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RFH in predictive models for the prices of gasoline and diesel. We show that the RFH is
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Forecasting the oil-gasoline price relationship:
should we care about the Rockets and the Feathers?

1. Introduction
Empirical evidence suggests that in many marketsathjustment process of an output price differs
depending on the sign of the corresponding inpigepvariations. For instance, Peltzman (2000)
reports that output prices tend to respond fastengut increases than to decreases in 160 out of
242 markets.
This tendency, known as Asymmetric Price Transmois$APT), has been widely studied also by
energy economists. According to the so-called Riscland Feathers hypothesis (RFH), the
transmission mechanism of positive and negativagési in the price of oil to the price of gasoline
is asymmetric. Surveys of the APT literature arevygted by Frey and Manera (2007) and Meyer
and von Cramon-Taubadel (2004), while Geweke (2@8zl)ses on the RFH.
Although, starting from Bacon (1991), there haveerbenany contributions addressing how
downstream prices respond to increases in upstpam®s (see, among others, Al-Gudhea, Kenc
and Dibooglu, 2007; Balke, Brown and Yucel, 199&rdhstein, Cameron, and Gilbert, 1997;
Brown and Yicel, 2000; Douglas, 2010; Galeotti, 2zaarand Manera, 2003; Godby, Lintner,
Stengos, and Wandschneider, 2000; Grasso and Ma&®€3), little is known about the forecasting
performance of reduced-form econometric modelsrpm@ting APT from crude oil to gasoline. As
pointed out by Bachmeier and Griffin (2003), if giase prices respond asymmetrically to crude oill
price variations, asymmetric cointegration modélsusd produce more accurate forecasts than the
symmetric Error Correction Model (ECM). These aushperform a small scale out-of-sample
exercise, with the aim of comparing the forecastioguracy of asymmetric and symmetric ECM
for the wholesale price of gasoline.
Our work fills this gap. We focus on U.S. fuel meiik and model the oil-gasoline price relation
consistently with the RFH. Specifically, we compant, sign and probability forecasts from a
variety of Asymmetric-ECM (A-ECM) and Threshold Auegressive ECM (TAR-ECM) against a
standard ECM. Forecasts from A-ECM and TAR-ECM subs the RFH, while the ECM implies
symmetric price transmission from crude oil to dasoprices. The aim of our paper is to quantify
the forecast accuracy gains due to introducingRRé¢l in predictive models for the prices of
gasoline and diesel. In particular, we provide arswhe following research questions:

1. Is the RFH useful when forecasting gasoline pritnges (point forecasts)?

2. Is the RFH useful when forecasting the sign of tisoprice movements (direction-of-

change or sign forecasts)?



3. Is the RFH useful when forecasting the probabditgasoline price movements (probability
forecasts)?

4. Are asymmetries constant through time or time-vagytime-varying forecast accuracy)?

5. At which sampling frequency (daily, weekly or moghare forecasts based on the RFH
useful?

6. At which stage of the transmission mechanism @ither spot or retail, or both) are the
forecasts based on the RFH more accurate thawithesasts obtained from symmetric models?
Our answer to the first question is negative, wiijleestions 2 and 3 have a positive answer.
Asymmetries are useful for sign and probabilityefaasting, but they do not lead to more accurate
point forecasts than the symmetric ECM specificatid®Ve also show that the forecasting
performance of models changes through time: in sper@ds A-ECM produce more accurate
forecasts than the ECM, while in other time peridle ECM dominates the asymmetric
specifications. Empirical evidence also highligthiat accuracy gains can be achieved mostly at

daily or monthly sampling frequency for both spotiaetail prices.

Our findings are of great value for a number ofrexoic agents, whose activities involve decisions
that are inherently forward-looking. For instangasoline producers need accurate point forecasts
for hedging activities and portfolio allocation. @re other hand, policy makers exploit point and
probability forecasts for stockpiling decisions glemanagement of inventories and strategic
reserves). Moreover, investors rely on directiofciodinge forecasts to design technical trading
rules and on probability forecasts for risk managente.g. Value-at-Risk).

The plan of the paper is as follows. Section 2 dess the data. The empirical methods are

introduced in Section 3. Section 4 describes thalt® and Section 5 concludes.

2. Data
Our analysis focuses on the U.S. fuel markets. @esider the relations between the spot price of
West Texas Intermediate (WTI) light crude oil ahd following petroleum products:
1. spot price of New York Harbour Conventional GaselfNY);
spot price of U.S. Gulf Coast Conventional Gaso{B€);
spot price of Los Angeles Reformulated RBOB Reg@asoline (LA);

retail price (excluding taxes) of U.S. Regular Atirmulations Gasoline (G);

a kb 0N

retail price (excluding taxes) U.S. No 2 Diesel.(D)



Table 1. Data description

1) 2 (3 (4) ©) (6)
No. Obs. (daily,
weekly, monthly)

Series id Price Frequency Sample period

Cushing, OK WTI Crude

Oil WTI Spot Daily 02/06/1986 - 31/01/2013 6712, 1392, 320
New York Harbor

Conventional Gasoline

Regular NY Spot Daily 02/06/1986 - 31/01/2013 671292, 320
U.S. Gulf Coast

Conventional Gasoline

Regular GC Spot Daily 02/06/1986 - 31/01/2013 671892, 320
Los Angeles Reformulated

RBOB Regular Gasoline LA Spot Daily 01/04/2003 /312013 2471, 514,118
U.S. Regular All

Formulations Gasoline G Retail Weekly 20/08/1990 - 01/28/2013 -, 1113, 270
U.S. No 2 Diesel D Retail Weekly 06/01/1997 - 01/28/2013 -, 796, 193

Notes: Columns (1) and (2) report a brief descriptiorthe series and the short-cut (id) used in the pap@umn (3)
describes the type of price series. Column (4yitates the highest frequency at which the datea@adable. The
sample period is shown in column (5), while the bemof observations for daily, weekly and monthbtad are
reported in column (6). Retail prices excludingeschave been calculated from prices including tagegved from
the EIA database, as detailed in the Appendix.

We have obtained all price series from the U.Sr@nénformation Administration website. Crude
oil and gasoline spot prices have been collectethdy sampling frequency, while retail gasoline
and diesel prices are available only at weeklydesapy.

The spot and retail prices of petroleum productsalonclude taxes and are denominated in dollars
per gallon, while the spot price of oil is expresgedollars per barrel.

Weekly and monthly spot prices have been calculatedveraging daily prices. Monthly retail
prices have been computed by averaging data atlyvéekuency. In all cases, in order to have
synchronous prices, we preliminary dropped thosedations for which it was not to possible to
match gasoline or diesel prices with crude oil ggicA description of the dataset is presented in
Table 1}

3. Modelsand Methods

Let O; be the spot price of WTI crude oil and B¢ denote the price of theth petroleum product
at timet, k = NY, GC, LA, G, Dt = 1,...;T. We use the following notatiopi; = 100XIn(Py), 0; =
100X1In(0y), Apke = pxt - Pw-1, and Aot = o; - 0.1, with In(.) indicating the natural logarithmic

! Retail prices excluding taxes are used in theyaisml To save space a more detailed descriptiothefdataset,
including construction of the price series andrtpéts, is presented in the Appendix.
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transformation. From now on we drop the subsd¢ifor ease of notation. Moreover, in this section
we will use the generic expression “petroleum pobdPP) to indicate any of the petroleum
products considered in the study.

Following previous research on the RFH, we assumaethe price of crude oib), being oil the

main production input, is the only driver of the pite @):

Pt=ab+ @0tz (1)
wherez denotes the error term at timhéAs highlighted by Bachemeier and Griffin (2008)uation
(1) should not be given a structural interpretatidotually, there are many other factors affecting
the price of gasoline (e.g. inventory levels, refin outages, changes in regulations, refining
capacity utilization). If both the price of oil atide PP price are integrated of order one, whidr th
liner combination is stationary, they are said éodo-integrated(Engle and Granger, 1987), and

the forecasts for the PP price should be producitd the following Error Correction Model
(ECM):

Ap = a+30 B Ao + 30y Apyy + 62 + & @)

wherez.; = pr.1 - @ - @ O represents the stationary linear combination gagirun equilibrium
relationship) between the PP price and the pricerodle oil. Coefficientgi and )y measure the
short-run impact of (lagged) crude oil and PP wice the current PP price, whiéedescribes the
speed of adjustment to long-run equilibrium. Clgathe ECM entails a symmetric adjustment
process, in that the response of the PP moms not depend on the sign of the disequilibrium
between the PP price and the price of crude oil.

A simple way to introduce an asymmetric adjustmaethanism in the ECM is to consider the
Asymmetric ECM (A-ECM) of Granger and Lee (1989):

Dp = a+3l o [BY Ao X (Ao > 0) + B Ao X I(A0; < O)]+ ..
XTI B X 1(Ape > 0) + 4 Ape X I(Ape < 0)] + ..
o #0920 X N(22> 0)+ 0921 X (2.1 < 0) + & (3)

where the indicator function I(.) is used to decos® co-integration residuals and lagged
differences of crude oil and gasoline prices intsifive and negative values. Notice that the A-
ECM reduces to the ECM when the following restans hold:3% = g0; ) = 0 gt = gv),

for all i and].

2 Results available from the authors show that @tlepseries are integrated of order one and thsolie and diesel
prices are co-integrated with the price of crude oi
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In order to disentangle the forecast gains derifnogn short-run and long-run asymmetries, we
also consider two variations of the previous modal.A-ECM with only short-run asymmetries
(SR-A-ECM) is obtained by imposing=6% in equation (3), while restriction§™ = 4© and
y) = i) yield an A-ECM with only long-run asymmetries (LIRECM).

A simple and popular alternative for introducing/rasnetries in the ECM is to consider a two-
regimes Threshold Autoregressive ECM, TAR-ECM:

Ap= (@ +3 00 + B9,y Bpe + 6D24] x (G > 0) + ...
A [a9+3 BONo + 21 OBpy + 8924] x 1< 0) + & (4)

whereq; is a threshold variable. The TAR-ECM reduces ®BCM whena " = a0, g = g0,

y =y and g™ = @9, for alli andj. We consider two versions of the TAR-ECM: TARTL, @p=
Aow1: TAR2, for g = s'lziszlet_i, wheres = 5, 4, 3 for daily, weekly and monthly data. Roes
works based on A-ECM and TAR-ECM include Al-Gudhetaal. (2007), Balke et al. (1998),
Douglas (2010), Galeotti et al. (2003), Godby et(2000), Grasso and Manera (2007) and Fosten
(2012).

All models have been estimated with OLS using a-$tep procedure. First, we estimate the
equilibrium relation (1) and obtain an estimateoSecond, we estimate the ECM, A-ECM, SR-A-
ECM, LR-A-ECM, TAR1 and TAR2 specifications and guze one step ahead forecasts. The
optimal lag length, ) of each model has been selected by minimizingSitlevarz Information

Criterion at each instant of time a new forecaggeiserated.

3.1 Forecast Evaluation

We denote withi., = f (m)kt+1|t the one step ahead point forecast forkttie oil product k = NY, GC,
LA, GR, DR), issued at timeusing modem, m= ECM, A-ECM, SR-A-ECM, LR-A-ECM, TAR1,
TAR2. For each model, a total bif forecasts have been obtained with a rolling windstmation

schemé The evaluation of point forecasts relies on themsguared forecast error (MSFE):
MSFE = H'YH_ | (Apuh - fun)® (5)

Direction-of-change (or sign) forecasts are evaddty comparing the sign of the PP price forecast

fiea with the realized sign of the PP price chafge;. Sign forecasts are particularly relevant for

% More details are provided in the Appendix. An exgltion of why forecasts are based on the rolliimglow scheme
is provided in Footnote 5.
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investors aiming to design market timing strategi®® employ two metrics of accuracy, namely
the mean forecast trading return (MFTR) and thec&sg Ratio (SR):

MFTR = H'SH_, signffn)Apen (6)
SR =100 xT®" +TEIYH (7)

where signf) = 1(x > 0) —I(x < 0), whileT ®* andT ©) denote the number of correctly predicted
price increases and decreases.

The MFTR evaluates the average rate of return fidorecast (Hong and Lee, 2003), while the SR
measures the percentage of forecasts that corpgettict the sign of price movements.

For each model and product, we form the correspgngdrobability forecaspri.is = Prp+1 < O]

Q,) as F(-fui/di1), whereF() is the Normal cumulative density functfoand a1 is a (rolling
window) volatility forecast obtained by fitting aARCH(1,1) model ta\py:.

Probability forecasts are evaluated using the caiedprobability score (QPS):

QPS=H"'YH_  2[pn —1(&pn < 0) F (8)

The QPS also known as the Brier score, ranges from Q twith O indicating perfect accuracy (see
Diebold and Rudebusch, 1989).

For each of the previous performance measures (BVyompute the percentage ratdPM), as
100x[(PMy- PMecm)/ PMecu], where PM = MSFE, MFTR, SR, QPS and subscript tighoting
forecasts from A-ECM or TAR-ECM.

More accurate forecasts are associated to lowerBMBFQPS and higher MFTR or SR. Therefore,
in the case of point and probability forecasts, H&M is outperformed by an asymmetric model

whenA(PM)<O0, while for sign forecasts this happens whgnM)>0.

3.2 Testing the out-of-sample usefulness of asymmetries
The out-of-sample usefulness of the RFH for poimt probability forecasts is investigated with the
test put forth by Carriero and Giacomini (2011), B&hceforti.

* Experiments with a Logit distribution confirm orgsults.

® The test cannot be applied to sign forecasts,usecaeither MFTR, nor SR comply with its underlyagsumptions.
Actually, in addition to some primitive conditionecessary for the law of large numbers and theadirhit theorem

to apply, the test is derived under the assumptadronvexity and differentiability of the loss fetion and using a
fixed estimation sample. More precisely, the asytiptdistributions of the test is obtained by assgid—oo, where

H is the size of the forecast evaluation sampleleathie size of the estimation sample and the fatdoarizon must be
finite. This also explains why forecasts have betained with a rolling window estimation scheme.
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Since each of the asymmetric models considereldisnpaper reduces to the symmetric ECM if an
appropriate set of parameter restrictions is impgose label the forecasts from A-ECM and TAR-
ECM as “unrestricted forecasts;". Similarly, forecasts from the ECMFM, are referred to as
“restricted forecasts”.

The CG statistic can be thought as an out-of-sarfgoplecast combination test. Actually, it is
possible to write the combination of the unresédéasymmetric and restricted/ECM foreca#fs,

as:
RO = £EM + () (R - 75 9)

whereA is the weight associated to the restricted ECMdast. Therefore, asymmetric forecasts are
useless if=1, that is:fC = fFM. Conversely, ifA = 0, thenf® = f” or, equivalently, asymmetric
forecasts are useful, with ECM receiving zero weigtthe forecast combination.

The following null hypotheses are separately tedtgo\ = 1 andHy: A = 0. The RFH is useful out-
of-sample whemo: A = 1 is rejected, whilély: A = 0 is not rejected.

The implementation of the CG test requires thenesdion of the combining weight. For point
forecasts) can be estimated with OLS, while for probabilitydcasts it can be estimated with non-
linear least squares (see Kamstra and Kennedy, fb@@tails).

CG propose two versions of the test. Since thequhoe discussed above is based on a single
estimate of\ over the entire forecast evaluation sample, thet€Gunder the assumption tiAas
constant through time can be thought as a tesglobal usefulness” of the RFH. The second
version of the CG test relies on time-varying eates of the combining weight, denoted\ast =
1,...H, and provides information about the “local usefsisi’ of the RFH. Within this alternative
setting, ifHo: A = 1 is rejected (for any), while Hyo: A; = O is never rejected, then the RFH is
“locally” useful. Moreover, a plot oA; can be used to assess whether and how the ussfudhe

forecasts obtained from symmetric and asymmetridetsohas changed through time.

4. Results
In this section we offer a detailed discussionlad tesults for the spot price of NY gasoline, a
synthetic presentation of the results for the offetroleum products, as well as a summary of the

main findings for all the fuel markets analysedha paper.



Table 2. Accuracy of point forecasts: the N.Y. Gasoline spot price

Panel (a): Daily data

Model MSFE A(MSFE)% A t(A =0) th=1)
ECM 4.894 - - - -
A-ECM 4,922 0.565 1.475 2.249** 0.724
SR-A-ECM 4916 0.435 1.843 2.178** 0.996
LR-A-ECM 4.904 0.197 1.349 1.612 0.417
TAR1 4.980 1.748 1.455 3.186%** 0.997
TAR2 5.004 2.244 1.421 2.910%* 0.862
Avg. Asy. 4.926 0.653 - - -
Panel (b): Weekly data

Model MSFE A(MSFE)% A t(A = 0) th=1)
ECM 15.073 - - - -
A-ECM 15.117 0.293 0.587 1.260 -0.885
SR-A-ECM 15.045 -0.185 0.436 0.813 -1.050
LR-A-ECM 15.158 0.568 1.624 2.003** 0.770
TAR1 15.435 2.399 1.002 2.905*+* 0.007
TAR2 15.548 3.151 0.990 3.190*** -0.032
Avg. Asy. 15.096 0.152 - - -
Panel (c): Monthly data

Model MSFE A(MSFE)% A t(A=0) tA=1)
ECM 35.175 - - - -
A-ECM 33.714 -4.154 0.166 0.687 -3.443***
SR-A-ECM 33.622 -4.416 0.139 0.619 -3.839%**
LR-A-ECM 35.636 1.311 1.589 1.457 0.540
TAR1 38.377 9.103 0.923 3.959%** -0.330
TAR2 44.897 27.639 0.887 9.376%*** -1.195
Avg. Asy. 34.232 -2.681 - - -

Notes: Models are listed in column 1. Columns 2 and 8wslithe Mean Squared Forecast Error (MSFE, see Eand the percentage MSFE ratio
defined asA(MSFE)% = 100*[(MSFEB-MSFEzcvm)/MSFE:cy], for U= A-ECM, SR-A-ECM, LR-A-ECM, TAR1, TAR2, Ag. Asy. “Avg. Asy.”
denotes the combined forecast from asymmetric/tnictesd models (i.e. A-ECM, SR-A-ECM, LR-A-ECM, TARTAR2). A negativéA(MSFE)%
indicates that point forecasts from model U areaverage more accurate than ECM forecasts. Redulte dest of Carriero and Giacomini (2011)
are shown in columns 4-5. The value\ah column 4 is the estimated combination weiglsbammted to the restricted/ECM forecast, see egué).
The statistic =0)is used to test the null hypothesis that the istt/ECM forecasts are not useful. The statiffiel)is used to test the null
hypothesis that the unrestricted/asymmetric fotscage useless. A non-rejection of: A = 0, coupled with a rejection ofgHA = 1, provides
evidence that the unrestricted/asymmetric foredasts model U, are useful. On the contrary, a téjecof Hy: A = 0, coupled with a non-rejection
Ho: A = 1, provides evidence that asymmetric forecastsiaeless. Asterisks *, **, *** denote rejectiofi the null hypothesis at the 10%, 5%, and
1% significance levels.

4.1 Forecasting the spot price of New York Harbour Conventional Gasoline

Results for daily, weekly and monthly point foreisaare reported in Panels a), b), and c) of Table
2, where MSFE and percentage MSFE raldMSFE)%), are shown in columns 2 and 3.

Since the exact nature of the asymmetry is unknevenalso calculate the sample average of all A-
ECM and TAR-ECM predictions to form an equally waigd combination of the RFH forecasts
(Avg. Asy.).

The MSFE ratios in Panel a) are always positiveis tfor daily data asymmetric models are
outperformed by the symmetric ECM. The usefulnes&©M forecasts compared to the RFH
forecasts is confirmed by the estimates of the d¢oimdp weight,A (column 4 of Table 2). These

estimates are always close to one, suggestingatbatnbined forecast should assign a unit weight
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to the ECM, while forecasts from the models incogtiog the RFH should receive zero weight.
Furthermore, the CG tests in column 5 and 6 of @&blead to a rejection af= 0, coupled with a
non-rejection ok = 1 in 4 cases out of 5.

A look at Panel b) of Table 2 shows that in gendralresults for weekly point forecasts are quite
similar. A notable exception is represented byrtegative MSFE ratio associated with the SR-A-
ECM specification, which is on average slightly maiccurate than the ECM. Interestingly, the CG
tests indicate that the RFH is useless only for TalRl LR-A-ECM. Although the tests are
inconclusive in the remaining cases, for both A-EG@kId SR-A-ECM the estimated optimal
combining weight is close to 0.5, which supports ihterpretation that the introduction of some
form of asymmetric price adjustment in the ECM cordsult in more accurate point forecasts.
Panel c) of Table 2 shows that A-ECM and SR-A-EGive€asts are the best option for monthly
price data. If compared with the ECM, these speatifons yield a 4% MSFE reduction (see column
3 of Table 2). The superior performance of thesedasts is confirmed by the output of the CG
tests in the last three columns of Table 2. Thenasés ofA are close to zero and statistically
insignificant. Moreover, since the null hypothesiatA is unity is rejected, an optimal combination
of forecasts should assign zero weight to the syimen€CM forecasts. On the contrary, results for
the remaining models suggest that the RFH is usébegorecasting the NY spot price of gasoline.
A joint inspection of all panels of Table 2 showattthe least accurate models, as measured by the
MSFE, are the TAR-ECM, while, among the asymmdubiecasts, the best choice is either the A-
ECM or the SR-A-ECM. Lastly, combined forecastsalveays associated to quite low MSFE.

The accuracy of direction-of-change or sign forexas analyzed in Table 3. On the whole, the
specifications based on the RFH can be fruitfuligdito improve sign forecasts.

Looking at Success Ratios (column 4 of Table 3nwst of the cases forecasts from asymmetric
ECM specifications are to be preferred to symmdi@M sign predictions. The last column of
Table 3 shows that the increase in directional @ayuassociated to asymmetric ECM ranges from
0.1% for daily data to 2.1% for monthly data. Franjoint inspection of all directional accuracy
metrics in Panel b) of Table 3, at weekly frequetiey ECM outperforms most of the asymmetric
models.

At daily horizon, the overall ranking of asymmetmodels is broadly consistent with the results for
point forecasts. Asymmetric ECM specifications better than TAR-ECM, although in this case
the former class of models outperforms the symm&gGM.

The importance of asymmetries for sign forecastipgears to be particularly relevant at monthly
horizon. Interestingly, the highest average rateetdirn, as measured by the MFTR reported in
column 2 of Table 3, is associated to the TAR1 rhadd is equal to 7.5%.
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Table 3. Accuracy of direction-of-change forecasts: the N.Y. Gasoline spot price
Panel (a): Daily data

Model MFTR AMFTR)% SR A(SR)
ECM 1.512 - 76.896 -
A-ECM 1514 0.148 77.059 0.211
SR-A-ECM 1517 0.308 77.004 0.141
LR-A-ECM 1.516 0.231 77.221 0.423
TAR1 1.488 -1.609 76.327 -0.740
TAR2 1.508 -0.250 76.490 -0.528
Avg. Asy. 1512 -0.023 76.842 -0.070
Panel (b): Weekly data

Model MFTR AMFTR)% SR A(SR)
ECM 2.926 - 76.893 -
A-ECM 2.868 -1.989 76.240 -0.849
SR-A-ECM 2.910 -0.526 77.154 0.340
LR-A-ECM 2.886 -1.362 77.024 0.170
TAR1 2.901 -0.866 76.762 -0.170
TAR2 2.913 -0.437 76.762 -0.170
Avg. Asy. 2.924 -0.078 77.154 0.340
Panel (c): Monthly data

Model MFTR AMFTR)% SR A(SR)
ECM 7.376 - 81.818 -
A-ECM 7.487 1511 83.523 2.083
SR-A-ECM 7.483 1.450 83.523 2.083
LR-A-ECM 7.455 1.071 82.386 0.694
TAR1 7.519 1.940 82.386 0.694
TAR2 6.914 -6.263 80.114 -2.083
Avg. Asy. 7.460 1.136 82.955 1.389

Notes: Models are listed in column 1. Columns 2 and @asthe Mean Forecast Trading Return (MFTR, see6ff@nd the percentage MFTR ratio
defined asA(MFTR)% = 100*[(MFTR-MFTRecm)/MFTRecn], U= A-ECM, SR-A-ECM, LR-A-ECM, TAR1, TAR2, Avg. 8y. “Avg. Asy.”
denotes the combined forecast from asymmetric/tnioesi models (i.e. A-ECM, SR-A-ECM, LR-A-ECM, TARTAR?2). Columns 2 and 3 show
the Success Ratio (MFTR, see equation 7) and treem@ge SR ratio defined A§SR)% = 100*[(SR-SRecm)/SRecv]- A positive AIMFTR)% or
A(SR)% indicates that direction-of-change forectrst® model U are on average more accurate than Eg&dasts.

The highest SR, about 85% of correctly predictgdsiare obtained with A-ECM and SR-A-ECM.
Probability forecasts are evaluated in Table 4.aAtsampling frequencies, the most accurate
probability forecasts are associated to A-ECM aRdASECM specifications, which always lead to
reductions of the QPS. For these models, the C@eproe leads to estimates of the combining
weights,A, that are not statistically different from zerdjyile they are always statistically different
from unity.

Hence, irrespective of the sampling frequency, abilly forecasts from the ECM are useless.
Actually, an optimal combination of forecasts woaltiach full weight to either A-ECM or SR-A-
ECM forecasts.

Conversely, when comparing TAR-ECM against ECM, lt#ieer model is often preferred. Overall,
there is evidence that A-ECM and SR-A-ECM yield thest accurate probability forecasts.
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Table 4. Accuracy of probability forecasts: N.Y.

Gasoline prices

Panel (a): Daily data

Model QPS A(QPS)% A t(A = 0) th = 1)
ECM 0.348 - - - -
A-ECM 0.347 -0.167 -0.313 -0.587 -2.463**
SR-A-ECM 0.348 -0.086 -0.281 -0.394 -1.796*
LR-A-ECM 0.348 -0.061 -0.088 -0.114 -1.409
TAR1 0.349 0.219 0.876 2.656*** -0.377
TAR2 0.350 0.642 1.415 4.566*** 1.339
Avg. Asy. 0.348 -0.015 - - -
Panel (b): Weekly data

Model QPS A(QPS)% A t(A=0) th =1)
ECM 0.335 - - - -
A-ECM 0.333 -0.505 -0.092 -0.159 -1.893*
SR-A-ECM 0.333 -0.626 -0.348 -0.564 -2.182*
LR-A-ECM 0.336 0.243 1.728 1.415 0.596
TAR1 0.338 0.929 1.085 2.442* 0.192
TAR2 0.333 -0.602 0.221 0.622 -2.191**
Avg. Asy. 0.333 -0.476 - - -
Panel (c): Monthly data

Model QPS A(QPS)% A t(A = 0) th =1)
ECM 0.256 - - - -
A-ECM 0.247 -3.488 -1.026 -1.442 -2.847%*
SR-A-ECM 0.246 -3.676 -1.217 -1.681* -3.061%**
LR-A-ECM 0.257 0.607 2.370 1.173 0.678
TAR1 0.259 1.193 0.806 1.382 -0.334
TAR2 0.291 14.035 1.421 3.302*** 0.979
Avg. Asy. 0.254 -0.504 - - -

Notes: Models are listed in column 1. Columns 2 and @usthe Quadratic Probability Score (QPS, see Eqn8)the percentage QPS ratio defined

asA(QPS)% = 100*[(QPSQPScm)/QPScv], U= A-ECM, SR-A-ECM, LR-A-ECM, TAR1, TAR2, Avg. 8y. “Avg. Asy.” denotes the combined
forecast from asymmetric/unrestricted models A-&£CM, SR-A-ECM, LR-A-ECM, TAR1, TAR2). A negativ&(QPS)% indicates that probability
forecasts from model U are on average more acctirateECM forecasts. Results of the test of Carréerd Giacomini (2011) are shown in columns
4-5. The value ok in column 4 is the estimated combination weigisbaimted to the restricted/ECM forecast, see egué8). The statistic X€0)is
used to test the null hypothesis that the restiE@€M forecasts are not useful. The statistiz=1jis used to test the null that the
unrestricted/asymmetric forecasts are useless. rArgjection of H: A = 0, coupled with a rejection ofoHA = 1, provides evidence that the
unrestricted/asymmetric forecasts from model Uuseful. On the contrary, a rejection of: N = 0, coupled with a non-rejectiory:HA = 1, provides
evidence that asymmetric forecasts are uselessrigist *, **, *** denote rejection of the null hyplesis at the 10%, 5%, and 1% significance
levels.

The greater accuracy of some specifications baseédeoRFH is corroborated also by the result that
combined forecast are always associated with |@®8 than the ECM.

This suggests that some form of asymmetric prigastmission from the price of crude oil to the

price of gasoline should be incorporated when tihreig probability forecasting.

For both point and probability forecasts, the rissaf the CG tests rest on the implicit assumption
that the weight associated to the symmetric ECMdasts), is constant through time.

However, given the turmoil that has characterizedrgy, financial markets and, more generally,
the world economy in recent years, the assumptfaime-invariant forecast accuracy could turn

out to be very restrictive.

12



Figure 1. L ocal usefulness of asymmetriesfor point forecasts of the NY gasoline spot price

(a) daily data (b) weekly data (c) monthly data
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Notes: this figure shows the results of the CG testtlar local usefulness of restrictions for point t@sts at daily (first column),
weekly (second column) and monthly (third colunmeggiencies.. The restricted model is the Error Ctime Model (ECM), while
the model that labels the graph produces the uiutest forecasts. The blue solid line is the estédeoptimal weight. The red
dashed and the black continuous horizontal linesdeawn in correspondence Af= 1 andA, = 0, for allt, respectively. The green
dotted lines represent the 95% confidence bands.ntH hypothesigl, = 0 (A, = 1) for allt is rejected if the value O (the value 1)
falls outside the 95% confidence bands for at leastt. The null hypothesis), = 1 is used to test that the unrestricted foreisast
useless. The null hypothesik = 0 is used to test that the restricted foresasseless. Thus, rejectionAf= 1 and non-rejectio, =

0 imply that the asymmetric model is useful.

As already anticipated in the methodological sectbthis paper, this issue can be addressed with

a test of local usefulness of forecasts.
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Figure 2. Local usefulness of asymmetries for probability forecasts of the NY gasoline spot

price
(a) daily data (b) weekly data (c) monthly data
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Notes: see Figure 1.

Results for point forecasts at daily, weekly anchthty horizons are shown in columns 1, 2 and 3
of Figure 1. A joint inspection of all graphs rele¢hat the combining weight associated to the
ECM forecasts is not constant through time.

Focusing on daily forecasts (first column in Fig@iein most cases at the beginning (i.e. 2002-late
2005) and at the end (i.e. 2010-2012) of the faeeaaluation sample, the estimates\afange

between 0 and 1, that is some form asymmetric griesmission might be helpful for point
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forecasting. However, from 2005 to 2009, the peribdt includes the oil price bubble that
originated in March 2008 (Phillips and Yu, 2011 estimated combining weight associated to the
ECM model is much larger, ruling out the possipitih improve forecasts with asymmetric models.
This result is confirmed by inspecting the 95% absfice intervals. In many cases, the null
hypothesis thak; = 0 is rejected for at least one time period, &/kile null hypothesis that the ECM
should receive a combining weight equal to unitgyaser rejected.

Looking at the graphs in the second column of Fedyrwe see that the estimateddre generally
close to one starting from late 2008, meaning #itgr the burst of the oil price bubble weekly
point forecasts cannot be improved by incorporatirgRFH in the models. On the contrary, since
the estimates ok; during the period 2002-early 2008 are quite climseero, asymmetric models
might have been more accurate than the ECM. Incpéat, in the time period spanning 2006
through 2009, the GC test leads to a rejectiomeiull hypothesis that; = 1 for A-ECM and SR-
A-ECM. Moreover, since the null hypothesis that EGMWbuld receive a zero combination weight is
never rejected for those specifications, we carclooie that during the oil price bubble the RFH
would have led to more accurate point forecasts.

The tests of local usefulness for monthly dataywshm the last column of Figure 1, display a very
similar pattern, suggesting that both A-ECM and/SECM have outperformed the ECM.

To sum up, results in Figure 1 highlights that fbeecasting performance of the models is not
constant through time and that A-ECM and SR-A-ECMhhoutperform the ECM at weekly and
monthly horizon. Lastly, we notice that when theHRE captured by means of LR-A-ECM and
TAR-ECM specifications, the ECM always yields maecurate forecasts, irrespective of the
sampling frequency of the data.

The local usefulness of asymmetric models for podibya forecasting can be assessed by looking at
the graphs reported in Figure 2. The estimat@s afe more often closer to zero than to one, that is
asymmetries are useful for probability forecasti@gnfidence intervals for the estimates\p$how
that, irrespective of the sampling frequency ofdaéa, there are several cases where the value zero
always lies within the interval, while the valueeois outside the interval. For A-ECM and SR-A-
ECM point forecasts, this finding is confirmed etmajority of cases.

Our analysis on the NY gasoline spot price allosvdraw some interesting conclusions. First, some
asymmetric models yield more accurate probabilig sign forecasts than the ECM. Second, there
is evidence that the relative performance of the@®changes through time.

Third, even if the improvements in forecast accurabtained by embedding the RFH are quite
low, our results point out that at weekly and ménthorizons asymmetric ECM specifications

outperform the standard ECM.
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Table 5. Accuracy of point, direction-of-change and probability forecasts. Gulf Coast and L os
Angeles gasoline spot prices, diesel and gasolineretail prices

Panel (a): Point Forecasts

Spot prices Retail prices
Gulf Coast (GC) Los Angeles (LA) Regular (G) Rikf)
Frequency Min MSFE MedianA | Min MSFE  MedianA | Min MSFE MedianA | Min MSFE MedianA
Daily ECM 1.548 Avg. Asy. 0.662 - - - -
Weekly LR-A-ECM 1.002 ECM 1.587 SR-A-ECM 0.901 | SR-A-ECM 0.587
Monthly Avg. Asy. 0.745 LR-A-ECM  0.989 ECM 1.365 Avg. Asy. 1.750
Panel (b): Sign Forecasts
Spot prices Retail prices
Gulf Coast (GC) Los Angeles (LA) Regular (G) D)
Frequency Max MFTR Max SR | Max MFTR Max SR | Max MFTR Max SR | Max MFTR Max SR
Daily A-ECM  SR-A-ECM| Avg. Asy.  Avg. Asy. - - - -
Weekly ECM A-ECM TAR2 LR-A-ECM SR-A-ECM Auvg. Asy. TAR2 A-ECM
Monthly | SR-A-ECM SR-A-ECM| SR-A-ECM SR-A-ECM| SR-A-ECM  TAR2 TAR1 Avg. Asy.
Panel (c): Probability Forecasts
Spot prices Retail prices
Gulf Coast (GC) Los Angeles (LA) Regular (G) kD)
Frequency Min QPS Median\ Min QPS Mediar\ Min QPS  Medial\ | Min QPS  Mediar\
Daily A-ECM 0.015 Avg. Asy. 0.682 - - - -
Weekly SR-A-ECM  0.552 ECM 1.201 SR-A-ECM 0.796 A-ECM 0.648
Monthly | SR-A-ECM 0.944 A-ECM -0.195 TAR2 1.141 TAR1 0.483

Notes: in Panels a), b) and c), entries headed "min MSHR&ax MFTR", "max SR" and "min QPS" indicate theshaccurate forecasting model. In
Panels a) and c), "Mediax!' is the median of the estimatesXofrom the CG test. IA=0, an optimal combination of forecasts shouldgassinit
weight to one of the asymmetric models (i.e. A-ECAR-A-ECM, LR-A-ECM, TAR1, TAR2) and zero weight tilee ECM; vice versa, whexr1l

the optimal combined forecast coincides with thesyetric ECM. "Avg. Asy." denotes a combined foreésasbtained as the simple average of the
forecasts from asymmetric models.

Fourth, in most cases the type of asymmetric adjest captured by the TAR-ECM is useless for
forecasting. Fifth, A-ECM and SR-A-ECM appear tothe best alternatives to incorporate the RFH

in forecasting models.

4.2 Forecasting the Gulf Coast and Los Angeles gasoline spot prices, and the diesedl and
gasolineretail prices
The evaluation of forecasts of the Gulf Coast aad Angeles spot prices, and of the retail prices of
regular gasoline and diesel is reported in Table 5.
Panel a) of Table 5 shows that A-ECM specificatiars often associated to the minimum MSFE,
suggesting that the RFH might lead to more accyratet forecasts. However, when taking into
account the value of the combining weight,it emerges that, irrespective of the type of gyric
whether spot or retail, the median of the estimafes is close to one in most cases. This means
that the ECM specification actually receives fudlight in a forecast combination and the RFH does
not improve the forecast accuracy of the estimatemtlels. Although these results are not
supportive of the usefulness of asymmetries, tteey ke helpful to draw some indications on the
16



relative validity of the different asymmetric spiggations. For instance, in coherence with the
results described in the previous section, TAR-EX@btlels are never selected as the best option.
Notice that none of the asymmetric ECM clearly doetes, since the relative accuracy of A-ECM,
SR-A-ECM and LR-A-ECM depends on the series undafyais and on the sampling frequency of
the data. Moreover, the combination of forecastsnfthe asymmetric models often leads to the
highest MSFE reduction, thus reinforcing our coemun that the empirical evidence of superior
forecasting performance due to the RFH is scarcetlaat none of the asymmetric specifications
taken into account can fully describe the pricegraission mechanism from crude oil to petroleum
products.

In the case of sign forecasts results are quiterdiit. From Panel b) of Table 5 we see that the
RFH vyields more accurate direction-of-change fasexan 19 comparisons out of 20. The
asymmetric ECM specifications are more often asgedito higher MFTR or SR than the TAR-
ECM models. Consistently with the results for thé dasoline spot price, the SR-A-ECM appears
to be a good choice also for the Gulf Coast andAmgeles gasoline spot prices. The adequacy of
the SR-A-ECM indicates that only short-run asymimstmatter for sign forecasting.

Panel c) of Table 5 confirms these results wheadvdity forecasts are considered. Moreover, as
opposed to what has been observed for point fogdd® median value of the combining weight,
A, is more often closer to zero than to one, thdtesRFH can be exploited in most cases to produce
more accurate probability forecasts.

Notice that for probability forecasts the ECM idested as the most accurate specification only
once, while in 5 comparisons out of 10 either A-EGMSR-A-ECM minimize the QPS.

4.3. Summary of results

Table 6 provides a summary of the main resultshef gaper. Entries of this table represent the
number and percentage of comparisons according h@hwforecasts embedding the RFH
outperform the standard ECM.

Panel a) of Table 6 shows that accuracy gains dubet RFH are rare when point forecasts are
considered: asymmetric models yield more accurageligtions than the ECM only 18.5% and
20.8% of the cases for spot and retail prices,e&sgely. The presence of accuracy gains due to the
RFH is influenced by the sampling frequency of tta¢a. The largest number of cases in which
asymmetric models outperform the ECM is recorded@ithly sampling frequency for spot prices,
while it is at weekly sampling frequency for retailces.
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Table6. Summary of results

Panel (a): Point Forecasts (MSFE reductions dileetdrFH)

Spot Retail
New York Gulf Coast Los Angeleg Regular Diesel Spot Retalil Spot & Retalil
# % # % # % # % # % # 9 # % # %
Daily 0/6 00 0/6 00| 2/6 333-/- - -/ - - 2/ 18 111 -/ - - -/ - -
Weeky 1/6 167 1/ 6 167 0/ 6 00|2/6 333 2 /6 333 2/ 18 11.1| 4/ 12 33.3| 6 / 30 20.0
Monthly 3/6 500 2/6 333 1/6 1670/6 00| 1/6 16.7| 6/ 18 333 1/ 12 83| 7/ 30 233
Total 4/ 18 22.2| 3/ 18 16.7| 3 / 18 16.7|2 / 12 16.7] 3 / 12 25.0| 10/ 54 18.5| 5 / 24 20.8/13 / 78 16.7
Panel (b): Directional accuracy (SR increases dubkd RFH)
Spot Retalil
New York Gulf Coast Los Angeleg Regular Diesel Spot Retalil Spot & Retalil
# % # % # % # % # % # 9 # % # %
Daily 3/6 500 5/6 833 5/6 833-/- - -/ - - |13/ 18 72.2| -/ - - -/ - -
Weekly 3/ 6 500 3/ 6 500 3/6 5003/6 500 6/6 1000 9/ 18 50.0f 9 / 12 75.0/18 / 30 60.0
Monthly 5/ 6 833 3 /6 500 5/6 8335/6 833 4/6 66713/ 18 722 9 / 12 75.0{22 / 30 73.3
Total 11/ 18 61.1)11 / 18 61.1]13 / 18 72.2|8 / 12 66.7{10 / 12 83.3| 35/ 54 64.8/18 / 24 75.0/40 / 78 51.3
Panel (c): Probability Forecasts (QPS reductiorestduhe RFH)
Spot Retalil
New York Gulf Coast Los Angeleg Regular Diesel Spot Retalil Spot & Retall
# % # % # % # % # % # 9 # % # %
Daily 4/ 6 667 4/6 667 1/ 6 167 -/ - - -/ - - 9/ 18 50.0 -/ - - -/ - -
Weekly 4/ 6 667 3/ 6 500 0/6 00|2/6 333 2 /6 333 7/ 18 389 4/ 12 33.3|11 / 30 36.7
Monthly 3 /6 50.00 3 /6 500 4/6 6673/6 500 3/6 50010/ 18 55.6/ 6 / 12 50.0/16 / 30 53.3
Total 11/ 18 61.1|/10 / 18 55.6]| 5 / 18 27.8|5 / 12 41.7| 5 / 12 41.7| 26/ 54 48.1/10 / 24 41.7|127 | 78 34.6

Notes: entries in this table represent the number andepé&age of comparisons for which models incorpogatite RFH lead to more accurate point (Panel gy @anel b) and
probability forecasts (Panel c). Columns headedc&t' be read as follows: “no. of cases / no. ofgamisons”, where “no. of cases” corresponds tontimaber of comparisons in
which asymmetric models outperform the ECM. Rovedeel “Total” sum over the “#” columns. Percentagesbased on those figures. For each series arglisgritequency the
figures in the table represent the forecasting @ispn of the ECM against the following asymmetniadels: A-ECM, SR-A-ECM, LR-A-ECM, TAR1, TAR2, Avdsy..
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Figure 3. Local usefulness of asymmetriesfor point and probability of spot and retail prices
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Notes: this figure summarizes the CG test for the lacsdfulness of restrictions for point forecastsstfcolumn) and probability forecasts (second
column) at monthly frequency, and for spot pridést(row) and retail prices (second row). The gaega is the spot price of WTI crude oil, the red
line is the median of the estimates of the opticmahbining weight/; (i.e. the median of the estimatesjpfrom the comparison of all asymmetric
models against the ECM, for both spot and retades), the black dashed lines are drawn in corredpace ofA, = 1 andA; = 0. When/; = 1,
forecasts from asymmetric models are useless. Cselyeif A, = 0, ECM forecasts is useless. Median estimatdslofver than one and larger than
zero indicate that combining asymmetric and ECMdasts leads to more accurate predictions.

These results are confirmed by the graphs repamt&anels a) and c) of Figure 3, which illustrate
the dynamics of the median value of the estimatéiseocombining weight), for point forecasts of
spot and retail prices. Some interesting consigersitcan be made. First, Panel a) shows that the
median estimate of for spot prices is between zero and one mosteofithe.

This evidence implies that forecast combinationhhigad to more accurate predictions. Second,
after the collapse of WTI price in 2008, the medestimate of\A is close to one, in which is
equivalent to say that in this period the RFH wasless. Therefore, the ability of asymmetric
models to improve the accuracy of monthly poinetasts of the spot price of gasoline is time-
varying, and it is higher when the level of oilgaivolatility is low. Third, the median estimaterof

for retail prices reported in Panel c) is alwaysselto one, meaning that the RFH is almost useless.
Results for sign forecasts are completely differ®anel b) of Table 6 illustrates that asymmetric
models lead to more accurate forecasts than the BECMost of the comparisons. As for spot
prices, this happens 64% of the cases, and moea &b monthly and daily forecasts than for
weekly forecasts. When retail prices are considdtes percentage increases to 75%, and does not
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change with the sampling frequency of the datatl{,a&e notice that the directional accuracy is
higher for the price of diesel than for the pri¢eegular gasoline.

The results for probability forecasts are simitathe findings obtained for sign forecasts (Panel

of Table 6). However, the number of cases favoerdabl asymmetric models is slightly lower.

Accuracy gains due to the RFH are more frequentéilly and monthly data. Moreover, Panels b)

and d) of Figure 3 illustrate that the relativelw@ecy of models changes through time.

5. Conclusions

Should we care about the Rockets and the Feathlkees viorecasting the price of petroleum
products? While we believe that more work in thisaais necessary to confirm our findings, our
concise answer to this question is mixed: “yes”dign and probability forecasts, “no” for point
forecasts. Our results have also highlighted that forecasting performance of the estimated
models is time-varying and depends on the sampilegguency of the data.

Consistently with Bachmeier and Griffin (2003), Wwave shown that models based on the RFH
have limited value if the aim is to produce acceidint forecasts. More precisely, according to our
results, A-ECM forecasts are at most as accuratieealsenchmark forecasts obtained by a standard
ECM, while TAR-ECM have always been ranked ladeims of forecast accuracy.

However, we have documented that direction-of-ckafayecasts from asymmetric ECM often
outperform those from the benchmark ECM. Theseltes$wold for spot price data at daily and
monthly sampling frequencies and for retail priegies. As shown by Leitch and Tanner (1991),
directional accuracy is highly correlated with grefits that economic agents can make by relying
on a given model. Therefore, the accuracy metsesiun this paper, namely MFTR and SR, can be
interpreted as economic measures of performanceh®ibasis of our findings, investors should
rely on direction-of-change forecasts from A-ECMedfication in order to design profitable
market-timing trading strategies.

In the case of probability forecasts, asymmetridvEgerform significantly better than the ECM, at
all sampling frequencies for retail data, whiledatly and monthly frequencies for spot data. This
result suggests that the design of forecast saendar gasoline and diesel prices might be
improved if the RFH is taken into account.

Moreover, the Carriero-Giacomini test shows that trelative forecasting performance of
symmetric and asymmetric price transmission mogei®t constant through time at all sampling

frequencies and for all price series. This imptlest the usefulness of models has to be evaluated

20



conditionally on the state of the crude oil markaid that the forecasting performance of each
specification changes through the business cycle.

The result that TAR-ECM specifications are oftenpeuformed by asymmetric ECM reveals that
the way the RFH is described is important for mduaglding. This finding is reinforced by the
result that forecast combination from different ralsdoften leads to forecast accuracy gains. Lastly,
we have shown that the RFH is more useful at dailg monthly sampling frequency than for

weekly data.
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