', T11 is a scalar; T'19, T'91 and T'90 are 1 x b, bx 1 and b x b,

2In a scenario where the target value is unobserved, such as GDP series, the last row of the measurement
equation related to y: can be removed. This measurement equation can also be modified by adding measurement
error to ¢ in the last row to accommodate the scenario in which the observed target value is known to be
greatly affected by measurement error.

12



respectively; and T'3, T4 and T'5 are all H x H. 0 is an H X H null matrix. The partitions
of the loading coefficients R have similar dimensions to those in T', and Ro4,R4 and Rs5 are

all 1 x H.

3.2 Specifications for forecasting errors

We first explain the blocks for the unobserved forecast errors. Since the bias is a horizon-
specific constant that does not vary over time, we set T'3 as an H X H identity matrix and
R3 as an H x H null matrix. On the basis of the discussion in section 2.2, at each horizon

Vijt—h = Z?:_ol Wi_j = Z?:_ol Ow;Nw; t; therefore, we let Ty be an H x H null matrix and

Ry =[0wy_4»---0Ouw,)- The rational forecast error component is then given by
i ] Nwpr_1t
—Owpy_1 —Owyy -+ —Ow, —Ouw
an,Qt
0 ~Owy_g - —Ow —Ouwpy
Vijt—h = —U - diag(Ry) - n;/,t = . ) : . (10)
: ' 0w 0w
Ty
0 0 Owo
- - | 77th i

Jacobs and Van Norden (2011) use this restricted specification of the loading matrix to model
the rational data revision process.

The implicit forecast error is horizon specific and uncorrelated across horizons. Thus,
the matrix T'5 is a null matrix, and the dynamics of the implicit component are completely
described by diag(R5), where Ry is a row vector of standard deviations of the implicit forecast

error, i.e., [0¢,,0¢, 45 0¢]. The equation below describes the process of implicit forecast

13



error: —

Ctjt—n = diag(Rs) - m¢, =

77§Ht

NCr—1t

USY

(11)

The most general model represented by equations (8) and (9) nests several simpler forecast

error structures. For example, by removing the blocks for bias 3;, multi-horizon forecasts

that contain both rational and implicit errors are represented by

Y= \Z1 Zo Z,

Yt Tn T2 0 O Ui—1

P, B Tyy Ty, 0 O Py
Vilt—h 0 o 7, O Vi 1jt—1-h
_Ct|t—h_ I 0o o0 o0 T4_ _Ct—l\t—l—h_

VA

Yi
o,

Vtjt—n

Ctlt—h

, and

Ry R,

Ry Ry,
0 U -diag(R4)
0 0

diag(R5)

(13)

A state space form for multi-horizon forecasts subject purely to rational forecast error can

then be obtained by further restricting Zs and R5 to be null matrices, that is,

Y = |:Z1 Zo Z4:| :

14

Vilt—h

, and

(14)

Tt
N+
nw,t

Net




Ut Ty T2 O Yt—1 Ri1 Ryo
D, | = |Toy Ty O P, + |Ra1 Ry
| Vtlt—h | i 0 0 T4_ | Vi-1]t—1-h | | 0 0

Ry,

—U - diag(Ry)

UIR

nw,t

Noyt |-

Alternatively, in the absence of unanticipated new information over the forecast horizon,

multi-horizon forecasts may only consist of forecast error uncorrelated with the target. In this

case, we set Z4 in equation (12) to be a null matrix, and let R4 be a 1 x H vector of zeros in

equation (13). The pure implicit forecasts are then given by

Y = [Zl Zs 25} : ®, |, and

3.3 Specifications for the target variable

| Ctfe—h |
Yt Thw T2 O Yi—1 Ri1 Ryo 0
D, | = |Toy Ty O |- D, + |Ra R 0
_Ct\t—h_ i 0 0 T5_ _Vt—1|t—1—h_ i 0 diag(R5)_

Net

(16)

We now discuss the dynamics of the target ;. Starting from equation (2) in section 2.2,

we specify the value of the target under zero unanticipated shocks over the longest forecast

horizon H as

Uip = U—m + &,

15
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where & = o¢nes. Since & is a part of the rational forecast of every horizon, it can be
interpreted as the anticipated change in §; compared with g, . Equation (2) can be rewritten
as
H-1
Ut =Y—n+& + Z Wt—i- (19)
i=0
Note that this equation is analogous to a random walk process. For forecast users who have
no knowledge of the true data generating process of the target variable, it is natural to expect
that the target value at time ¢ is the same as the target value at the time when the forecasts
are made and that the actual deviations are driven by the accumulation of unanticipated
shocks that occur over the forecast horizon.
We specify the unobserved state variable ®; to be §;— 1, which similarly to equation (19),
is equal to the value of the target variable in the previous period ¢t — H plus an unanticipated

shock relevant to the target during the current period ¢t — H + 1, as well as a remainder,

namely, ¢;_g11. The blocks for the target variable in equation (9) are hence given as

Net
Ut Tt 0 1 Yt—1 oc 0 Owy 'y Owy o v Ow 0w
= = ’ + | Net—H+1
D, Jt—H+1 0 1| |y—p 0 o0c owy 0 ... 0 0
nw,t

Specifically, the transition coefficients 111 = T'91 = 0 and T'13 = T'95 = 1, the loading coeffi-

cients R11 = o¢, Rga = 0, and Ri2 = Ry; = 0 and Ry4 is a 1 x H vector of [0wy_150,...,0].

3.4 Estimation and analysis of the forecast revision structure

We check the various state space representations of multi-horizon forecasts against the suf-
ficient conditions of controllability and observability provided by Harvey (1989) and Jacobs
and van Norden (2007). The parameters in the models discussed in the previous subsection

are identified.
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The maximum likelihood estimator with the Kalman filter is used to estimate the un-
observed component models. Since the specifications of the multi-horizon error structure
are nested, model selection methods, such as log likelihood ratio tests and the conventional
information criteria, may be implemented to determine the best fitted error structure.

The estimation of multifarious error models helps to gain insight into the sources of forecast
revisions across horizons. Suppose that the multi-horizon forecasts consist of all three types of
forecast errors and are modeled by equations (8) and (9). The differences between g, (,—1)
and 7;,_p,, namely, the marginal revisions made between two updating points ¢ — (h — 1) and

t — h, are derived as follows,

dyjh—1n = Yt—(h—1) — Utjt—h (20)
= Bh-1 = Bn+ 0w, Mup_1.t + Cejt—(h—1) — Ctjt—h-
Therefore, the mean squared forecast revisions (MSFR) can be decomposed as
MSFRy,_1n = E(d?,_,,)
tlh—1, tlh—1,h (21)

= (ﬁh*l - /Bh)2 + O-L%h 1 + Ughfl + o—gh'

Equation (21) indicates that marginal revisions are made to correct bias (first term), to adopt
newly available information (second term) and to adjust implicit errors that are uncorrelated

with the target (the last two terms).

4 Internal Consistency

In this section, we discuss the internal consistency of the multi-horizon forecasts specified
by our state space representations. We focus on the monotonicity properties of the second
moment across forecast horizons. Patton and Timmermann (2012) analyze ten monotonic

patterns of the second moments of rational multi-horizon forecasts and utilize them to design
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inequality constraints to test rationality. Empirically, some of these inequality constraints are
often retained while others are rejected. Although a joint testing procedure, such as a Bon-
ferroni bound, can provide a pragmatic solution, rationality tests in general have limitations
for gaining insights into why forecasts empirically may only present a subset of the properties
for rational forecasts.

In the following subsections, we show that by decomposing forecast errors and revisions
into multiple types, our modeling approach for evaluating multi-horizon forecasts helps to
explain the mixed rationality testing outcomes of Patton and Timmermann (2012). We focus
on three specifications (assuming no bias ?), namely, rational forecasts (see equations (14) and
(15)), rational and implicit forecasts (see equations (12) and (13)), and implicit forecasts (see
equations (12) and (13)). We investigate whether each type of forecast satisfies the mono-
tonicity properties of the second moments of rational forecasts, and if not, what conditions
are required to validate the patterns. The results are summarized in Table 1, and the proofs
related to rational forecasts, rational and implicit forecasts, and implicit forecasts are included

in Appendices A.1, A.2 and A.3, respectively.
[Insert Table 1]

The first column of Table 1 lists the second moment bounds for rational multi-horizon
forecasts in relation to forecasts, forecast errors and forecast revisions. The first three rows
present the monotonicity of the variances. Rows four to six include the monotonicity for the
covariance between forecasts, the covariance between the target and forecast errors, and the
covariance between the target and forecasts. The covariance patterns and the upper variance
bounds related to forecast revisions are listed in the last four rows. The symbol “y/” indicates
that the internal consistency presented in a particular row holds for the forecasts specified by

the state space representation named in the columns. We use the symbol “X” if a particular

3The assumption of no bias simplifies the proofs, and since we specify the bias to be horizon specific but
time-invariant, the internal consistency defined by the second moments is not affected.
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aspect of internal consistency does not hold.

4.1 For rational forecasts

The second column, titled “ Rational”, is for the multi-horizon forecasts that consist of only
rational forecast error. We have checked against each of Patton and Timmermann’s second
moment bounds for rational forecasts and conclude that the multi-horizon forecasts specified
by our rational forecast model possess all of the internal consistency properties defined by the

forecast rationality tests of Patton and Timmermann (2012).

4.2 For rational and implicit forecasts

For unbiased multi-horizon forecasts that have both rational and implicit forecast errors, we
report the results in the third column, titled “Rational & Implicit”. Regardless of the relative
sizes of the rational and implicit forecast errors, some of the monotonic patterns, such as
those for the covariances between forecasts, the two covariances related to the target and the
covariance between forecasts and revisions, always hold. This result indicate that even when
multi-horizon forecasts contain a substantial amount of forecast error irrelevant to the target,
some inequality constraints featuring rational forecasts can be retained by the rationality tests
of Patton and Timmermann (2012).

Furthermore, Table 1 indicates that when the compositions of the rational and implicit er-
rors satisfy certain conditions, multi-horizon forecasts that contain both types of error present
all the second moment bounds of the rational forecasts. With the exception of the upper vari-
ance bound for forecast revisions, these conditions compare the variances of the newly acquired
information between two updating points with the differences in the variances of the implicit
forecast errors. The following analysis of the compositions of the mean squared forecast errors

(MSFE) may help to understand these conditions.
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The MSFE of the rational and implicit forecasts made at a long horizon h = [ is given by
-1
MSFEy,_; = E(¢], ) =Y oo, +05, (22)
i=0
and similarly, for the rational and implicit forecasts made at a shorter horizon h = s, we have
s—1
MSFEy ;=Y ol +0F,. (23)
i=0

The changes in M SFE thus take the form

-1
AMSFEy ;= MSFEy,_s— MSFEy =~ o + 0 — (. (24)

=5

This equation explicitly shows that the changes in MSFE are due to a reduction in the
rational forecast error (the first term) and correction of the implicit forecast error (the last
two terms). The relative size of these two sources determines whether MSFE can be lowered

by forecast revisions, specifically, when Zi;i 03)2, > ags

a ng'

There are two possible forecast error structures that imply the rational component of
revisions dominates the implicit component of revisions and hence smaller MSFE values in
shorter horizon forecasts. First, if the rational forecast error outweighs the implicit error across
all forecast horizons, the variance of revisions dy,j increases and the variance of forecasts
Gr¢—n decreases as the forecast horizon h extends further from the target date. Alternatively,
if revisions introduce more implicit error or fail to reduce the variance of the implicit error
in the previous long-horizon forecasts, then the differences in the variance of implicit error
between a short horizon and a long horizon must be no greater than zero, and hence less than
the (positive) variance of the rational component of the revisions.

In the last two rows, we report that the upper variance bound of the forecast revisions

for rational forecasts can also be applied to rational and implicit forecasts if and only if the
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variance of the newly available information is no less than the sum of the variances of the
implicit forecast errors made at the two forecast times. This inequality condition relates to
the compositions of the MSFR. For example, comparing the forecasts made at point ¢t — [ and
t — s, we have
-1
MSFRy,, =FE [(Qﬂtfs - @t|t—l>2] = Z Uii + Ui + Ué- (25)
i=s
The first term in MSF Ry, i.e. Zﬁ;i O'L%Z_, is the same as the left side of the inequality
condition for the variance bound of dy ;. It measures the portion of MSFR due to utilizing
the new information available between two updating points. The right side of the inequality
condition O’i —{—Ugl measures the MSFR due to adjustment for implicit errors that are irrelevant
to the target. This inequality restriction implies that if the new information accounts for more
than 50% of the overall MSFR, the variance bounds of the revisions for rational forecasts are
still valid, even if the forecasts contain implicit error.

Note that by using equation (24) and (25), we are certain that MSFRy,; > —~AMSFEy,
as long as the short-horizon forecasts §;_, consist of implicit errors, i.e., o¢, # 0. The
magnitude of MSFRy,; can be interpreted as the amount of effort that forecasters made
in the revision process, and —AMSFEy,; measures the reward of the forecast revisions in
terms of forecast accuracy. Isiklar and Lahiri (2007) compare the effort and reward to assess
whether rational forecasters react to news in an optimal way. By allowing for an implicit
error component contained in the multi-horizon forecasts, we extend their interpretation of
the comparison. If the revised forecasts still contain error unrelated to the target, the revision
effort is always greater than the revision reward, and the revisions are seen to be suboptimal.

The revision effort can be fully compensated for if revisions eliminate the implicit errors; in

this case, the forecast revisions are optimal.
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4.3 For implicit forecasts

The last column of Table 1 shows that multi-horizon forecasts subject purely to implicit
forecast error can possess some second moment bounds for rational forecasts, despite the fact
that forecast revisions do not incorporate any new information. We derive the conditions
required and find that the monotonic pattern in the variance of implicit forecast error plays
the key role.

For example, the third row indicates that if the variance of the implicit forecast error
decreases as the forecast horizon shrinks, the variance of the revisions, and hence the value
of MSF Ry, also decreases. This property implies that even when multi-horizon forecasts
fail to reject the rationality tests based on MSFE and MSFR, we cannot conclude that the
forecasts are rational across horizons or that the forecast revisions are optimal.

Note that the conditions for monotonicity in the first two rows are opposite to each other.
This result has a clear intuition. The non-increasing variance of rational forecasts builds upon
the fact that the conditional expectations using a larger information set at a shorter forecast
horizon are associated with larger variance. Implicit forecasts, however, are not formed based
on relevant information and hence are subject to only irrelevant errors. Therefore, if the
variance of the implicit forecast error increases with the forecast horizon, the variance of the
forecasts must also increase. This difference in the monotonicity of forecast variance is key to
distinguishing between implicit forecasts and rational forecasts.

The two covariances related to the target, i.e., the covariance between the target and the
forecast errors and the covariance between the target and the forecasts, are constant across
forecast horizons for pure implicit forecasts. In practice, when the target values are observable,
these two covariance bounds may help to differentiate implicit forecasts from rational forecasts.
When the target is unobservable, we can focus on the constant covariance between forecasts

at different horizons and the constant covariance between forecasts and revisions made at two
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forecast dates (see the fourth row and the eighth row). Since these constant covariances are
subsets of the inequality constraints under the null hypothesis of Patton and Timmermann
(2012), pure implicit forecasts that have errors that are entirely irrelevant to the target can
still lead to retaining the monotonicity of these covariances featured by rational forecasts.
The last two rows of Table 1 show that the upper variance bounds for revisions are
likely to be invalid for implicit forecasts (when there exists non-zero implicit forecast error)
because the covariance between the target and the revisions and the covariance between
the short-horizon forecasts and previous revisions are both zero. The only scenario where
var(dysp) = cov(Fe, dysp) or var(dym,) = cov(Ygi—s, dejmy) i when the implicit forecast
error (y;_p, is the same across horizons. Consequently, there is no revision; therefore, the

variance of the revisions is zero.

To summarize, the internal consistency discussed by Patton and Timmermann (2012) can
be observed in multi-horizon forecasts that consist of implicit forecast error irrelevant to the
target. The practical implication is that forecasts that fail to reject the rationality tests based
on the monotonicity of the second moments may not be rational forecasts. In other words,
multi-horizon forecasts may be internally consistent but not rational, and revisions deviate
from being optimal. The state space approach proposed in this paper decomposes forecast
errors into multiple types at each forecast horizon and hence is able to provide greater insight
into the composition of the forecast errors as the forecasting horizon approaches the target

time.

5 Evaluating Multi-horizon Weather Forecasts

In this section, we evaluate multi-horizon forecasts of the daily maximum temperature (degrees

Celsius) for Melbourne, Australia to demonstrate how our model-based evaluation approach
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extracts the various types of forecast errors and forecast revision components and to suggest
how these results could assist decision makers in planning.

During the past few decades, meteorological services in Australia have produced increas-
ingly accurate weather forecasts at ever increasing forecast horizons (Stern, 2008; Stern and
Davidson, 2015). For decision makers who rely on weather conditions, the technological im-
provement of weather forecasts provides an opportunity to choose between using long-horizon
weather forecasts and short-horizon weather forecasts. We aim to provide insight into the
revision process for daily maximum temperature forecasts over 14-day horizons so that deci-
sion makers can optimally time their planning decisions conditional on the weather forecast

revision process.

5.1 Data

We retrieve the data from http://www.weather-climate.com, which consists of an experi-
mental daily maximum temperature forecast series generated at multiple 14-day horizons and
an observed maximum daily temperature series for Melbourne, Australia. The sample period
runs from February 1, 2009 to December 31, 2014, comprising a total of 2159 days, with
forecasts available at 14,13,...,2,1 days out from each observation date.

These experimental daily maximum temperature forecasts were produced in real-time us-
ing a forecast combination algorithm, as documented in Stern (2007) and Stern and Davidson
(2015). A number of data sources are used to produce the combined forecasts, including
the official forecasts from the Australian Bureau of Meteorology (BOM), the previous day’s
maximum temperature forecasts, statistical forecasts,* and climatological forecasts °. Table

2 describes the forecast combination weightings used to generate the daily maximum tem-

4Stern and Davidson (2015) provide a brief explanation of the statistical forecasts. These forecasts are com-
puted for local weather based on the output of the long-range numerical weather prediction (NWP) models pro-
vided by the National Center for Environmental Prediction (NCEP) of the National Oceanic and Atmospheric
Administration (NOAA). See Wilks (2011) for examples of statistical forecast methods for meteorological
variables.

5Climatological forecasts are the averages of historical observations over many years.
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perature forecasts. The combination weights vary depending on the length of the forecast
horizon. For example, BOM does not publish forecasts of maximum temperature for more
than 7 days out from the target date; hence heavier weights are imposed on the statistical

and climatological forecasts that are based on long-run and large-scale weather forecasts.
[Insert Table 2]

Figure 1 plots the daily maximum temperature observations (black line) and the corre-
sponding meteorological forecasts generated 7 days (blue line) and 14 days (red line) out
from the target observation date, spanning the whole sample. This figure presents three main
features. First, the observed maximum temperature series is more volatile than both forecast
series, and the forecasts made 7 days before the target are more volatile than the forecasts
made 14 days before the target. These observations meet Patton and Timmermann (2012)’s
necessary conditions for rational forecasts, that is, the variance of short-horizon forecasts is
no less than the variance of long-horizon forecasts and is bounded by the variance of the
realization. However, as discussed in Section 4, other than the accumulation of new informa-
tion as the forecast horizon shrinks, the inclusion of error irrelevant to the target could also
increase the variance of the forecasts. Second, there is a permanent increase in the variations
of the two forecast series beginning from mid-2012. Stern and Davidson (2015) discuss an
improvement in forecast skill beginning from mid-2012, which they attribute to a major up-
grade of the NWP models on 22 May, 2012. In addition, the observed temperature series and
the two forecast temperature series exhibit more variability on warmer days than on cooler
days. Stern and Davidson (2015) note that the competing influence of warm dry winds from
the Australian interior and cool moist winds from the Southern Ocean make temperature
forecasting for Melbourne particularly challenging, and this influence is strongest during the

warmer months.

[Insert Figure 1]
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We report both whole-sample and sub-sample means and the standard deviations of the
maximum daily temperature observations and all fourteen horizon forecasts in Table 35. The

statistics confirm our observations regarding Figure 1.

[Insert Table 3]

5.2 Results
5.2.1 Forecast decomposition

We focus on three model specifications: the rational model that specifies unanticipated
new information over the forecast horizon as the only source of forecast error; the ratio-
nal and implicit model that allows some forecast errors to be unrelated to the target; and the
bias+rational+implicit model that adds a horizon-specific but time-invariant systematic bias
7.

Table 4 reports the estimation results of the three alternative models. The top panel
presents the estimated values of o, ,, which represents the marginal increase in information
content owing to forecast revisions made at a shorter horizon h — 1 compared to the forecast
of horizon h. The estimated standard deviations of the implicit errors at each horizon h,
denoted by o¢,, are reported in the middle panel. These values capture the size of the noise
uncorrelated with the targeted maximum daily temperature. The bottom panel shows the
Kalman smoothed estimates of the horizon-specific forecast bias. We also report the log

likelihood values and the Akaike and Baysian Information Criteria for each model.

[Insert Table 4]

SFor the Southern hemisphere, we denote the period from September 21 to March 20 as warm days and
the period from March 21 to September 20 as cool days.

"The estimation results of other alternative models, including the pure implicit model, the bias and rational
model, and the bias and implicit model, can be provided upon request. The log likelihood values suggest
that these three models are less preferred to the rational model, the rational and implicit model and the
bias+rational+implicit model reported here.
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Since the rational model is nested by both multiple-error models, we can apply either log
likelihood ratio tests or information criterion to identify the empirically preferred model(s).
Both approaches reach the conclusion that multi-horizon forecasts of the maximum daily
temperature for Melbourne up to 14 days out are subject to multiple types of forecast errors.
Between the two multiple-error models that have different state variables but the same number
of unknown parameters, we can simply compare the maximum values of log likelihood. Since
the rational and implicit model achieves a higher log likelihood value than that of the model
with systematic bias, we prefer this bi-error structure and continue our further analysis based
on the estimates of the rational and implicit model 8.

The estimated value of o, , starts low in the revised forecast at the horizon of 13 days
and then gradually increases in the subsequent revisions until it peaks at the horizon of 6
days. Afterwards, as the horizon shrinks further, the estimated o, , declines, suggesting
decreasing marginal information content adoption within 5 days before the target day.

The estimated standard deviation of the implicit forecast error o, exhibits a different
pattern. It is highest at the longest forecast horizon and gradually declines as the forecast
time approaches 7 days before the target day. Revisions of the maximum temperature forecasts
within a week of the target day leads to trivial implicit errors.

We use Figure 2 to depict the dynamics of the forecast revision structure across forecast
horizons. With a modification of equation (21) for the rational and implicit forecasts by re-

moving the bias term, we can decompose the value of MSFRy;_1, into af,}k , plus O'gh and

Ugh_l. Figure 2 shows how the sizes of these components for the revised daily maximum tem-

perature forecasts evolve from from 13 days to 1 day before the realization. The total length

of each bar represents the size of M.SF Ry, ,. Within each bar, the red color represents the

8Note that for the bias+rational+implicit model, the estimated biases over all 14 horizons are significantly
negative, but the estimates related to the rational revision and implicit forecast errors are virtually the same
as those from the rational and implicit model. Therefore, our following analysis, specifically the change in
marginal information content in the revisions over forecast horizons, is not affected by our modeling choice.
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variation of newly adopted information in the updated forecast made at horizon h — 1, and
the blue and green colors represent the variations of irrelevant implicit error made at horizons

h — 1 and h, respectively.

[Insert Figure 2]

In general, the MSFR between two adjacent horizons decreases as the forecast day ap-
proaches the target day. Furthermore, the proportional contribution of each source of forecast
revision varies over horizons. For example, at horizons longer than 8 days before the target
date, adjusting for irrelevant noise accounts for most of the MSFR values. When the forecast
day is within a week of the target day, more than 90% of the MSFR values is accounted for
by the incorporation of newly available information. This alteration of the main source of
forecast revisions can be explained by how the multi-horizon maximum temperature forecasts
for each horizon are constructed. The weighting structure reported in Table 2 shows that at
horizons longer than 7 days out, forecasts are a combination of statistical and climatological
forecasts derived from long-run and large-scale mathematical models. The large amount of
variation in the combination forecasts that is irrelevant to the target reflects the inaccuracy of
these sourcing forecasts for local maximum daily temperature when made more than 7 days
out from the target day. For horizons within a week of the target, BOM’s official forecasts
contribute 50% of the combination forecasts. The fact that information adoption becomes the
sole source of short-term forecast revisions indicates BOM’s very high short-term prediction
skill for maximum daily temperature.

An understanding the forecast revision structure across horizons can potentially help de-
cision makers to choose an optimal horizon forecast for their planning decisions. As analyzed
above, the daily maximum temperature forecast revisions made in the second week before the
target day are associated with minimal information content and hence are less likely to result

in significant economic benefits for the forecast users. If early planning is preferred, they may
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be better off using 12-day-out revised forecasts rather than 9-day-out revised forecasts. By
waiting for a few days longer and bearing the opportunity costs of delayed planning, decision
makers are provided with revised weather forecasts that incorporate a substantially larger
amount of information. Since the information content reaches its highest level in the 6-day-
out revised forecasts and then decreases as the forecast horizon shrinks, the value added by
using 6-day-out forecasts may be higher than that using forecasts at horizons shorter than 6

days.

5.2.2 Rationality tests

We now compare the evaluation results of our modeling approach with the rationality testing
approach proposed by Patton and Timmermann (2012). Table 5 reports the p-values of seven
second moment bound tests for forecasts up to 7 days out and up to 14 days out from the
target day. The null hypothesis of the monotonic properties in the second moments for rational
multi-horizon forecasts are listed in the first column. The p-values in all inequality tests are
large, so the null hypothesis that the maximum temperature forecasts at both 1-week and

2-week horizons are rational is retained.

[Insert Table 5]

The discussions in Section 4.2 suggest that it is possible for multi-horizon forecasts that
consist of errors that are irrelevant to the target to fail to reject the rationality properties.
We check the results against the conditions for which the rational and implicit forecasts can
be identified as rational forecasts. We focus our discussion on the daily maximum tempera-
ture forecasts made in the second week out (when h is 8 to 14 days) since these long-horizon
forecasts contain a substantial amount of implicit error that is irrelevant to the target. The es-
timated variance of the implicit forecast error is non-decreasing with increasing horizon h, and

the difference in these variances across horizons is smaller than the difference in the variances
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of the rational errors. The estimation results guarantee that long-horizon daily maximum
temperature forecasts have non-increasing mean squared forecasts M.SFy;_j, non-decreasing
MSF Ey;_j, non-decreasing M SF Ry, and non-decreasing covariance cov(ey;_p, dyjs,) (see
rows 1,2,3 and 7 of Table 1). The accumulation of newly relevant information arriving be-
tween the forecast dates must be larger than the total variance of the irrelevant implicit error
made in the forecasts so that the variance of the revisions is bounded by the covariance of
the revisions and the target or the covariances of the revisions and the subsequently updated
forecasts (see rows 9 and 10 in Table 1). Our estimation results show that when two up-
dating points are close, there is little relevant new information but large irrelevant noise in
the revisions; hence the above condition does not hold. As the forecasts are further revised,
information accumulation increases and the implicit error component declines. The upper

variance bounds may still hold for forecasts made in the second week out.

5.3 Subsample evaluations
5.3.1 Effects of the NWP upgrade

The difference in forecast variabilities before and after May 22, 2012 is evident in Figure
1. On May 22, 2012, the NCEP’s operational system, including the long-range numerical
weather prediction models that serve as an input for the maximum temperature forecasts,
were upgraded. In this section, we examine the effect of the upgrade on the forecast and
revision structure.

We estimate the rational and implicit model while allowing the values of o,,, , and o¢, in
matrix R to be different in the subsamples pre- and post-May 22, 2012. We then calculate the
estimated MSF Ry_1 j, and its components in the two subsamples over the forecast horizons

and present the results in Figure 3.

[Insert Figure 3]
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The sizes of M.SF Ry,_y 5, at horizons longer than 7 days after the NWP model upgrade are
approximately four times larger than those prior to the upgrade. However, the upgrade does
not have much impact on the M.SF Ry,_1 at short horizons within 5 days before the target
day is reached. The increase in M'SF Ry;,_1 3 for long horizons is associated with higher o*f,hi L
and higher O'gh and agh_l, suggesting that following the NWP model upgrades, the forecast
revisions contain more relevant information but also more irrelevant noise. The upgrade does
not affect the composition of the forecast revisions across horizons, and information adoption
becomes the dominant source of revisions for forecasts made within 7 days of the target.

Before the NWP model upgrade, the MSFRy,_;;, peaks at 6 days out, where new in-
formation adoption between two adjacent updating points is also the highest. After the
upgrade, the highest marginal information adoption occurs one day earlier, at 7 days out, and
the M SF Ry, 5 again exhibits a declining pattern as forecasts are made closer to the target.
The NWP model upgrade provides users of maximum daily temperature forecasts an optimal
forecast horizon one day earlier than the optimal horizon prior to the upgrade. Given the
same amount of information adoption in forecast revisions, since both optimal horizon fore-

casts contain a similar amount of newly available information, incorporating longer-horizon

forecasts in planning may result in higher profits.

5.3.2 Effects of seasons

The geographical location of Melbourne leads to wide variation in the maximum temperature
during warm months, making it difficult to forecast. In this section, we study whether the
composition of forecast revisions across horizons is consistent over seasons. We estimate a
rational and implicit model allowing for different o, , and o, between warm months and
cool months. Figure 4 illustrates the values and the compositions of MSF Ry, over the
forecast horizons, with the top panel for the warm months and the bottom panel for the cool

months.
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[Insert Figure 4]

The MSF Ry, values across all horizons in warm months are much higher than those
in cool months, consistent with the fact that the forecast volatilities at all horizons are higher
in warmer months. In general, the values of M.SF Ry,_1 ) decrease as the forecast horizon
shrinks, regardless of the season, except that the marginal forecast revisions made at 6 days
out provides the highest MSFRy;,_y .

The shares of the sources for forecast revisions are consistent between seasons. Regardless
of whether the target days are in the warm or cool season, the long-horizon forecast revisions
(made in the second week before the target date) are mainly due to adjustment of implicit
forecast errors that are irrelevant to the target, suggesting inefficiencies in the long-horizon
maximum temperature forecasts. Starting from 7-day-out forecasts, newly available infor-
mation becomes the dominant attribute of the revisions, and these short-horizon maximum

temperature forecasts are effective rational forecasts.

6 Conclusion

The availability of multi-horizon forecasts of the same target offers forecast users an oppor-
tunity to investigate the revision structure across forecast horizons. This paper proposes a
state space modeling approach that decomposes multi-horizon forecast errors into several un-
observed components, including 1) rational forecast errors that occur due to unanticipated
information related to the target, 2) implicit sources of forecast errors that are irrelevant to
the target, and 3) horizon-specific bias that captures systematic under- or over-forecasts. By
using this modeling approach, forecast users can explore the best fitted forecast error structure
for the whole set of multi-horizon forecasts and study the key attributes of forecast revisions at
each horizon. Understanding the dynamics of forecast revision structure across horizons may

help forecast users to identify the most desirable horizon forecast for their planning decisions.
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We investigate the internal consistency of the multi-horizon forecasts specified by various
unobserved component models. Focusing on the monotonicity properties of the second mo-
ment proposed by Patton and Timmermann (2012), we derive the conditions under which
forecasts that consist of implicit error irrelevant to the target can posses the internal consis-
tency of rational forecasts. For instance, when multi-horizon forecasts are subject to implicit
error with substantially large variance, as long as the variance of implicit error increases with
increasing forecast horizon, the mean squared forecast errors must be an increasing function
of the forecast horizon. This monotonicity is a well-known property for rational forecasts.
Our approach may be used to provide an explanation for potential mixed testing outcomes
from the suite of Patton and Timmermann (2012) inequality tests.

In our application, we use the state space modeling approach to evaluate maximum daily
temperature forecasts for Melbourne, Australia. Using the forecasts up to 14 days before the
target, which ranges from February 1, 2009 to December 31, 2014, we find that these multi-
horizon weather forecasts contain both rational forecast error and implicit forecast error. The
variance of each type of forecast error changes along the forecast horizon, with the short-
horizon revised forecasts (made up to 7 days before the target) containing more information
and less irrelevant noise, than the long-horizon forecasts (made in the second week before the
target).

An important application of our modeling approach is to analyze the sources of forecast
revisions and how the composition of these sources changes along the forecast horizon. By de-
composing the value of the mean squared temperature forecast revisions between two adjacent
updating points into a rational component due to adopting newly available information and
an implicit component due to adjusting irrelevant noise, we show that marginal information
adoption accounts for a similarly small proportion of forecast revisions made from 13 days to
9 days before the target. Information adoption becomes (effectively) the single attribute of

the forecast revisions as the forecast horizon shrinks to within 7 days. The largest amount of
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information adoption in MSFR over the whole sample period is achieved at the horizon of 6
days before declining as the target date is approached.

Our state space modeling approach provides a means to select the best decision-making
point. Early planning is beneficial but generally suffers from little relevant information being
incorporated in revised forecasts made at long horizons. Our results of the forecast revision
structure of the maximum daily temperature show that the forecast horizon of 6 days, when
the highest amount of information is found in the revisions (using the whole sample period),
could be the ideal horizon for decision making. We also find that the upgrade of the NWP
models moves the occurrence of the highest marginal information adoption to the 7 day
horizon and hence shifts the best decision-making time one day earlier. This improvement
shows the value of investment to upgrade weather prediction systems since early planning of
economic activities related to future weather conditions, including crop irrigation and harvest

and energy supply, results in potential profits for the decision makers.
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Table 2: Forecast combination weightings for the multi-horizon daily maximum temperature
forecasts in Melbourne, Australia

Horizon h Official Previous Statistical Climatology
1 to 7 days 0.50 0.25 0.25

8 to 13 days 0.25 0.50 0.25

14 days 0.50 0.50

Notes: This table lists the weightings of the multi-horizon real-time forecasts of the daily maximum
temperature of Melbourne. The weightings are provided by Stern and Davidson (2015), which explains that

the forecast combination is based on official forecasts from the Australian Bureau of Meteorology, previous

day’s forecasts, statistical forecasts, and climatological forecasts.

Table 3: Descriptive statistics of daily maximum temperature observations and
multi-horizon forecasts for Melbourne, Australia

Full sample

Pre-NWP upgrade

Post-NWP upgrade

Warm months

Cool months

Horizon h  Mean Std. Dev. Mean Std. Dev. Mean  Std. Dev. Mean Std. Dev. Mean Std. Dev.
14 20.53 4.64 20.79 4.51 20.19 4.79 24.07 3.11 17.13 3.06
13 20.57 4.72 20.79 4.50 20.30 4.98 24.14 3.29 17.17 3.08
12 20.60 4.79 20.78 4.52 20.37 5.10 24.21 3.37 17.15 3.09
11 20.61 4.82 20.78 4.53 20.40 5.17 24.24 3.42 17.14 3.12
10 20.62 4.84 20.81 4.54 20.38 5.18 24.27 3.41 17.13 3.10
9 20.60 4.79 20.83 4.55 20.31 5.07 24.20 3.40 17.15 3.09
8 20.62 4.77 20.82 4.54 20.36 5.05 24.18 3.40 17.21 3.13
7 20.74 4.95 20.82 4.59 20.65 5.37 24.31 3.78 17.33 3.23
6 20.88 5.30 21.04 5.06 20.68 5.58 24.53 4.40 17.39 3.38
5 20.93 5.45 21.11 5.24 20.70 5.69 24.57 4.71 17.45 3.47
4 20.96 5.56 21.12 5.37 20.75 5.78 24.62 4.90 17.46 3.52
3 20.97 5.62 21.11 5.44 20.79 5.85 24.62 5.04 17.48 3.56
2 20.98 5.70 21.10 5.54 20.84 5.89 24.66 5.16 17.48 3.59
1 20.99 5.76 21.13 5.62 20.81 5.93 24.67 5.28 17.47 3.60
0 21.11 6.01 21.24 5.89 20.94 6.15 24.71 5.73 17.66 3.86

Notes: This table reports the means and standard deviations of daily maximum temperature observations
and their multi-horizon forecasts for Melbourne, Australia. The full sample covers 2159 target days from

February 1, 2009 to December 31, 2014. The pre-NWP upgrade period spans February 1, 2009 to May 21,
2012 before the Numerical Weather Prediction models experienced a major upgrade on May 22, 2012. The

post-NWP update period is from May 22, 2012 to December 31, 2014. For the southern hemisphere, we

denote the days from September 21 to March 20 as warm months, and the cool months cover March 21 to

September 20. The horizon A indicates the number of days before the target day that the forecasts are made.
The last row, h = 0, represents the observed daily maximum temperature.
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Table 4: Estimation results of the multi-horizon forecasts of daily maximum temperature for
Melbourne, Australia between February 1, 2009 and December 31, 2014

Alternative models

Bias
Rational +Rational
Rational + Implicit + Implicit

Forecast Errors Estimate  Std err Estimate Std err Estimate  Std err
Rational revision  0u;,; 1.568 (0.037) 0.373 (0.062) 0.374 (0.061)
Ouwyo 1.654 (0.040) 0.551 (0.063) 0.549 (0.063)
Owy, 1.564 (0.039) 0.496 (0.066) 0.499 (0.065)
0w, 1.534 (0.039) 0.583 (0.056) 0.584 (0.056)
Owg 1.472 (0.037) 0.633 (0.053) 0.634 (0.053)
Ouwg 1.421 (0.037) 0.981 (0.043) 0.979 (0.043)
Owr 1.416 (0.036) 1.315 (0.037) 1.308 (0.037)
0wy 1.560 (0.037) 1.560 (0.037) 1.554 (0.035)
Ouws 1.095 (0.036) 1.095 (0.035) 1.094 (0.035)
Ow, 0.973 (0.023) 0.973 (0.024) 0.973 (0.024)
0wy 0.820 (0.022) 0.820 (0.022) 0.820 (0.022)
Ows 0.728 (0.020) 0.728 (0.020) 0.727 (0.020)
Ouw, 0.697 (0.019) 0.697 (0.019) 0.697 (0.019)
0wy 1.690 (0.032) 1.691 (0.032) 1.687 (0.032)
Implicit error 0¢iy 1.193 (0.032) 1.192 (0.032)
Oers 1.223 (0.030) 1.224 (0.030)
Ocr 1.134 (0.032) 1.134 (0.032)
ocyy 1.078 (0.036) 1.077 (0.036)
Tero 1.040 (0.035) 1.039 (0.035)
O¢o 0.891 (0.036) 0.892 (0.036)
O¢y 0.524 (0.059) 0.527 (0.058)
oc 0.027 (0.010) 0.026 (0.011)
O¢s 0.018 (0.005) 0.017 (0.005)
o¢s 0.014 (0.003) 0.013 (0.003)
oy 0.016 (0.006) 0.016 (0.005)
O¢y 0.011 (0.003) 0.011 (0.003)
¢y 0.010 (0.002) 0.010 (0.002)
oc, 0.017 (0.005) 0.017 (0.006)
Bias B1a -0.581 (0.082)
(smoothed states) Bis -0.531 (0.082)
P12 -0.506 (0.081)
P11 -0.494 (0.080)
Bio -0.487 (0.078)
Bo -0.509 (0.076)
Bs -0.489 (0.072)
Br -0.361 (0.065)
Bs -0.226 (0.056)
Bs -0.176 (0.050)
B4 -0.148 (0.046)
Bs -0.138 (0.042)
B2 -0.121 (0.039)
By -0.118 (0.036)

Log likelihood -53,621 -51,583 -51,717

Akaike Info Criterion 107,275 103,226 103,493

Baysian Info Criterion 107,366 103,397 103,663

Notes: The sample covers 2159 target days from February 1, 2009 to December 31, 2014. For the daily
maximum temperature of each target date, meteorological forecasts are made at a daily frequency at horizons
from 14 days to 1 day before the target date. The standard errors of the estimates are in parentheses.
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Table 5: Results of the rationality tests proposed by Patton and Timmermann (2012).

Horizons
Test h=1toh="7 h=8toh=14
Var (gye—s) > Var(ge—;) 0.96 0.85
Var(ey;—s) < Var(eys—;) 0.95 0.85
Var(dy|s,m) < Var(dys,) 0.91 0.95
Cov(Gtjt—s> Tt) > Cov(Dije—1, Tt) 0.95 0.93
Cov(yt\tfmvgt\tfs) > COV(fQﬂtfl;Z)ﬂtfs) 0.93 0.95
Var(dys,;) < 2Cov(Fs, dyjs,) 0.78 0.50
Var(dijm.i) < 2Cov(Jejt—ss dejm ) 0.77 0.13

Notes: We use h to represent a generic forecast horizon and

h=HH-1,.,,l-1,...mm—1,...s,s — 1,...,0, where H is the longest forecast horizon, and horizons
[ > m > s. The inequality relations in the first column are the null hypotheses of the Patton and
Timmermann (2012) tests for forecast rationality. The values reported in this table are p-values from each
test. We use Matlab code provided by Andrew Patton for the inequality tests, and partition the forecast
horizon into h =1 to h =7 and h = 8 to h = 14 and test each partition separately.
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Figure 1: Daily maximum temperature observations and multi-horizon forecasts for
Melbourne, Australia from Feb 01, 2009 to Dec 31, 2014
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(a) Before the NWP model was upgraded on May 22, 2012
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(b) After the NWP model was upgraded on May 22, 2012
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Figure 3: M SF Ry, and the components before and after May 20, 2012
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(a) In warm months from Sept 21 to Mar 20

T T T T T T T T

6 T T

13 12 11 10 9 8 7 6 5 4 3 2 1
Forecast Horizon

(b) In cool months from Mar 21 to Sept 20
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Figure 4: M SF Ry,_1 and the components in warm and cool months
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A Appendix: Proofs for Internal Consistency

This appendix provides a formal connection between two approaches to multi-horizon forecast
evaluation: our model-based approach and the variance bound test approach proposed by
Patton and Timmermann (2012). We list the variables defined by our models, which will be

used in the proofs in the following subsections, in Table 6.

Table 6: Expression of the multi-horizon forecasts, forecast errors and revisions (with no bias)

Variable Expression

Target Ut = Ut-m +& + Zf{:?)l Ow; Nw; t

Rational forecasts Utjt—h = Yt — Ezh:_ol Ow; Muw;,t
Rational+implicit forecasts Utjt—n = Yt — 2?2—01 O Mot T 0¢,NC
Implicit forecasts Utjt—h = Yt +0¢, M t

Rational forecast errors Ctlt—h = Z?;ol Ow; Nuw; t

Rational+implicit forecast errors €t|t—h = 2?2—01 O Nwi,t = OCLNCH

Implicit forecast errors Etlt—h = —O0¢Cn t

Rational forecast revisions between h = m and h = s dt|sm,, = Zﬁ:l O ; Nw; ,t

Rational forecast revisions between h =1 and h = s dyjs1 = Zi;i O Mo t

Rational+implicit forecast revisions between h =m and h =s  dyjsm = Z:”:;l O Nwit + TNt = OC Nt
Rational+implicit forecast revisions between h =l and h =s  dys; = Zi;i Ow;Nwit T ¢ Mot = OCm Nt
Implicit forecast revisions between h = m and h = s bjs;m = ¢ Mot = TCmMem it

Implicit forecast revisions between h = and h = s dyjsg = 0¢Neot — 0Tt

Notes: We use h to represent a generic forecast horizon and h = H, H —1,...,[,I—1,...m,m—1,...s,s — 1,...,0, where
H is the longest forecast horizon, and horizons [ > m > s. For rational-implicit forecasts §+—x, the rational error
component vyy_j = —af;olawmwi,t where 7., ~ 4.4.d.N(0,1), and the implicit error component (y¢—p = 0¢, ¢, ¢

where n¢, + ~ 1.4.d.N(0, 1).
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A.1 Rational Forecasts

A.1.1 Proof for the monotonicity of the variances of the forecasts, forecast errors

and revisions

Given that rational forecasts g,y = U _Z?:_ol Ow,;Nw; t, the variance of the target is var(y;) =
var (Gy—n) + Z?:_ol o2.. For two forecast horizons h = | and h = s, var(j:) = var(jy—;) +
Zi;(l) 0w, = var(fJyi—s) + S 720 0w, thus, var (Gye—s) — var(Jee—1) = Zi;i 0w, = 0. Note
that since the mean squared forecasts MSFy;_j, = var(fy—p) + (E[$:])?, the MSF is non-
increasing as the forecast horizon increases, that is MSFy;_; > MSFy;_.

Given the expression of the rational forecast errors in Table 6, var(e;;—s) — var(ey—;) =
— Zﬁ;i 0w; <0, and the mean squared forecast errors MSFEy,_, < MSFEy;_;.

Using the expressions of the rational forecast revisions, we have var(dys ) = Z?;l Ow; <
var(dysg) = Zi;i oy, for m < 1. As Eldy;_p] = 0, the mean squared forecast revisions

MSFRyj, < MSFRy,,.

A.1.2 Proof for the monotonicity of the covariance between the forecasts, the

forecasts and the target and the forecast errors and the target

The covariances between the forecasts for the same target at different horizons can be written
as cov(Gyjt—m» Jtji—s) = COV(tjt—ms Jelt—m T dijs,m) = var (Jjt—m) since cov(Gyjs—m, dijs,m) = 0.
Similarly, we derive cov(fyj¢—;; Jeje—s) = var(Jyi—;)- Therefore, cov(Gyi—m, Gtje—s) = cOV(jt—15 Vejt—s)-
The covariances between the forecasts and the target cov (i, Uyi—n) = cov(gjt‘t_h%—Z?;Ol O Nwits Ytlt—h) =
var (Gye—p)- Since var(fy,—p) weakly decrease as h increases, cov (i, Urjt—s) = cov (G, Jrje—1)-
The covariances between the forecast errors and the target cov(ft, €y—p) = cov(fy—p +

h—1 ~ ~
Ctft—hs Ctlt—h) = var(ey—p) = D g ao%i. Therefore, cov(f, eyi—s) < cov(Ft, eqe—1)-
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A.1.3 Proof for the monotonicity of the covariances with forecast revisions

We first check the monotonicity of the covariances between the revised forecasts at a short hori-
zon and the amount of forecast revision, i.e., cov(fy¢—s, dyjs,pn)- For b = m, cov(Jyji—s, dyjsm) =
coV(Fjt—m + dijs;ms Aijsm) = Var(dys ) since cov(Jgjt—m, djs,m) = 0. Similarly, for h = I,
cov(Jyji—s> dyjs1) = cov(Gppe—i + dyjsy, dysy) = var(dys). Because var(dys,,) < var(dys,),
cov(Gjt—s» dt|s,m) < COU@ﬂtfs, di|s)-

Given the expressions for rational forecasting errors and rational forecasting revisions pro-
vided in Table 6 , cov(eyjs—m; dyjsm) = Z?;l agi and cov(eyy—, dyjs1) = Zi;i af,i. Therefore,
OV (€4)t—m» dijs;m) < COV(€qf—i, dyjs1)-

To prove the covariance bound, i.e., var(dys;) < 2cov(fi, dys;), we follow Patton and

Timmermann (2012), starting from var(eq;—;) > var(ey,—s). We then have var(g — ye—1) >

var (g — gt|t—s)a and

var(ge) — 2cov(Gt, Goje—1) + var(Goe—) = var(Ge) — 2co0v(Gr, Joji—s) + var(Gyi—s)
—2cov (3, ?Qt\t—l) + UW(?}ﬂt—l) > —2cov(f, Ugje—1 + dt\s,l) + UC”"(Qﬂt—l + dt\s,l)
—2cov(Gt, Yje—1) +var (Ge—1) > —2c0v(Ft, Yyje—1) — 2¢00(Gt, dyjs 1) + var(Gy—) + var(dys,;)
Uar(dﬂs,l) < 2cov(F, dt\s,l)-

. R - -1 - .

We can write COU(yt\t—sa dt\m,l) as cov(yt—Zf:O J(%ia dt|m,l) = CO’U(yt, dt|m,l) sice COU(_€t|t—57 dt|m,l) =
0. Therefore, based on the covariance bound proved above, var(dyy, ;) < 2cov(§i, dijm,) =
200”(?3t|t737 dt|m,l)-
A.2 Rational and Implicit Forecasts

A.2.1 Patterns in the variances of the forecasts, forecast errors and revisions

The variance of rational and implicit forecasts is given by var(g;—p) = var(g:) +var(vye—p) +

var (Cyje—n)+2cov(Fe, Vyjr—p)- Since cov (G, Vyp—p) = —var (vyy—p), assuming that cov(—u, Vye—n) =
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0, var(Jye—n) = var(ge) — var(vy—p) + var(Gye—p). When h = s, var(jy—s) = var(ge) —
Sy 02 o5, —i—a4 , and when h = I, var (fy.—1) = var(j:) — S 502 ol +0< Therefore, var (f;—s) —
var (Gye—1) = El Lo2 T+ O’C — O'C If and only if Z Ugi > Ugl — Ja, we have var(g—s) >
var(Gye—), and MSF_g > MSFy;_.

Using the expression of the rational+implicit forecast errors in Table 6, the variances of
forecasting errors var(et‘t_h) = Ziig_l crfji —|—O‘?h. For two forecasts made at horizons s and I,
var(eqyi—s) —var(ey—;) = — Zi a? —f—O’C _UC Therefore, if and only 1fz 02 > O'CS —O'Cl,
var(egi—s) < var(ey—;), and MSFEy,_; < MSFEy,_;.

Using the expressions of the rational+implicit forecast revisions in Table 6, var(dys,) =

Zm_l ao%i + O'gs + agm, and var(dy,;) = Zl ! o? T+ O'C + O'C The differences in two variances

1=s

var (dyjs,m) — var(dys;) = —EZ “m 0o+ G'C — U?Iz' Therefore, if and only if E

zmwz—

O'gm — O'gl, var(dysm) < var(dys;), and MSFRy,_y < MSFEy,_.

A.2.2 Patterns in the covariances between the forecasts, the forecasts and the

target and the forecast errors and the target

The covariances between two forecasts cov(Jjt—m, Jiji—s) = COV(Uejt—m> Jtjt—m + dijs,m) =
Var (Get—m) +C0V(Yjt—m> dyjs,m)- Using the expressions in Table 6, we have cov(yj¢—m, dijsm) =
*Ugm- Therefore, Cov(gﬂt—mv?)t\t—s) = UW@t\t—m) - Ugm- Similarly, Cov(gt\t—lvgﬂt—s) =

var(@t‘t,l)—agl. Comparing with these two covariances, cov(§y|;—m, Ut|¢—s) —COV(Jyjt—15 Yejt—s) =

Var (Gejp—m) — ag —var(Jye—;) + UC Using the derivation of the variances of forecasts in sec-

tion A.2.1, we then have COU(yﬂtfmaQﬂtfs) - COU(?JﬂtflaQﬂt—s) = - Z = wl + Z =0 3;1 =
-1

The covariances between the forecasts g;;_j and the target g; are given by cov(Yy, )t — n) =
var(§i) + cov(Ge, Vye—pn) = var(Gr) — var(vy—p) = var(ge) — Z?;(]l o2. As h increases,

cov (i, Yeje—n) weakly decreases, and cov (7, Yrji—s) = cov(Gt, Geje—1)-

The covariances between the target and forecasting errors cov(f, e —p) = Z?:O 0o
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Therefore, cov(F, eyr—s) < cov(Fe, €sp—1)-

A.2.3 Patterns in the covariances of the forecast revisions

We first derive cov(gyj;—s, dyjs,m) using the expression of dy,,, in Table 6.

CO'U(yﬂt—s; dt|s,m) = COU@t\t—m + dijs,m» dt\svm)
= coV(tft—m> dt|s,m) + var(dys;)
= —var((yi—m) + var(dysm)
= —o¢, + X 0l + ot g,

_ m—1 _2 2
= Zi:s O +UC5'

. . A~ -1 ~ A~
Similarly, cov(fy¢—s, dyjs1) = D ics af,i—kai. Therefore, cov(Jyji—s, dijsm) < oV (Gyjr—s, dyjs,1)-

When h = m, the covariances between forecast errors and forecasting revisions cov(eﬂt_m, di|s,m) =

COU(32T20" Ouont = TG Mmsts Yois Tt + OCTGet = T Momt) = Doty 0 + 0, - Addi-
tionally, cov(ey—i, dys1) = Zi;i Ufji + Ué. Therefore, cov(eyj¢—m, dijsm) — cov(eyi—, dysy) =
— Zi;}n O'L%i —|—0§m — agl, and if and only if Zi;}n agi > O'gm - aé, we have cov(eyji—m; dyjs,m) <
COU(€t|t717 dt|s,l)‘

The variance of rational and implicit forecast revisions between h = s and h = [ is
var(dys;) = Zlil Ugi +O'a +U?S. The covariance between the target and dy|,; is cov(gi, dyjs;) =

i=s

Zl_l o2 . Therefore, if and only if Zi;i o’ > agl + oi, the covariance bound of Patten and

=8 ~ Wwj w; —
Timmermann (2012) holds, that is, var(dys;) < 2cov(Fr, dyjsy)-
A.3 Implicit Forecasts
A.3.1 Patterns in the variances of the forecasts, forecast errors and revisions

Given that implicit forecasts gy, = Ut + Ge—p, and cov (e, Ge—pn) = 0, we have var (Gye—n) =

var(gjt)+agh. Therefore, if and only if o¢, > o¢,, then var(gy;—s) > var(fye—;) and MSFy,_; >
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MSFy_;.

The variance of the implicit forecast errors is var(ey;—p) = ogh, and if and only if ¢, < 0¢,,
we will have var(ey;_s) < var(ey,—;) and MSFEy,_y < MSFEy;_;.

To check any monotonicity pattern in the mean squared forecasting revisions, we compare
var(dyjs,m) and var(dy,;). The variance of the implicit forecast revisions var(dys ) = Ji +
agm and var(dys;) = 042“3 + aa. Therefore, if and only if o¢,, < 0¢,, var(dysm,) < var(dys,)

and MSFRy,,, < MSFRy,,.

A.3.2 Patterns in the covariances between the forecasts, the forecasts and the

target and the forecast errors and the target

Since cov(gt, Gj¢—p) = 0 and implicit forecast errors are uncorrelated across horizons, we
have COU@t|t—mal7t|t—s) = COU(gt\t—lagﬂt—s) = var (g, COU(ﬂtaeﬂt—s) = COU(ﬂtaeﬂt—Z) =0, and

cov (e, Gij—s) = cov (e, Gee—1) = var(Ge)-

A.3.3 Patterns in the covariances of the forecast revisions

Now we derive for cov(es;—m, dyjsm) and cov(eys—;, dys;1). Using the expressions in Table 6,
we have cov(e—m, dejsm) = COV(=Cyt—m> Ctjt—s — Ctje—m) = Va7 (Chle—m) = agm, and similarly
cov(eqp—i, dyjs,i) = ng. Therefore, cov(ey—m, dijs,m) < cov(eye—i, dys,) if and only if o¢,, < o¢;.

To see the pattern in the covariances of short-horizon forecasts g;_, and forecast revisions
dys,n, we first let h = m, and then cov(Jyi—s, dijsm) = cov(Tr + Cer—ss Cte—s — Ctjt—m) =
var((s) = Ugs. Letting h = I, cov(§js—s, dyjs1) = 042“5' We see that these covariances between
forecasts at short horizons and revisions are always constant for all forecast horizons.

We now prove that the upper variance bound for revisions as a function of covariances
between the target and revisions does not hold for implicit multi-horizon forecasts. Since
var(dys;) = var(Ce—s — Gle—1) = aés + Ug,l and cov(gt, dysy) = 0, we have var(dy,;) >

2cov(Gi, dys1) if o¢, # 0.
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Lastly, ’Uar(dt\m,l) = O-gm + O-gla and COU(@ﬂt_S, dt|m,l) = COU(:Ijt + Ct|t—sa <t|t—m - <t|t—l) = 0.

Therefore, var(dym,1) > 2c0v(§yji—s, dyjm,1) if o¢, # 0.
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