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A ABSTRACT -

This study evaluated the forecast accuracy of o?er—thé-cohriter, (OTC) 'lﬁxtul;e natul;él' .
gas price indications for two Canadian gas markét.'cén‘trevs:' the Sumas hub near VAancduVer,A
British Columbia, and the Alberta Energy Company (AECO) hub in south-east Albérta. The
accuracy of both scés_ohal and mohthly price projc,ctidhs vw"crc examined for vtvhe' two 'hubs".’ |
separately, and in comparison to each other. Thev statistical vsi‘grlliﬁc‘ancel bgf hub locati?n,
seasonality, and the point in time at which OTC pricéAprediC"tions are made were in&estigatcd E
using step-wise multiple regressiorn and dummy vafiablés. .Rolling average 'mcdivan forccast i |
errors were calculated to‘dcterminc if OTC forcéast acéuracy' improved at theb two hubs' over
the study period.

Regression results dcmonstratc that fhe ‘independent vaﬁablcs sclécted' play» no
| ;‘tatistically significant role in determining the predictive accuracy of OTC. naturalrgas_
commodity price projections.. This conclugion apprlicsi to bdth seasonal and‘ncar-m-onth price
projections. : | |

The rolling ‘median average showed that there is appa'rent learning occﬁrring‘ byv' :
“market participants at 'bofh' the AECO and Su‘mas market éent_rcs. That is, average prédiétion
errors declined over the study pcﬁoZl, indicatihg that OT;C;pricc projéctions are improving.’ |
Less improvement in forecast accuracy was evident for the Sumas inde’i, eviﬁc’:ed by
continued significant errors for each rolling aQérage pgribd examined. This ié the result .of |
Sumas being more thinly traggi’ than AECO; aﬁd bccahsé Sumas is less physically connected
than AECO to the broader North American natural gas transportation and storage

inﬂaséructure. This obscfved improvement in forecast accuracy is surprising in light of the |
statistically insignificant results obtaine?iﬁough the regression analyses. Therefore, the
forecast ability of OTC natural gas market participants must contimfc to improve if

%tically significant results are to be obtained with the sort of analyses performed in this

study.

i



N

The study provides further insight into price behaviour in the Carladian natural gas
industry. Given the multi-billion dollar magmtude of the industry, even a slrght 1mprovement
n understandmg of pricing dyf'ﬁncs and a better a{fprecratron of forecast bras has?
tre'mendous cost implications for all manner- of market participants. The next level of -
analysisl recommended — the explanatiorr,gf why forecasts ’deviated to the extent they did _' :

from actual prices — would provide further insight into the workings of OTC markets and

price forecasts.
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CHAPTER ONE
, ' o ,
INTRODUCTIQN

A

Significance of the North American Natural Gas Market

N

In 1998, Canada consumed 2.6 trillion CUblC feet (Tcf) of natural gas, while the

Umted States consumed 21.3 Tcf, for a total continental consumpnon of 23.9 Tcf, or about

22,000.PJ (Natural ‘Resourcwe”s Canada, 1999). Of this volume, 5.1 Tcf was consumed by

residential customers; 35 Tef was consdmed by commercial ‘establishments; 11.8 Tcf was
used by industry; and 3.4 Tcf was used by ntilities to produce electricity. Ifa representaﬁvé
a\;erage .gas price across the continent of $3.0d Canadianr ner thousand,qubic feet (Mcf) is
assumed, the dollar value of the North American natural gas commodif}ul/n{ai;ket is estimated
to be over $70vbi11i’0n Canadian. |

The fphysi'cal and dollar volumes of natural gas traded annually are obviously

enormous. BC Gas, the natural gas distribution unhty whlch serves the majority of British

' Columbla spends over $800 million dollars annually on gas commodlty and related costs to’ |

serve its 750,000 core market customers (BC Gas Inc., 1999).

North American Natural Gas Industry Evolution

Significant changes have occurred in natural gas pricing since the Canadian natural’

gas industry was deregulated in 985. Prior to de-regulation, a smalltaumber of pipeliné'

4companies purchased the majority of Canadian gas production under long-term.contracts.

This gas was then re-sold and delivered to local gas distribution- companies (LDC’S)* -

_
N\

(Petroleum Communication Foundation, 1996).

N : | A ’
. ) - . .
- -~Natural gas commodity-prices are no longer regulated by, government agencies.
P Y - . S

Instead, market forces have been allowed over time to play a greater and greai{r role in

~ establishing more transparent and realistic energy prices. A host of new buyers and sellers

has appeared in the gas marketplace as well, including agents, brokers, and marketers. Along



S ‘/ |
with ne\; market participants and grez_fterhmarket' liquidity haa come the esta)bljshrn,ent ‘of
pric_ihg points — often referred to as “hubs"" — which provide foci for buyihg and sellihg _

\agtlvmes and clear reference prices for all to observe and use (Brent Freldenberg and
Assocnates 1998a de Vany and Walls, 1995). Although deregulatlon has been demonstrated

: to have reduced North American natural gas prices, the new market structure has created new -
market risks as well (Henning and Ste‘wa-n', 1996).

| Qne of the most significant developments in gas pricing occtlrred in April 1990 with

the establishment on the New York Mercantile Exchange (NYMEX) of the first natural gas
futures contract. Treat (1990) and DeVany and Walls (1995) describe in detail the history of
the NYMEX contract’s evolution and its particulare. The delivery point of the gas sold gnder
the NYMEX contract was chosen to be in southern Louisiana, at the Henry H{uﬂb, a pip;\line

“interchange near large production anti consumption areas. The Henry Hub began operating
in Mak 1988, and connects seven interstate pipelines, two intrastate pipelines, and one gas
gathering system. The nearby offshore and enshore U.S. Gulf of Mexico natural gas fields
currently yield nearly one-half of the continent’s gas production. The high/degree of market
interconnection, the large number of buyers and sellers in the region, and the high levels of
gas production have made NYMEX the benchmark continental gas market price. Prices in
other reglons are often referenced to the NYMEX price, in terms of the differential to the

- NYMEX contract. | | .

Gas futures contracts offer buyers and sellers the ability to manage the price risk
associated with the natural gas commbdity (Energy ERA, January 1997, June 1999). A
common practice is to buy gas on contracts in the “forward market”. A forward contract i;a,,ﬂ/ "
commitment to buy (long) or sell (short) at a apeciﬁedtdate, and at a price epeciﬁed at the
origination of the contract. The: prlce in such an agreement is referred to as the “forward

price”. " The “forward curve” {¥the sequence of future yields. corresporrdmg to the floatmg | .

reference rates of a portfolio of forward contracts (Diike Energy Power Services, 1998).

\ A

N
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While NYMEX acts as the North American benchmark price, numerous other hubs
have also evolved sinc;a de:egulation. While many hubs have been in existence and
widespread use for less than a decade, they are heavily relied upon in making commodity-
related decisions affecting millions of coﬁsumers and billions of dollars annually. The
importance of hub-based pricing has further increased with greate§¢use of sophisticated
financial instruments, such as derivatives? price collars, swaps, and heages of various sorts.
~ (O’Neill, 2000; Walls, 1995)

Although widely used by a variety of natural gas industry participants, some parties
view forward curves to be little more than speculation. That is, they see little reality in the
forecasts of future prices inﬁerent in these curves, and hence downplay their utility. Other
parties are accused of relying too heavily on the forward market, and not enough on
underlying industryjﬁlr;damentals, in their buying and selling decisions (Energy Era, 1998a;

Chan, 1999).

Over-fhe-Counter versus Futures Markets for Natural Gas

While some forward market indications exist at such exchanges as the NYMEX and
the Kansas City Board of Trade, such natural gas pricing information is limited to only the
most major natural gas “hubs” or market centres on the‘continent. There is little puBlicly
quajyrrdma on the forward price indications for other, less actively traded market centres,
even though very large volumes of gas are bought and sold at such locations.

The over-the-counter (OTC) market is another deveiopmént that has resulted from
the deregulation of the North American natural gas market. An OTC market operates
through dealers, or “micidlemen”, rather than throughka formal exchange entity, such as
NYMEX. OTC market dealers stand ready to bﬁy or sell a given security on request,
providing to buyers and sellers the benefit of being able to perform immediately desired

transactions, rather than having to expend the effort themselves to locate parties wishing to

do business.



While a given buyer or seller of gas i's free to obtain price indications ﬁom the
Yarious parties involved in the OTC market, it must select which party or parti;s to c}btain
sucll;information from; must often expend time and resources to do so, and does not know
how accurate such predictions cf future prices may be. Because OTC price quotations are
confidential information provided between trading counter-parties, it is not possible to
conduct ex-post analyses of OTC price indications in the same manner that NYMEX figures
can be examined. Therefore, only active energy traders are able to determine —through both

trading activity and in-house analyses — how reliable OTC predictions are.

P
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p | CHAPTER TWO

LITERATURE SEARCH

-

-
Databases in the North American university library systems and the Internet were

-,

‘searched electronically using such key words and phrases as: “natural gas prices”; “natural

9, <

gas forward curves"’; “natural gas forecasts”; “natural gas options”; “over the counter
markets”; and “energy commodity trading”. A great many references Were located related to
energy market ‘deregulation, energy commodity' trading in Mgeneral, and energy price
forecasting (e.g.s., Labys and Granger, 1970; Brealey, et al, 1986; Chance, 1989; Treat,
1990; Foti and Dention, 1996). Numgrous studies and texts also exist on energy démand and
price forecasting#echniques (e.g.s., Labys and Granger, 1970; Douglas, 1987; Claﬁss; 1996.)
However, relatively little publicly available research exists on the utility of natural gas
forward curves in a post-derc%ulation environment. The only references found relating to
this specific topic werg those pr~epared for clients by private sector consultants (e.g., Energy
ERA, 1997c, 1999). A discuésion of the references most relevant to this stu_dy follows.

Hartzmark (1991) examined the ability of both commercial and non-commercial (ie.,
speculator) commodity traders to earn éonsistently positive profits. The study examined niné
various sorts of markets, with seven of those beingy agricultural or Livestock markets. The
remaining two markets welre those for U.S. treasury bonds and US 90-day treasury bills.
The author concluded that the empirical evidence provides “litle support” for the hypothesis
thét commodity futures traders.possess the ability or skill to make money consistently in
these futures markets. Ngtably absent from this study was an examination of the ability of
energy commodity traders. While the natural gas futures market waévery young‘in 1991, oil
had already been traded on the wdrld market for many years by that point.

Doane and Spulber (1994) uﬁdertook an empirical analysis of U.S. wellhead spot ’

=y

prices to examine the effect of transmission pipeline open access on the geographic scope of



the U.S. spot n1arket for natural gas. This study used monthlx spot price da¢a for the ;984 to
1991 period, and applied and compared three statistical tests: price correlations, Ganger
causality, and cointegration. Hartzmark looked -only at U.S. producing basins, and did not
examine the integration of market centr::\.\‘ﬂv'é study found that the open market access
created by deregulation had linked rt;gional U.S. wellhead markets into a broader,
cornpetitive natural gas market. The authors also demonstrated that the introduction of
. competitive buying and selling of gas at the wellhead throflgh opén access effectively
removed any incent;ves to continue long-term contracts bet\:een natural gas producers and
transmission pipelines, a development whicn irrevocably altered North American natural gas
market dynamics. )

Walls (1995) tested a form of tne efficient markets hypothesis in the market for
natural gas futures using NYMEX futures contract data. Rather than focusing on only one
location, Walls conducted his tests of market efficiency at numerous locati-ons. These
consisted of the U.S. natural’gaé spot market, namely tne Henry Hub in Louisiana, which acts
as the delivery point of the NYMEXi;’g{ures contract; eight majog, transmission pipeline
interconnections across the U.S.; and city gates at Chicago, California, and the Midwest.
Walls concluded that the NYMEX futures market price “is generally consistent with the
efficient markets hypothesis; that is, the futures market price is ‘an unbiased predictor of the
future spot price” at the Héni’y Hub. Walls alSo demonstrated that the NYMEX futures
market price was an unbiased predictor, up to transmission costs, of spot prices at most of the
other market locations examined.  Interestingly, for the purposes of this study,‘the
hypothesis of market efficiency was rejected for the I\forthwest Pipeline sys}tem in the
Rockies region. This region is a major source of supply. to U.S. Paciﬁc Northwest gas
buyers, competing with gas sourced at the Sumas hub east of Vancouver, B.C.

De Vany and Walls (1996) applied to the U.S. natural ’gas market a model of the law

of one price for a network in which many markets are linked with a structure of paths. The

law of one price holds if path(s) exist over which the commodity in question can flow to



bring prices at two points on the network within arbitrage limits. Many arbitrage paths

would reflect a strong market network for the commodity. The research demonstrated that

the structure of the network greatly determines both arbitrage-free prices and dynamic prices.

Based on their analyses, the authors concluded that local bypass and open access pipeline
transportation created a sufficient number of arbitrage paths to city natural gas markets to
cause city market prices to converge across the U.S. In othef words, the authors concluded
that in the wake of U.S. natural gas market deregulation, city gate and wellhead prices
converged to one market. While the r!:searchers determined that the network law of one
price holds over mést of the natural gas rzarkets in the U.S. network, arbitrage paths
insufficient to enable full mark&t connection to occur existed for some markets. It is
noteworthy that the Seattle city gate was discovered by the authors to be one of those pd&&l{
conn;bted markets. Gas distribution utilities that serve the greater Seattle area and
immediate surrounding regions purchase much of their gas at the Sumas hub.

Canada’s National Energy Board (NEB) referenced the earlier work of De Vany and
Walls in its assessment of the degree of price convergence in North American natural gas
markets (National Energy Board, 1?95). The NEB expanded the earlier research to include
Canadian producing basins and export points. Statistical analyses of price behaviour were

"

conducted on Canadian and U.S. nat(;;i gas market data to assess how ‘“connected” jthe
y S
Alberta producing region price was to prices at Canadian export points and to selecte@/%

S
hubs. This study showed that the degree of integration of the North American natural gas
markets has increased since the start of deregulation. The NEB observed that, as of the mid-
1990s, an east-west continental market split existed, with Alberta prices being more strongly
linked to the western U.S. natural gas market than to that of the eastern U.S. The NEB study
also demonstrated that the degree of connect“ion between continental markets waxes and

wanes over time, depending on supply and demand dynamics, and whether or not sufficient

transportation infrastructure exists.



‘/alls’ 1995 study used the mathematically rigorouswapproach of developing

augmented Dickeuy—Fuller t-statistics. His conclusion that the NYMEX futures price was an

objective predictor was confirmed by Calgary-based &nergy consulting ﬁrm Energy ERA
(1997¢). Energy ERA calculated the median predictio ,"‘Lerror for NYMEX mo}nthly contract
prices for th period from the inception of the contract April 1990 to Januafy 1997. Because
the median prediction error was exactly $0.00, th:; NYMEX futures contract was
demonstrated to be an objective predictor of price over this period.

Energy ERA re-visited thrs study in 1999 (Energy ERA, 1999), and this time
examined both the mean and median‘daily prediction errors for the‘NYMEX price for the
200 days befd the close of trading. The mean,si;g&was found to be minus three cents,
meaning that there tenried to be a minor under~pr'edvi‘ction- of price. S ﬁnder—prediction
was not, however, statistically significant. The median prediction error wasalso found to be
small, positive 2.2 cents. The positive median error was expected given that the distribution
of errors was lognormal; that is, natural gas prices are able to move upwards to a)l‘ greater
extent than they can move d‘own, given the inherent ;olatility and physical limitations of
natural gas pricing (Energy ERA, 19§7b) In times of;] tight supply — that is, during periods
of very cold weather — buyers would pay whatever is required to ensure that they or thelr
" customers do not go without energy. Full transportation costs plus a high commodity cost
would need &o be paid during such times, and no price ceilings exist to limit the extent to
whlch prices could rise. Conversely, durmg times of low demand, producers would not sell
if they could not make an acceptable proﬁt meanmg commodity price floors exist at
producing basins. As well, during times of low market demand, pipelines may be shlppmg
for far less than their full demand tolls, oftentimes recovering only the variable costs of
operating their lines. Variable shipping costs thus act as a floor on transportatron pricing.

Energy ERA -( 19983) also assessed the utility of various forecasting techniques in

determir!ring natural gas prices. The inherent volatility of natural gasmﬁkets makes it ‘

difficult to use charting techniques and other technical analyses to forecast prices.
_\
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Nonetheless these techniques continue to be used by many parties, even though this approach
ignores market fundampntals and relies instead only on historic price and trading volume

data to assess future gas commodity prices. The ﬁresence of speculation funds in natural gas

markets is-increasing as technical analysis has proven successful for them. An increasing

number of commercial players (that is, producers and buyers) are basing market-timing
der:isions on technical analysis. Although inéreasing use of such analysis ‘may cause gas
markets to exhibit les§'lstrong and less predictable cycles tharr in the past, actual price le\?els
will continue to be key in market decisions. |
Recognising the limr;t\ations of technical analysis,-one srudy attempted to apply chaos
theory to historical NYMEX futures prices to determine if order existed in the random-
looking futures curves (Chwee, 1998). Even this errrergent science could not find what is
termed deterministic chaos in the most established of all natural gas forward markets.._
fﬂz\ The U.S. Gas l};search Institute (1998) inalysed nine key factors that shape North
American natural gas“'rr:jets. This study cited the development of an active natural gas

futures market as “one of the major developments in gas markets over the last decade”. The

r

3 . .

study noted that while commercial traders can and do use futures markets to speculate, these
markets are predominantly used by these same traders to hedge future prices. The
development of futures markets introduced market psychology as a new factor in the

determination of continental natural gas prices. Market perceptions are altered greatly by the

type, timing, and amount of market-related information available. Factors that affect ma'l%et

perceptions include changes in weather and major weather events such as hurricanes; energy

industry strikes; pipeline failures; increases and decreases in industry drilling activity; and

el

natural gas storage levels. A myriad of factors thus shapes the views of marl;% partrc1pants
whose buying, selling;” and other trading actions develop the forward curves. The Institute

noted that the natural gas market structure continues to evolve; that the level of participation

in natural gas financial markets continues to increase; and that natural gas/ market |

participants continue to learn from history and adapt to the onéoing changes in the market.
e

e
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Literature Review Conclusions E

‘It is evident that a great deal of research haé i)een performed on cbmmodity trading
and commodity futures. Even though the NYMEX futures contract is less than a decade old
at the time of writing, a relatively large amount of research has already examined its -
behaviour and evolution. | i

Since the advent of gas market vderegulation in North America, a significant amount
of research has examined the evolution of continental prig'&e integration and related pricing
dynamics. _The bulk of this research has focused on U.S.$roducing areas and markets;ﬁA
comparable amount of research has not been conducted on Canadian market centres and
supply basins, despite the fact that Canadian gas supplies are an important and growing\
fraction of total U.S. natural gas consumption.

It 1s also clear that various types of price forecasting methodologies have been
invented and researched fox(l)})th energy and non-energy commodities.

Studies to-date have general'ly focused on yearly price changes or on examination of
near-month prices. Thesg does not yet appear to have been an examination of seasonal
prices, either in terms of their evolution in the wake of derégﬁlation, or their forecasting.

The natural gas futures market isﬂyounvg, ard it is intuitive that market.participants
have learned a great deal since gas trading began almoét a decade ago. (With the advent of
ne§v and ever more powerful computers and related software, it is expected that tradigg
ability is cpntin‘uing to improve. It is also evident that knowledge about the workings of the
continental natueg) gas market continués to increase.

Given the huge size of the North American natural gas market, i‘tvcould be assumed
that a great deal more research would have been done than it appears. It is more than likely
that much natural gas-related research has in fact béen performed, but that sﬁch research has
been done by the private sector either internally or through confidential client studies by
consultants. Given the commercial sensitivity of such information, it is not surprising that

relati{'ely little research of this nature exists in the public domain.
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~ The gas market hubs examined by this research and the specific research qdestions

azcd are aimed at further explorinig the dynamics of the evolving North American natural

gas market. °

Potential Utility of the Research Results
——
Establishment of a degree of confidence in the predictive ability of forward curves

g

and the rationale behind such assertions would benefit the numerous parties buying and

selling natural gas in North America. Research along these lines would ideally have the

potential to:

indicate the degree to which forward curves can assist in the forecasting of natural gas
prices by various parties, such as gas distribution utilities and power éenemtors.

illustrate the relative forecast accuracy between seasonal versus hly prices, "and
between winter and summer seasons. This would aid natural gas arbitfége activities and
gas cost minimisation initiatives

determine which variables are most'key in predicting future natural gas prices.

determine if OTC price predictions are becoming more accurate over time.

assist in the education of parties new to the energy industry, and particularly fo energy

commodity ti‘ading.
provided}urther insight into the ongoing evolution of the North American natural gas

market.

-
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CHAPTER THREE

METHODOLOGY

Selection of Cas Market Hubs to Study
Two Canadian pricing hubs, or natural gas ma{ket centres; were selected: AECO and

Sumas.

The AECO Pricing Hub

The first hub selected for analysis is the AECO/NIT (“AECO”) hub in southeastern
Alberta, which acts as the major pricing hub for domestic and export Alberta gas sales.
AECO is the industry term given fo an_ interconnection point of gas gathering and
transmission systems in southeastern Alberta. This hub i1s named after the Alberta Energy
Company (AEC), one of the largest gas storage operators in the region. “NIT” refers to the
NOVA interchange transfer point where gas from the Alberta gathering system — i.e., the
NOVA pipeline system — connects to the export pipelines leaving the AECO area.

Gas is exported from Alberta on the major pibeline systems of Traquanada
Pipelines, Alberta Natural Gas, and the Foothills Pipelines/Northern Border Pipeline'
Company. Alberta exports almost 11 Bef/d out of province to Canadian and U.S. markets, or
five times ‘the flow on the Westcoast system (Natural Resources Canada, 1999). Gas from
AECO flows southwest to California markets; southeast to U.S. Midwest markets; and
eastward to Canadian and northeastern U.S. markets. AECO is also located near severalv
large gas storage facilities. Such storage is filled during lower demand summer months, and
the stored gas used to meet the higher demands during the winter heating season. Use of

storage in this manner helps dampen seasonal price volatility (Herbert et al., 19)97).

The Sumas Pricing Hub
The Sumas/Huntingdon (“Sumas”) hub is the second market centre examined by this

research. Sumas is located east of Vancouver in the Fraser Valley of B.C. where the
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Westcoast V‘Energy ‘In’c. (WEVI) pipelin'e. inter-connects With:"'the US NojrthWestfPipehi%te ,
(NWP). system The WEI pxpelme is a two. bllhon cubic feet per day (Bcf/d) sy$tem thatl; |
ships natural gas from producmg areas m north-east B.C. south to both B.C. and u. S export‘-
markets NWP shlps gas from Sumas southward to markets in thc U.S. Pac1ﬁc Northwest :' | “

and connects w1th other major transmlssmn systems dellvermg gas to California. NWP also

dehvers gas from the U.S. Rockles gas-producmg reglon west to the Pacific Northwest

BC Gas, the provmce ] largest gas dlstnbutlon utlhty, connects its Lower Mainland

.-

gas dellvery system to Sumas. Sumas is thus the most important pricing point for B.C., and " .

an rmportant hub for the U.S. Pacific Northwest as well -Utilities, energy marketers and,

;
large gas consumers (such as large commerc1al operations and mdustrlal facilities) in the

reglon purchase significant portlons of thelr gas requirements at the Sumas hub. The
Vancouver market area is unique in North America in that it is the only large urban area that

does not have natural gas storage facilities located in its immediate vicinity. This is in -

contrast to the U.S. Pacific Northwest local natural gas distributign companies (hDC’s) who
have large storage‘facilities in or very ,near their ser\rice' areas. This is also in contrast to the
AECO hub, which gained prominence as a natural gas trading point in part because of its
proximity to gas storage facilities. |

These particular hubs were .selected 1argely because they are of great interest to
Canadian buyers and sellers of natural gas, and relativei)r little research has been performed

to-date on Canadian market centres. As well, the different market characteristics of the two

hubs allows for a more interesting comparison of the relative impag of the different variables

-
P

affecting gas Af)rices.
Any examination of Canadian natural gas markets would, of course, have to include

AECO. The inclusion of Sumas provides an interesting foil to AECO because Sumas is a

newer, less liquid hub, and because the physical infrastructure surrounding the two market

centres is very different. Sumas is located amidst a region where north-south gas flows

predominate. Much of the gas consumed in the Pacific Northwest region originates in

13



northeast B.C., and flows south to such major markéts as Vancouver, Seattle, and Pdrtland;' o

Compared to the export volumes that flowed at Sumas and AECO, relatively Alitt_l‘é-feast-\\;f'gé{r .

movement of gas occurred across the Alberta-British Columbia border over the 1994-1999

study period. In contrast to Sumas, AECO is connected to a variety of Canadian and".U.S. "

markets through a number of different, highfvolumgj”transmiésion- pipeline, systems.

Therefore, natural gas is purchased at AECO by a much greater number Qf. buyers,vand.

AECO gas is sold into a much larger market area than is Sumas gas.

Research Questions to be Investigated

The research conducted by this study began by asking a number of questions -

regarding natural gas markets at the AECO and Sumas hubs. These questions are designed
first to determine the relative utility of OTC gas ‘market indicators at each of the two
respective hubs. Second, the questions are aimed at revealing-which variables are most
signiﬁcaﬁt in determining the accuracy of OTC price projections. |

Question 1: Are AECO OTC Price Indicators More Accurate than Those for Sumas? - .

AECO OTC price projecﬁons are expected to be moré accurate predictors of future .

price than those for Sumas because of the greater market liquidity at AECO. This prediction '

is based on the fact that a great deal more natural storage capacity exists at or near the
Alberta hub than in the Sumas region. - As well, a much greater number of intra-prdvincial

and export pipelines inter-connect at AECO than at Sumas, and much higher volumes are

traded. Daily flows at AECO during the winter heating season are in the order of 13 billion ,

cubic feet per day (13 Bcf/d) while at Sumas they are slightly under 2 Bcf/d (Nafural
Resources Canada, 1998, 1999). s

Question 2: Are Summer Season Price Forecasts More Accurate than Winter Season
Price Forecasts?

. A : L . ‘
It is postulated that summer season forward curve projections are superior to those

made for the winter season for two reasons. First, there are seven months in the gas summer

ry
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versus five in the winter, allowing a greater “smoothing” of month-to-month price
fluctuations. Second, and more importantly, summer season gas demands are generally less
“peaky” in nature as the weather extremes in the April-October period are less severe than -

those encountered in the November-March period. Consequently, lower summer] demands

'mean that it is much less likely that gas supply constraints and associated price “spikes? will

occur in the April-October period than in the winter rgLaS’s‘eason.i The study ééeks ts\); o
determine if summer OTC price predictions are more accurate'than those made for winter
season prices. - |
Question 3: Does Forecast Error Improve Nearer in Time to the Pfiée Finalz’saéion
Point?

It is intuitive that price projections forecasts made closer to thé time at whicﬁ natural
gas prices are actually established should be ;mofe‘ accurate than those made earlier in time.
This study seeks to determine if the time at which priée projections are made is a significant
determinant in the accuracy of OTC predictions. |

Question 4: Has the Accuracy of' OTC Price Prbjéctions Increased Over T ime?
For a number of reasons it ié postulated that natural gas price forecasting, aé :

Fa) . . , o
has become more accurate over time. First, all

represented by OTC price predictiops,Aias become more accurate over time. First, all

—

e

industry players are now much more! familiar with the mechanics of a de-regulated

marketpiace than they were even'; few years ago. There is greater familiarity with the
physical infrastructure involved (e.g., pipeline locétions, storageA facility capacities and
delii{/erability); with markets (continental regions, and customer types); and with the industry -
players (traders, shippers, pipeline companies, etc.). tis expectéd that since deregulation of
the natural gas indﬁstry first began in Qctober, 1985, ilndustry participants would have
developed in-house expertise in trading, purchasing, forecasting, and other fields that would
allow them to participate more effegtivély in the marketplace. As the continental gas

delivery and storage network continues to grow and evolve, the various producing basins and

demand regions in North America continue to become more and more inter-connected.

(s

wa



Increasing inter-connections means increased market 'liquidity and prieé'/transpareney acrdss
the continent. Fmally, it is antrcrpated that the vanous producers and users of OTC pnce
~ indications have learned from any past errors they may have made. Forecast accuracy over
time will be exammed to determine if there are any. mdlcatlons that mdustry participants

have indeed “learned”.

- Data Collection

AECO has been in existence as a market centre, and has been more widely traded,

longer than has Sumas Accordmgly, a greater amount of historical OTC data were available -

for AECO than for Sumas. i

\ "‘1 Monthly AECO OTC data were obtained for the period November 1994 to June

1999, providing a sample size of 54. Sumas monthly OTC data were only available for the ,

penod March 1997 to June 1999 yleldmg a data set of 28 monthly pnces For each monthly

index price in the data series, four projections were examined: the pnce prOJectlon made four -

weeks prior to the start of that particular month; three weeks back from the start of the next
month; two weeks‘ back; and one week_back. When these time periods coincided 'with
weekends (when OTC trading does not occur), the price of the Friday prior to the weekend in
question was selected.

Far less seasonal than monthly forecast data exist for both hubs, and again more data
were available for_AECQ than for Sumas. Summer OTC gas price indications were available

for the years 1995 to 1998 inclusive for AECO, and for only 1997 and 1998 for Sumas. Five

sets of winter gas price projections were available for AECO, from 1994/95 to 1998/99

inclusive. Three sets of winter price projections were available for Sumas, 1996/97 to
1998/99 inclusive.

Historical OTC data in the possession of BC Gas provided the numbers used in this
research. OTC indications are confidential information shared between the entities doing the

gas trading transaction,; the buyers and sellers are known as the trading counter-parties. The
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identity of the /’énergy traders used by BC Gas cannot be revealed due to the sensitive
.c'ommercial nature of the information, and because BC Gas does not-want the counter-parties
with which it has beén trading to be identified (Chan, 1999.) The OTC data used were
therefore masked by averaging three separate parties’ OTC projections fé; each forecast.
Such averaging of counter-party price quotations also helped remove any inherent bias that
particular energy trader; may have.. .It can be mentioned, though, that the research employed
the OTC price indicatidns of eight different energy trading companies. Table 1 list natural |
gas traders who were actively involved in trading at either Sumas or AECO o; at both hubs
over the study period. Appendix A is an example of the sort of pricing sheet provided by

OTC natural gas market participants.

Table 1:
Natural Gas Trading Companies Active at Sumas
and AECO Over the Study Period

Aquila Energy
Avista Energy
Bank of Montreal
Bankers Trust
Banque Parabis
BC Gas Utility Ltd.
CIBC Wood Gundy
Citibank
Coast Energy Canada
Coral Energy Inc.

Direct Energy Marketing
Duke Energy Marketing Ltd.
Dynegy Canada Inc.

El Paso Energy Marketing Canada
Engage Energy Canada
Enron Capital & Trade Resources Canada
Gerald Energy
J. Aron & Company
Koch Gas Services
Morgan Stanley Dean Witter
Pan-Alberta Gas Ltd.

PG & E Energy Trading Canada
Royal Bank of Canada
Sempra Energy Trading Corp.
Tenaska Marketing Ventures
Toronto Dominion Bank
TransCanada Gas Services

17



Actual price data were obtained from industry publications. Inside F.ERC.
provided historical vactual Sumas prices, which are given in U.S. dollars per million British
thermal units ($U.S./MMBtu). " AECO ?ﬁc% were obtained from Clanadian Gas Prfce
Reporter, and are given in Canadian dollar; per Gigajoule ($Cdn/GJ). Because thesé pricing
data are proprietary, they cannot be reproduced here in detail. Instead, Figure 1 il]ustmteé_
the monthly index prices for boih indices over the study period (November 1994 to June'
1999), with AECO prices converted to $U.S/MMBu.

EY

Figure 1: AECO and Sumas Historical Monthly Index Prices <

$U.S/MMEBtu * Sumas vs. AECO Monthly Index Historical Prices
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Note thaf whilé z;ciﬁal Sumas prices were available for the entire time period shown, !
useful OTC Sumas monthly price predictions were available only beginning March 199'7,’
and fewc;,r seasonal price predictions were available for Sumas than for AECO. Note, to\o,
the pronounced price “spikes” which have occurred during recent winter periods at the
| Sumas index. The lack of similar behaviour at AECO reflects the facts that, first, AECO is
better connected to the North. American pipe]ine@?stem, and, secondéthat a great deal more‘

natural gas storage capacity exists in the vicinity of AECO than at Sumas. In other words,
/ .

P
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buyers and sellers have a great many more supply options at AECO thén at Sumas, so there is

less likelihood that physical supply will be tight at AECO.

Seasonal price prediction errors were calculated using the price predictions made at
the start of the months leading up to the season in question. These are identified in the charts
, Py

and tables presented in this repoﬁ as the number of months back from the start_of the

particular gas season being examined. For example, for .the April-October summer gas

season, OTC price predictions made at the start of February are labelled “2 months back, and

predictions made at the start of December are labelled “4 months back”. Similarly, for thc;
Noyember-March winter gas season, O’fC price predictions made, for example, at the start of
the previous May are labelled./“6 months_back”, those made the previous Novembér are
labelled “12 months back”, and so on.

| For both AECO and Sumas the number of seasonal prediction Eoints varied by year.
For AECO, the number of gas stimmer Price predictions ranged from 14 for the 1998 April-
October period to five for the l9§5‘summer. To these are added the six projectidns made in
each year’s April to September period; that is, dufing the summer period itself. Twelve price
projectio'n,s were obtained for the two Sumas summer periods for which data were available,
1997 and 1»998. Adding the six April-to-September period pfojections yields eighteen data

points for both summer seasons. B

Gas winter OTC price predictions for the AECO hub varied from nine for the
1996/97 winter to 16 for fhe 1998/99 winter. Fewer predictions were available for Sumas
winter prices. These ranged from eight for the 1996/97 winter to 12 for the 1998/99 winter.
While data were available for four w,inters at AECO, OTC predictions were available for‘
only three winters at Sumas.

The raw data used in this study are given Appendices B to G as described below. To
further respect the confidentiality of the data used, only the percentage prediction error data
are provide;; that is, only the deviations of the price predictions from the actual prices are

provided for the varicus indices over the study period expressed in percentage terms.
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o\ Appendix B contains AECO monthly percentage price prediction’errors for each Qf the‘
four prediction periods (on&\tx;b, three and four weeks back from the start of the near

month).

m’;’,ﬁ)ﬂendix C contains the lﬁ;onthly percentage price prediction errors for the Sumas index.
e Appendix D contains the }ercemage prediciion enj; over time for AECO gas summer
prices. ‘

e Appendix E contains the percentage prediction errors over time for Sumas gas summer

prices. /

e Appendix F confc/_é),ins'the percentage prediction errors over time for AECO gas winter
_prices. ‘

. Appendix G contains-the percentage prédiction errors over time for Sumas gas winter

prices. /

Numerical Approach Selected
7

Multiple Regression Analyses with Dummy Variables

A number of multiple regression models were developed to investigate the impacts
on percentage change error. Step-wise regression was employed using -statistical add-in
software for Microsoft Excel. Dummy variables were emi)loycd to enable examination of

the non-numeric characteristics that are hypothesised to affect the predictive accuracy of

3 p

O;)I“C price indications. Dummy vériables and step-wise regression are standard statistical
analysis techniques. They are discussed in detail, for instance, by Dilton and Goldstein
(1984); Hair (1979); Mendenhall (1991); and Montgomery~and Runger (1999);

Percentage error of the OTC price prediction was the dependent variable in the
models deveioped for both monthly and seasonal ‘prices. Percentage error is defined as: —

(actual price - OTC prediction)/(actual price)
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AECO and Sumas prices are quoted in different currencies and units; dollars
Canadian per GJ apd dollars U.S. per MMBtu, respectively$ Déﬁni%centage error in
this fashion enables the pricgs for both indices to be included in one data set.

The percentage erré)t data.were modified further by adding 100 percent to each of
them pﬁof to running the regression software. The regression results therefore indicate
whether a data point is above or below 100 percent accuracy.

Separate models were built for mgnthly price ‘predictions and seasonal price
predictions. That is, one step-wise regression model was built to examine the predictive
accuracy of monthly OTC indications. A second model was developed to examine the
predictive accuracy of OTC predictions for natural gas seasonal prices.

The various independent variables selected were inéorporated one -at a tims into
separate regression models, a‘md then the various variables incorporated incrementally into
combined models. The monthly OTC prediction error model began by first;Jooking only at
the difference in predictive accuracy between Sumas and AECO. In this model version
Sumas variables were assigned a value of “1” and AECO c?ata points were assigned a value
of “0”. Next, the difference .between summer aﬁd winter monthly price predictions was |
examined with price prediction errors corresponding to winter months given a value of “1”
and errors corresponding to summer monthé were given the value “0”. The third model used

the price prediction point as the independent variable. This is the point in time at which the

price prediction was made; that is, at one week, two weeks, three weeks, or four weeks back
)

from the start of the near month. As four price prediction points existed, three columns of

independent variables were required. %e first had values of “1” given to all pr|ce pr&diction

errors corresponding to price predictions made one week back from the start of th& near-

month. The remaining price prediction errors — i.e., for two, three, and four weeks back —
3

were assigned the value “&” in this column. The second column had errors corresponding to

the two weeks-back price prediction point assigned the value of “1”. All other price

prediction errors were given the value “0”. The third column had errors corresponding to the
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three weeks-back price prediction (’”Qi/nt assigned the value of “1”. All other price prediction

=
errors were given the value “0™ in this column. The final monthly mode! incorporated all

these separate independent variables; i.e., the variables reI;ting to season, hub location, and
price prediction point. “

All price prediction errors for\ both winter (November to March) and summer (April
to October) periods were combined into one data set which was then analysed by various
step-wise regression models. The seasonal OTC prediction error models were constructed in
the same manner as were the monthly OTC error models. Hub location and season of price
predictign were used as independent variables in the first two separate modeI;. Whereas the
monthly models had to deal with only four price prediction points, the seasonal data base had
to be expanded to look at 14 one-month price predictions. The percentagenerror used as the
dependent variable in this case was the percentage error at \the start of the first month of the
season ?h question. For gas summer seasons, this would be the overall seasonal price
prediction error calculated using the prediction made at April 1 of each summer period in the
data set. Similarly, for gas winter periods, the seasonal price prediction er;or was calculated
using the prediction made at November 1 of each winter period in the data set. Fourteen
months of Ristorical pricing predictions were used for the seasonal regression model data set. |

Appendix H contains the data sets for the monthly price prediction error_regression

models. Appendix I contains the data sets used by the seasonal price prediction error

models.

Monthly OTC Price Predictio;xs
Five independent variables were used in the regression model. First, Sumas prices
were assigned a value of 1 in the data set, and AECO given 0 to determine if OTC price
prediction accuracy was dependent on the particular pricing hub.
Next, all price predictions made for any of the five winter months over the entiré

range of data available were assigned a value of 1. Predictions made for summer month
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prices were assigned a %ilue of 0. This approach would enable determination of the degree
to which seasonality play%! a role in OTC price forecast accuracy. >

The remaining thre@ndependent variables were used to determine if the point in
time at which price prediction was made had any significant impact on prediction error.
Four price prediction points were used for monthly OTC price predictions: four weeks back
from the start of the month for which th: price was being predicted (i.e., the “near month™);
three weeks back; two weeks back; and one week back. As dummy variables were being
used; only thre?of these points needed to be included in the regression. Weeks one, two, and
three were selected. Pricing prediction errors corresponding to these points in time were
given the value of 1 in the data set, and 0 at the other points in time.

The complete data set, showing the various values of 1 and 0 for the respective

variables, is provided in Appendix H.

Seasonal OTC Price Predictions

For seasonal price projections, there is no near-month as in the case of monthly
projections. Instead, the percentage forecast error calculated for the first month of the season
in question was used. In the case of the April-October (gas summer) period, the percentage

forecast error used as the dependent variable was calculated. as:

<
([actual April-October average price] - [OTC prediction as of April 1]) LY

(actual April-October average price)

In the case of the November-March (gas winter) period, the percentage error was

calculated as: .

actual November-March average price] - [OTC prediction as of November 1
(actual November-March average price)

The seasonal price in each case was calculated as the mean of the monthly index

prices for each respective season.
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Forecast Error Over Time

Rather than regression analysis, a different approach was used to determine if natural
gas price forecasts, as represented by OTC price predictions, haverbecome more accurate -
over time. A rolling average price forecast error was created for each hub. Changes in this
rolling average price indicator over time would indicate if any changes have occuﬁzed in
OTC price prediction accuracy.

Table 2 summarises the break-down of the historical price forecast error data into
shorter time periods of equal duration. All 28 Sumas monthly data points, and an abridged
AECO data set of 28 monthly points were used. AECO’s data set was shortened in this
manner — _from the 54 months of data available — to match the shorter time period for
\jvhich Sumas OTC data were available, narﬁely March 1997 to June 1999. As indicated in
the table, an intel;val lestgth*of fifteen months was selected. This choice was somewhat
arbitrary, but this length of average interval did provide over a dozen intervals to examine,
and did extend greater than‘a one-year period, thereby enc_ompassing both gas seasons. The
first interval begins at the start of the data seriés, and averages the price for the period March ‘
1997 to May 1998. The next 15-month average price was calculated by dropping the first
mqnth (March 1997) and adding the next in the series (June 1998), until the last data point,
June 1999, was reached. In.this manner, 14 rolling average price prediction errors were
obtained over the study period. Table 2 below shows the 14 periods over which the rolling
median average percentage forecast errors were calculated for both Sumas and AECO, and
the period number correspondiné to the respective time manner. (This numbering system
was used to avoid crowding on the X—ajx'is of the results graphs.) A o

For each month in the data sé£, the median average of the percentage errors for each

\,of the four separate weekly price prediction points was calculated. Percentage errors Were
ijagain used to permit comparison of the results for the two market centres studied, AECO and

D = E
Sumas. Although data are available for all four price prediction points, the median average

was calcu{lﬁated because it is assumed that if forecasters did learn and improve their
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forecasting ability over time, that such leaming would have impacted the OTC indications
made at each of the four weelg]fﬁfﬁée nrediction points. The calculated median averages are

-
listed for each intervgjzifl Table 2.

Table 2: Rolling Percentage Forecast Error Data for Sumas and AECO

Time Period " ok ) Y
"Apr 8- Jun 98 14 0.57% 1.27% 257% 383% 1.02% 0.05% -1.20% 1.72% 1.04% 0.54%
Mar 08 - May 99 13 0.51% 0.47% 1.35% 2.19% 0.63% 0.01% -1.19% 1.64% 1.10% 0.54%

Feb 68 - Apr 99 12 040%  -1.18% 0.80% 0.52% 060% 038%  009% 1.45% 0.88% 0.25%
Jan 98 - Mar 99 1 0.69% -1.15% 0.12% 1.88% 0.28% - 0.58% -1.23% 1.73% 0.73% 0.09%
Oec 07 - Feb 89 10 T 0.84% [B21% 2.87% -3.88% - 3.04% 0.32% 1.21% 1.13% 0.76% 0.54%
Nov 87 - Jan 99 ] -0 58% -1.13% 0.74% -1.07% 091% -0.94% 098% _ 1.33% 0.18% -0.38%
0 97- Dec 98 [} 0.03% 213% 2.96% 33% - -255% 062%  0.56% 0.82% 0.18% 038%
Sep 97 - Nov 96 7 0.36% -1.06% -1.74% 2.81% -1.80% ~1.12% 0.22% 1.33% 0.24% 0.01%
Aug07-Oct 88 s D45% __ -208% 1.74% 368% 2.36% 082% __ 010% 0.04%’ 0.00% 001% ]
A 97 - Sep 08 5 088%  -334% 261% 454% 2.67% 090%  0.10% 0.42% 0.39% 0.25%
Jun 97 - Aug 98 4 0.72% -2.00% -2.84% 477% 2.87% -1.02% 0.13% 0.03% 0.87% 0.42%
May 97 - hA 98 -1.56 =3 § -2.88% 4.14% -2 O8% -1.06% 0 05% 0.06% -0 40% 0 18%
Ape 7 - Jun 88 2 -1.55% 4.02% 411% 4.50% 4.06% 0.80% 0.00% 0.50% 0.26% 0.42%
Mar 07 - May 98 1 .186%  -660% 6.44% 8.66% 651% 0.11% 051% 2.21% -1.75% 0.82%

Because data were only available for two to four consecutive seasons — depending
on the hub and season — a similar rolling average statistic could not be calculated for

seasonal OTC price projections.

Y
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CHAPTER FOUR
. - RESULTS
Sunimary'Results

Table 3 summarises the percentage forecast errors for monthly OTC price predictions
using a van'ety' of statistical measures; namely mean error, median error, and standard
deviation. This table also shows in percentage terms the maximum and minimum m-onthly
price errors for each of the four price prediction 'points for both AECO and Sumas.
“Maximum” refers to the greatest positive error; and “minimum” to the greatest under-
prediction.

A similar summary table was not created for seasonal OTC price prediction errors as
only a few years of seasonal price data exist. Therefore, the calculation of such summary
statistics would be relatively meaningless.

Table 3 shows that for two, three, and four weeks back from the start of the near
month the maximum percentage Sumas price prediction errors are notably higher than those
for AECO, being at least 10 percent greater at all three prediction points. Only one week
back from the start of the near month is Sumas lower, at about seven percent, versus almost
17 percent for AECO at that point.

At four weeks pri:)r to the start of the near month, the greatest Sumas price under-
prediction was -88 percent, whereas for AECO the greatest under-prediction error at this
point was -31 percent, less than half the Sumas figure. Three weeks back the highest Sumas
under-prediction error was almost -50 percent, whereas AECO was under-predicted by‘
almost half that amount, or -26 percent. Two weeks back from the near month, the AECO
error shrinks to about minus nine percent, whereas the Sumas error remains quite high at -43
percent. At one week back from the start of the near month the Sumas error finally falls to a
relatively low value, -9.4 percent. The AECO under-prediction error at the same point is

slightly higher at -11.7 percent, and ub about three percent from the previous week.
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Both the mean and median statistics demonstrate that Sumas prices were on average
under-predicted over the study period. AECO prices, in contrast, tended to be over-
predicted. Only one week back from the start of the near-month Was AECO, on average,
under—predicted; and only slightly at that. |

In comparing AECQO average percentage forecast errors to those of Sumas, it is
evident from the table that, again, on average, AECO forecast errors appear to be. smaller
than those for Sumas.

Using standard deviation as a measure of dispersion, it can be seen that for 2, 3, and 4

weeks back Sumas data show greater variation than those for AECO. Only at 1 week back is
the variation similar at both hubs.

Table 3: Summary Statistics for Near-Month OTC Price Prediction Errors
in Percentage Forecast Error Terms

1 Week Back 2 Weeks Back 3 Weeks Back 4 Weeks Back
AECO Sumas AECO  Sumas AECO Sumas AECO Sumas

Maximum 16.8% 6.8% 9.8% 21.5% 18.7% 31.8% 23.4% 34.0%
Minimum -11.7% -0.4% -8.6%  -42.9% -26.4% -49.5%  -31.2% -88.1%

Mean -0.30% -1.0% 0.35% -2.9%, 0.73% -2.5% 0.09% -3.5%
Median -0.6% -0.6% 0.4% -1.2% 0.8% ~2.1% 1.5% -0.01%
Std Dev 4.4% 3.9% 3.4% 13.1% 6.6% 17.1% 9.2% 26.2% 1

While an interesting summary, this table does not provide any detail as to the
statistical significance of the independent variables selected for study. The next section
discusses the re.sults of the step-wise multiple regression performed to determine if such
significance exists.

Regression Results

Tables 4 and 5 below show the detailed summary provided by the regression software

for the monthly and seasonal price prediction error models, respectively. These are the final

“versions of the models that incorporate all the independent variables. The step-by-step
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sequential developments of the monthly and seasonal regression mbdels are shown in
Appendix H and Apﬁ)endlx I, respectlvely

Figures 2 and 3 are the plots of the reslduals for the monthly and seasonal pnce |

prediction error models, respectively. Resndual errors in both pl,etrappear randomly

scattered. Therefore, it is concluded that no heteroscedasticity existsf/"for either model. That
is, the residuals appear to occur randomly abput zero percent error.

The R-square value for the mgnthly model is only 0.055. The adjusted R-square

I

statistic is 0.033. 7 ‘
The R-square value for the seasonal model is 0.063. The adjusted R-squaf,e statistic

is extremely small, 0 to four decimal places. v /

Table 4: Final Model and Statistical Summary of Monthly Price Prediction Model

28

Final Model
Regression and Correlation
Observations 224 ANOVA ‘
R Square 0.0546 - df SS MS F p value
Standard Error 0.1257 Regression 5 0.1991 0.0398 2.5184 0.0306
Adjusted R Square 0.0329 Residual 218 3.4471 0.0158
Multiple R 0.2337 Total 223 3.646165162
. Coefficients Standard Error tvalue  p value
Intercept 0.0117 0.0200 0.5838 0.5599
Wint Mo =1 -0.0559 0.0172 -3.2494 0.0013
S=1 -0.0212 0.0168 -1.2627 0.2081
1 wk back 0.0155 0.0238 0.6543 0.5136
3 wk back 0.0075 0.0238 0.3155 0.7527
2 wk back 0.0057 0.0238 0.2382 0.8119
i




Table 5: Final Model and Statistical Sunfhzdry of Seasonal Price Prediction Model

" Final Model - Seasonal Price Prediction Efrors

Regression and Correlation

Obsefvations 156} : ~ ANOVA
R Square 0.0631 o df _Ss MS _ F puvalue]
Standard Error 0.1765 Regression 15 0.2937 0.0196 0.6286 0.8475}
Adjusted R Square } ' 0.0000I Residual 140 '4.3600 0.0311
Multiple R 0.2512] ' Tota‘l 155 . 4.653647247 .
o | . -
Coeﬂ' cients Standard Error tvalué "~ p value
Intercept 0.9963 - 0.0435 22.8828. 0.0000}
W =1 -0.0340) ©0.0285 -1.1936 0.2346]
S =1 0.0407 0.0294 1.3849 0.1683
13 mo. prior -0.1903 0.1097 = 1.7346 OLOBSOW
14 mo. prior 9502 01312  1.4499 0.1493
10 mo. prior 0.0413 '0.0678 0.6083 0.5439)
8 mo. prior 0.1053} 0.0639 1.6492 - 0.1014
7 mo. prior 0.0867 - 0.0639 1.3582 0.1766
9 mo. prior 0.0840 0.0657 1.2789 0.2031
11 mo. prior 0.0805 0.0734 1.0978 0.2742}
2 mo. priox 0.0744 0.0623 1.1939 0.2346
6 mo. priory 0.0749 0.0639 = 1.1728 0.2429
5 mo. prior 0.0719 0.0623° 1.1534 - 0.2507
3 mo. prior 0.0666 0.0623 1.0689 0.2869
4 mo. prior 0.0637 0.0623 - 1.0223 0.3084
1 mo. prior . 0.0384 0.0623  0.6171 0.5381}
Fi zgure 2: Plot of Residuals of Step-Wise Regression Model for
Monthly OTC Price Prediction -
- Figure 2: AECO and Sumas Percentage Foracast Error
' Monthly Price Predictions
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F igure 3: Plot of Residuals of Step-Wise Regression Model for
Seasonal OTC Price Prediction Errors
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Figure 3: AECO and Sumas Percent Forecast Errors,
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presence of a few outlier data points. These two points represent under-forecast errors of

Removal of Outliers from Monthly Price Prediction Model

Examination of Figure 2, the plot of the residuals for the monthly model, reveals the

close to 80 percent each. The next highest errors were about plus and minus 40 percent.

The two outliers were identified as having occurred during for the monthly index

.

prices for March 1997 and December 1997. Further research determined that these

exceptionally large errors were caused by unusual events in the marketplace (Elgie, 2000;

Hill, 2000). A major plant outage in the producing areas of north-east B.C. caused concemns

about regional supply, resulting in a March 1997 monthly index price that was over 80

percent higher than OTC market participants were predicting would occur. Similarly,

regional transmission pipeline operational difficulties caused the December 1997 prices to

spike shbrtly before the near month, resulting in a monthly index price nearly 80 percent

greater than earlier OTC projections.

exceptional market disturbances, it was decided to remove all other price projections

Because these very large forecast errors occurred during periods when there were
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(i.e., those made 1,2,3, and 4 weeks béck from the start of the near montﬁ) made at each hub
from the data sample for the two mon‘ths‘ in question. In this manner only data reflecting
typical market,conditions were used. The regression analysis was then re-run. The orutput
describing the ‘ﬁnal model is provided in Table 6. The adjusted R-square value dropped from
0.0329 for the model using the entire data set (Table 3) to 0.0000. The model as coPstmcted
obviously provides little ei{planation of the observed variations seen ih the OTC price

predictions.

. Table 6: Final Model and Statistical Summary of
Monthly Price Prediction Model — Outliers Removed from Data

Final Model - March and December 1997 Price Prediction Errors Removed

f

Regression and Correlation

Observations 210 ANOVA
R Square 0.0194 df SS MS F  pvalue
Standard Error 0.0791 Regression 5 0.0252 0.0050 0.8069 0.5459
Adjusted R Square ' ©0.0000 Residual 204 1.2755 0.0063
Muitiple R . ’ 0.1393 Total 209 1.300723022

Coefficients Standard Error _t value p value
Intercept 1.0214) 0.0120 79.2233 0.0000
1 wk back -0.0251] 0.0154 =1.6251 0.1057
2 wk back -0.0230 0.0154 -1.4927 0.1371
Wint Mo =1 : -0.0074 0.0114 -0.6514 0.5155
3 wk back -0.0096 0.0155 -0.6219 0.5347
S =1 ' . 0.0026 0.0109  0.2365 0.8133
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Figure 4: Plot of Res‘iduals of Step-Wise Regression Model for
Monthly OTC Prediction Errors — Data Set with Qutliers Removed

Figu’re 4: AECO and Sumas Monthly Forecast Price Prediction Errors

e
N
o
P
T
L 4

Resl;luals
(=]
(=]
o
¥,

e
4
(2 ¢
10

.
.0 +*
.

}
Al
°. .t
‘0 )
P

*

.

.
g7
* S
Y L 2

¢ @

K ¥ 4
0‘ 0’
** o

.

Oy
-0.10 M ¢ ‘. * .0 io‘o * o .10“0 M % ’00150 * t . +200
X . PS L J
*
* e Py L 4 .
0.20 T / o« * % )
030+ -~

Observations

250

AECO versus Sumas Price Prediction Accuracy

Monthly OTC Price Predictions

Table 3 shows that the t-value for the Sumas dummy variable (represent‘ed by “S”) in

the monthly price prediction error model is about -1.26. This is not strongly significant, as

indicated by a p-value of about 0.21.

_ The modified monthly model also shows that choice of market centre is not a
stati'stically significant factor in determining the accuracy of OTC gas price projections. The
variable representing hub choice (“S” in Table 5) has an extremely low t-value, 0.24. The

very high p-value demonstrates how statistically insignificant the selection of pricing point

1s. *

i
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Seasonal OTC Price Predictions

3
Table 5 shows that the t-value for the Sumas dummy variable in the seasonal price
prediction error model is about 1.38. This is not strongly significant, as indicated by a p-
'value of about 0.17.

The correlation coefficient for the hub-related variable in the seasonal model is

0.0407.
Winter versus Summer Seasonal Price Predictions

Monthly OTC Price Predictions

Table 4 shows that for the model using all data points, the t-value for the seasonal
dummy variable (where “W” represents winter) in the monthly Pl"ice prediction error model
is about -3.25. This is statistically significant, reflected in a p-value of about 0.001. The
correlation coefficient for the independent variable related to gas season is ~0.0559.

However, as Table 6 indicates, this significance is lost once’ the two months of
forecast errors related to the outlier data points are removed. The t-value representing the
importance of seasonality on OTC price prediction error dropped to only —0.65. The very
high value of the corresponding t-statistic, 0.52, demonstrates that once exceptional price
perturbations are accounted for, that there is no statistical significance regarding whefller or

not the OTC price prediction was made-for a summer or winter month.

Seasonal OTC Price Predictions

Table 5 shows that the t-value for the Sumas dummy variable in the seasonal price
prediction error model is about -1.2. This is not strongly statistically significant, as indicated
by a p-value of about 0.23. )

The independent variable related to gas season has a correlation coefficient of —

0.034.
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Forecast Accuracy Over Time with the Approach of the Price Settlement Dafe

Monthlv OTC Price Predictions , <

/

. jemains statistically insignificant.

The t-values for each of the price prediction points (one, two, and three weeks back)
are all fér below a statisticall;?signiﬁcant level. In the model using all data points, the lowest
p-value for any of the time-of-pre%?cAtion variables is 0.51 for one week prior to the start of
the near-month. The p-value for the t;wo weeks prior variable is 0.81 (Table 4).

The beta values for each of the three prediction point i;ldependent variables were all
positive, and all extremely small, ranging from 0.0057 for two weeks back to 0.0155 for dne
week back from the start of the near month.

The significance of price prediction points increased in the model which excluded the
outlier data points. Table 6 shows how the relative significance of the pricing point-related
variables has increased. The 1-week back variable is the most significant, having a t-value of
—1.62. .However, while much larger than the t-value of 0.65 it had in the original model (see
Table 3), it is still not statisti::ally significant. This is borne out by the relatively high p-value

of about 0.11.

.

’%ack variable likewise increased, from about 0.24 in

The t-statistic for the 2 wee ;

Table 3 to —1.49 in Table 6. A p-yalue of about 0.14 indic;ltes, though, that this variable

Similarly, despite a noticeable increase in the value of the t-statistic, the variable y
representing 3 weeks back from the start of the near-month shows an increase in the absolute

value, essentially doubling from about 0.32 to about 0.62." While the p-value dropped

noticeably — from about 0.75 to about 0.53 — the variable remains of little statistical

significance. I\(f
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lSeasonal OTC Price Predictions

The t-values for each of the price prediction points (one, two, and three weeks back)
are all far below a statistically significant level. The loWest p-value for any of the time-of-
prediction variables is 0.51 for one week prior to the start of the near-month.

The beta values for each of the 14 prediction point independent variables were all
positive. As well, all were lafger ‘than the ‘correlation coefficients in the fno;xthly model,
ranging from 0.038 to 0.19. Nonetheless, the t-values associated with all 14 betas Were less
than two, and therefore statistically not significant. The highest t-value was 1.73 for 13
months back. This beta had a p-value of 0.085. The next highest was 1.45 for 14 months

9

back. The p-value for this beta was 0.15. The lowest t-value was for one month prior to the

start of the season. This prediction point variable has a p-value of 0.54.

Forecast Accuracy Over Time

Figures 5 and 6 show the plots of these median averages over time. To avoid

* cluttering the graphs, a period number has been assigned to each specific rolling average

interval. The period numbers are shown in Table 6 alongside the respective periods they
represent. In each graph, a linear trend line of the median error over time has also been
plotted.

The 15-month AECO rolling average graph (Figure 5) shows that for the first interval

(March 1997 to May 1998), the median errorss a little less than minus one percent. By the

~ time the last interval (April 1998 to June 1999) is reached, the error has changed sign,

reaching about one half of one percent. The net change in error magnitude for AECO is
therefcre about 1.3 percent, moving from slight under-forecasts in general, to slight over-

fo}ecasts, based on the constructed statistic used. The reduction in absolute forecast error

' was about 50%, indicating, on the surface at least, that some minor improvement in overall

forecasting occurred over the March 1997 to June 1999 period.
Table 6 shows that for each interval in question, the Sumas median error was
significantly greater than that for AECO. In other words, by the measures used, forecast

~
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Figure 5: Plot of Rolling Average Percentage Forecgst Error - AECO Hub
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Figure 6: Plot of Rolling Average Percentage Forecast Error — Sumas Hub
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accuracy increased at bothr pricing hubs over the interval of interest, but toa greater degree at
Sumas. The plot of the Sumas rolling average median error over time (Figure 6) shows a
clear change from an under-prediction of almost seven percent for the first 15-month period
to an over-prediction error of about two percent for the last 15-month period. The trend line
indicates that the absolute magnitude o’qti forecast error over time shrunk from five percent in

the first period to about one percent in ghe last interval. ’ .

3
P
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CHAPTER FIVE

- > - DISCUSSION

Summary Results

N

 Based on Table 3 of the Results Section, it would appear that Sumas OTC price

forecast errors are greater than those for AECO. However, a simple percentage comparison
]

of this nature does not provide any information regarding statistical significance. It is

precisely for this reason that the step-wise regression analyses were performed.

AECO versus Sumas OTC Forecast Accuracy
: \
Monthly OTC Price Predictions

~a

The independent dummy variable designed to determine whether or not OTC price
predictions are more accurate at one of the two pricing hubs examined is statistically
insignificant. This is based on the corresponding t-value being about 0.24 (see Table 5),
which is well below the value of 2.0, the significance threshold for a 95% gonﬁdence level.

The p-value of about 0.81 further reflects that this variable is statistically insignificant.

Seasonal OiI‘C Price Predictions

The hub-related dummy variable in the seasonal model showed more statistical
significance th;n that of the monthly model. While still bélow a clearly statistically
significant \leve‘l, the t-value of 1.38, and the corresponding p-value of 0.168, indicate the

there is some significance in the selection of hub when it comes to OTC price projection

—_— .

accuracy., The correlation coefficient of 0.04 indicates that, on a seasonal basis, Sumas

price§ tend to be @ver-forecast by about four percent in comparison to AECO prices.

| This conclusion*appears contradictory, considering the characteristics of the two
pricing points. Sumas appears'at ﬂfst contradictory to the monthly model conclusion. The
relative lack of liquidity at Sumas — as reflected in the “spikiness” of Sumas monthly prices
relative to AECO in Figure 1 — would imply that Sumas seasonal prices would tend to be

- 'under-forecast relative to AECO prices. The discrepancy is thought to be the result of two
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factor;./‘FiQt}, the averaging of monthly prices into seasonal prices smoothes month-to-month

. price variations. Occasional, severe under-forecasts of Sumas prices are thus masked. As

well, OTC market participants may have become accustomed to Sumas price spikes, given
that they have occurred for three winters in a row. Accordingly, they may be more risk

averse, and price Sumas at a higher price due to this past price behaviour.

Seasonal versus Forecast Month Price Prediction Accuracy

Monthly OTC Price Plfedictions

Prior to the removal of outlier pércentage error data, the independent dummy variabie
designed to determine whether or not OTC price prcdictions are more accurate for winter or
summéh‘mbnthly prices is the most statistically significant variablé of all those examined for
either model. This variable’s corresponding t-value is —3.25. It is the only vanable used
which has a p-value below 0.01,' meaning it is the only vaﬁable that is the significant at a
99% confidence level.

However, with the removal of the outlier data, the significance of the variable
representing seasonality of the OTC prediction disappeared. The new t-statistic has a value
of -0.65 (Table 5), and a corresponding p-value of about 0.52. This relative lack of
statistical significance reflects how great the significance is of price spike events on OTC
price forecast errors.

~

The sign change for the correlation coefficients of the variables representing the time

,.at which the OTC price predictions were made is noteworthy. Prior to removal of the outlier

A

data points, the betas had been very small, but positive. With the outliers removed, the signs

of the correlation coefficients changed from positive to negative. This is in keeping with the

intuitive feeling that gas prices tend to be under-estimated rather than over-estimated. This,

in turn, is the result of there being no price ceiling or cap above which prices cannot rise. If
the market is willing to pay, the prices can rise dramatically when the demand exists, as

reflected by the pricing history in Figure 1. However, a price floor does exist. Natural gas
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will not be sold at a value below the sum of the wellhead cost and the transportation cost to
market. In any event, the correlation coefficients for the time-related variables remain small,
indicating that they are not important variables in explaining the accuracy of OTC monthly

price predictions.

Seasonal OTC Price Predictions

| Tile dummy variable in the seasonal model used to determine if seasonality was iﬁ
important factor in OTC price prediétion accuracy was noticeably less statistically significant
than the corresponding variable of the monthly mc;del. The variable in the seasonal model
has a t-value of -1.19, and a corresponding p-value of 0.235. Therefore some significance
can be attributed to the role seasonality has in determining seasonal OTC price projection
accuracy.

The correlation coefficient of -0.034 indicates that winter season prices tend to be
under-forecast by slightly more than three four percent in comparison to summer season
prices. The same reasons described in ti'ne discussion of the monthly model findings for the
same independent variable also apply here. That is, the lack of a ceiling for gas prices and
the chéracteristic upward:!price spikes during times of tight supply in the winter season -
explain why winter prices.wduld tend to be under-estimated in relation to summer pﬁces.
Because summer gas demands are so much lower than during winter months, no similar price

spikes occur during the April to October gas summer.

Forecast Accuracy Over Time with the Approach of the Price Settlement Date

Monthly OTC Price Bredictions

None of the independent variables representing the time of prediction is statistically
significant. As shown in Table 5, the highest t-value obtained was -1.65 for OTC price
predictions made one week prior to the start of the near-month. The corresponding p-value
was 6.106, whicﬁ indicatgs that this variable is statistically insignificant at the 95 percent

confidence level. - Therefore, it can be concluded that price predictions made during the
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course of the month prior to the establishment of the index price are not statistically
significant factors in determining what the final monthly index price will be. R
All of the correlation coefficients are negative, but small. The largest absolute value
is the time-related variables is coefficient is 0.025 for one week prior to the start of the near-
month.. The smallest absolute beta value is 0.0096 for the variable representing OTC price
predictions made three weeks back from the start of the near month. This range in values is
intuitive. That is, price predictions made closer to the actual time at which prices are
established should be more accurate, and therefore more significant, than predictions made

farther back in time. . .

Seasonal OTC Price Predictions

As is the case with the monthly regression model, none of the independent variables
representing the time at which OTC prediction®-were made are statistically significant. The
three largest t-values of 1.73, 1.65, and 1.45 correspond to the price predictions made
thirteen,‘eight, and fourteen months back from El}é first month of the gas seasons examined.
The lowest t-value — 0.61 — was obtained for price predictions made 10 months back. The
second lowest t-value of 0.62 was obtained for price predictions made one month prior to the
start of the gas season. These laEer/two variables each had p-values of about 0.54, cledrly
indicating that they were not statisﬁélly_ significant. The third lowest t-value — 1,02 — was
obtained for the seasonal OTC price predictions made four months back. This vgriable has a
p-value of 0.31 associated with it.

If time of prediction was a key variable, and therefore statistically significant, it
would be intuitive that predictions made closer to the start of the season in question would be
more significant than those made farther away. The apparent randomness in the t-values

shown in Table 4 further reﬂecé@t time of prediction is not a statistically significant factor

in the establishment of final seasonal gas prices.
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Improvements in Forecast Accuracy over Time

Monthly OTC Price Predictions

Based on the particular rolling average error’ approach used, monthly OTC price
forécast accuracy does appear to have improved at both AECO and Sumas over the study
period. This is an intuitive result, as it is expected that as nafural gas market participants
become more familiar with other traders’ buying and selling patterns, with specific market
conditions, with the workings of the regional transportation ;md storage inﬁastructurc;‘and s0
on, that their predictions would improve. | |

The magnitude of leaming — that is, of forecast improv‘ement’—~ was noticeably
greater at Sumas than at AECO. This is not a surprising result when it is remembered that
AECO has been traded for a lor;gér péi'iod of time than has Sumas. - Very early AECO OTC
forecast data may reveal a learning pattern similar to that seen with the Su data used in
the study.  * » ﬂ

Although learniné “appears to have occurred, the independent varivables‘ examined

through the regression anaI);sis would indicate that OTC price predictions are not accurate

predictors of actual prices. . - Y

Seasonal OTC Price Predictions
Only two to four periods of OTC seasonal price projections were available for the gas
summer and winter seasons at the two pricing points investigated. This amount of data

meant that the predictive accuracy of seasonal OTC price indications could not be examined

to the same extent as monthly OTC projections.
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CHAPTER SIX
CONCLUSIONS

Analytical Results

Step-wise multiple regréésio;x using dunl1my variables to account for effects of 'kéy
parameters did not provide any statistic‘ally significant proof that OTC price projections ‘are
accurate predictors of future naturalkgas prices. Based on the analyses performed, it can be
concluded vthat the predictive accuracy of over-the-counter natural gas commodity price
projections has been extremely poofféhis conclusion applies to both seasonal and near-a
month price projections
< The rolling median average showed that there is épparent learning occurring by
market participants at both the AECO aﬁd Sumas mérket centres. That is, grouped average
prediction errors declined over the study period, indicating that OTC price pr_oject_ions are
improving. This conclusion is surpﬁsing in light of the statistically insignificant reéults
obtained through the, regisswi’qu _a_n‘g!zs_gsh;thrg{of, much more leaming must occur by

natural gas market participants if OTC predictions are to become sufficiently accurate to

generate statistically significant results.

Utility of the Study Results

The study provides further insight into price behaviour in the Canadian natural gas
iﬁdustry, and places into the public domain information regarding the use and accuracy of
OTC price projections. Given the multi-billion dollar magnitude of the industry, even a
- slight improvement in understanding of pricing dynamics and a better appreciation of
forecast bias has tremendous cost implications for all manner of market participants.

Given that natural gas prices are sa’mheremly volatile, and that de-regulation of the
natural gas industry is continuing, some ma}; assert that historical data are of little value in

forecasting future prices. In o}her words, the criticism may be raised that past OTC price
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projection errors have little bearing on future OTC price prediction accuracy, given that
future industry circumstances may be very different from those of the past. Past price
behaviour will, regardless of the path industry evolution takes, remain a fundamenial starting
point in making any sort of price forecast. The next level of analysis — the explanation of
why forecasts deviated to the ez(tent they did from actual prices — would provide further
insight into the workings of OTC markets and price forecasts.

While OTC pric‘g projections are of great use for price risk hedging and arbitrage,
they should not be accepted as realistic projections of what the actual future price will be.
Current market sentiments establish OTC bid and ask values for natural gas. Market supply
and demand fundamentals — such as weather, economic activity, natural gas storage levels,
and available pipeline capacity — continue to determine what the nétx;ral gas price will be in

- the end, not OTC calls made some tiine before.




CHAPTER SEVEN

RECOMMENDATIONS

1. Periodic Review of Forward Curve Predictions

Studies of this type should be conducted periodically, perhaps every two years or so.
This will allow market participants to judge whether the predictive ability of natural gas
forward curves is imﬁroving, staying the same, or worsening. It is expected that the utility of

the Sumas for‘ward curves shouid increase over time as the Sumas market becomes more
hight¥#raded and liquid. | |

2. Examine the Accuracy of Various Traders’ Price Predictions

Each OTC pricé projection used in this study was calculated as the average of a
... number of separate parties’ OTC price indications. This was done primarily to mask
confidential natural gas trading information, but also acted to offset the effects of any
inherent bias on the part of particular energy traders. There could, Xfor instance, be certain
traders who consistently price in a non-objective manner.

The same Sort of multiple regression model'?used in this study could be used to
investigate if there is any significant difference between the OTC price projections made
over time by the vari,c;us natural gas market participants. That is, dummy variables could be
used to account for such different characteristics as trader nationality (Car{adian versus
American) and physical location (Calgary versus Toronto versus New York).

3. Examine “Shoulder” and Peak Seasonal Periods as Well

Analyses similar to ;i\ose performed in this study could also be done for “shoulder

seasons”; that is, those perilcids of time between peak seasonal periods. The peak‘winter

~ heating demand period is December to February, and = peak summer demand period —
when large gas volumes are consumed to generate elec. .ity to meet air-conditioning loads

~— is June to August. The autumn shoulder season would be the September to November
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period, during which there is little cooling demand, and when space-heating demand beﬁns L
to incréase. The spring shoulder pétiod would be the March to May period, when heating
demand lessens, and before the arrival of Hot weather. Dummy variables could be used to
investigate the relative forecast accuracy of OTC price predictions for these new monthly
groupings.

Such analyses would-assist buyers and sellers fvho transact for natural gas in a L
manner that suits their particular supply and demand characteristics. The traditional
November-to-March and April-to-October breakdowns may not be optimal for all market
participants. For example, the gas winter ends earlier in B.C. than it does in Alberta, while
the sﬁmme}' lasts significantly longer in the southern U.S. than it does in the north.
Expanding the current analysis to rﬁok\}at other monthly groupings would assist such
participants in assessing the relative accuracy of OTC prit:e predictions for non-traditional
time segments. | %

| 4. Accounting for Natural Gas Ma_rket Evolution |

The North American natural gas market coﬁtinues to evolve, with new parties
entering the market, and n;w pipeline and storage infrastructure affecting regional and
continental gas flows. Natural gas prices in Western Canada have been depressed at times
dﬁe to insufficient export pipeline capacity out of the Western Canadian Sedimentary Basin
ENatjonal Energy Board, 1995; Natural Res;)urces Canada, 1998). In the wake of export
pipeline expansions Western Cana‘dian‘prices have jur?ped sharply. The anticipation of new ———
capacity has caused rises in OTC price indications months before the start-up of any new
capacity. A study could therefore be performed which would examine OTC forecast
accufacy prior to and after major export pipeline capacity expansions. Dummy vaﬁaﬁles
could be used to indicate periods of over-supply due to pipeline bottleﬁecks, and times when
large storage capacity expansions occurred.

In addition to evaluating impacts of the industry’s infrastructure development, the

£

evolution of the make-up of the market should also be examined. Industry de-regulation has
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on one hand created a hoét of new market participants and ways of transacting for gas.
Simultaneously, mergers and acquisitions are reducing the number of participants in other
areas of the market. Increasing used of financial derivatives by such entities as pension funds
has added another dimension to the natural gas market. Many market partic/ipants are thﬁ
far removed from analysing the %undamentals of the natural gas market, and instead trade
based on certain “technical” parameters regarding price, margin, vol’ume, timing, and so on.
Dummy variables could be used to account for such factors as the number of natural gas
trading companies; the number of actual traders active at a partipular hub over time; and the
impact of the introduction of new modes of transacting for gas, such as electronic commérce
and financial derivatives.

Such analyses‘/ would most benefit natural gas market participants who transact at a
number of different market centres. Knowledge of the effects of new infrastructure, new

market participants, and new forms of transacting for gas would provide buyers and sellers

with an appropriate degree of confidence in the utility of OTC price projections.
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GLOSSARY

| Agent: A party which has been given authority by natural gas buyer to act on the
buyer’s behalf to arrange or administer pipeline service, gas sales services, or both.
Arbitrage: The exploitation of differences between the prices of financial assets,
currencies, or commodities within or between markets by buying where prices are lower and
sellins where they are higher. |
Bid Week: The period in each month — generally the fourth week — during which
3 .

parties transact for transportation and the natural gas commodity for the upcoming month.

Broker: A pa:b which earns profit by arranging transactions between willing buyers

and sellers of natural gas. Brokers never take ownership of the natural gas during the course

of such transactions.

City Gate: The location at which natural gas ownership passes from one party to
another, neither of which is the ultimate consumer of the gas. The city gate is where local
distribution utilities receive‘ gas purchased at the wellhead and delivered from the latter
location via a transmission pipeline.

Commodity: A primary product, such as copper, rubber, cotton, lumber, petroleum,
and natural gas.

Core Market: A LDC’s core market consists of customers who are unable to
relatively Awitch to an alternative fuel. Core market customers are typically the srﬁaller
;:ustomers of a utility, and, in the case of natural gas, use gas primarily for space heating.
The natural gas core market includes residential, institutio?a‘lr,wpommercial, and small
industrial customers. ! -

Counterparty: A participant in a swap tra{usaction. -

Distribution, Gas: Refers to the infrastructure consisting of gas mains, service

connection, meters, and other equipment that carry or control the supply of natural gas from

the point of local supply to and including the sales meters at the point of customer usage.
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Dummy Variable: In regression 'z;halysis, A dummy variable is an independent
 variable used to include or exclude the eg‘ect ofa quafﬁtative factor.

Forward Contract: A commitment to buy (long) or sell (short) an underlying asset at
a specified date at a price specified at the time the contract is made. The price is known as
the exercise or forward price.

Forward Curve: The sequence of future yields correéponding to the floating
reference rates on a swaﬁ. Forward curves exist for all widely traded commodities. Such
curves reflect commitments to buy or sell an underlying asset at prices and times specified
beforehand. u

Gas Summer: By convention, the period of the ga;s year from April 1 to October 31

when heating demands do not cons%gate a significant portion of North American natural gas

demand.

Gas Winter: By convention, the period of the gas year from November 1 to March 31

A

of the following year, when North American heating demands are at their greatest.

e Gas Year: By convention, the 12-month period fr'()m the start of the winter heating
séason of on year on November 1 to the end of the following gas summer on October 31.

Gigajoule (GJ): An S.I unit of energy measurement, equivalent to 0.9478 million

British thermal units (MMBtu). One GJ = one trillion Joules. 7

' Hedging: The taking of ac}i/(; by buyers or sellers to protect their pusinesses or

assets against a change in prices. T}/;e process of hedging protects the value of an investment

form the risk of loss in case of price fluctuation. . .

Hub: An interchange where multiple pipelines interconnect and form a market

centre. The major hub in B.C. is at Huntingdon/Sumas in the Fraser Valley, east of |

Vancouver. Alberta’s major hub — named “AECO” after the owner of one of the major
storage facilities,in the region — is located in the south-east of the province at the

interconnection of the provincial gas gathering pipelines and natural gas export pipelines.
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The Henry Hub in southern Louisiana aéts as the delivery point for the NYMEX natural gas
forwards market. '
Liguidity:* In gas trading, a pricing point is said to be liquid if a high level of trading
activity occurs there. )'
Local Distribution Company (LDC): A comp;my which obtains the rriajbrity of its
revenues from operating a retail distribuﬁn system to deliver natural gas or electricity to
energy end users. |
Long, Long Position: The position of a party who has purchased and is holding
futures or options contracts or who owns a commodity that has not yet been settled by sale or
delivery conditions. |

Marketer: A party engaged in bringing together buyers and sellers of natural gas,

usually on a spot market basis, Marketers earn revenue by assisting in buy/sell negotiations,

- and by arranging transportation and delivery terms.

MMBru: An Impenal system urjit of energy measurement, equal to one million
British thermal upits (Btu),’and.to 1,055 Gigajoules.
| Multiple Regressi(;n.' Regn;,ssion analysis is a statistical technique used to discover
the apparent dependence of one variable upo;l one or more other variables. Multiple
regression aims to find a linear relationship between a response (dependent) variable and
several possible pﬁdictor (independent) vanables.

Near-Month: When making price projections, the near-month is the month following
the month in which the price projections are beiné_‘. made. For example, a near-month
monthly price projection made in September would refer to the October mogthly index price.

NYMEX: Short for New York Mercantile Exchange. In the context bf the natural gas
industry, the NYMEX futures contract refers to North America’s first natural gas exchange
established in 1990. The contract prices at NYMEX reflect the physical delivery of gas at

the Henry Hub in southemn Louisiana on the Gulf of Mexico. This location was selected as

N
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the U.S. Gulf of Mexico accounts for suéh a large proportion of North AmeG::an natural gas
production, currently in the neighbourhood of 22 percent.

Over-the-Counter (OTC) Market: An OTC market opera‘ics through dealers, or
“middlemen”, rather than through a formal exchange entity, such as NYMEX. OTC mafket
dealers stand ready to buy or sell a given security on request, providing to buyers and sellers
the benefit of being able to perform immediately desired transactions, rather than having to
expend the effort themselves to locate parties wishing to do business.

Pipeline Company: A firm ?ngaged in the transportétion of natural gas either intra-
provincially, inter-provincially, or internationally. Examples of major Canadian natural gas
pipeline companies are TransCanada Pipelines Ltd. and Westcoast Energy Inc.

Shipper: A party which contracts for transportation of natural gas from one specific
pick-up location to a specified delivery point. Shippers retain title to the gas while it is being
transported by the pipeline.

Short, Short Position: A party is in a short position when they have sold a commodity
that they do not own with the expectation that they will be able to purchase it léter at a lower
price. A short sale is a contract for the sale of ;ometﬂi;lg not owned by the seller, such as a
commodity or a futures contract. Short selling is a‘method of profiting from the expected fall
in cé?nrhodity prices, but users of such techniques run the risk that instead of faliing, the
price of the underlying commodity will rise, and the party will then face the financial penalty

of having to purchase at whatever price the commodity reaches in order to cover the short

sale. i

Stepwise Regression: A regression technique in which &e variable at a time is
added or removed from a model which begins as a simple regression model, using what is
deemed to be the best independent variable.

Swap: A portfolio of forward contracts. A swap is nearly identicai to a sequence of
forward contracts at different maturity dates. Swaps can be tailored to fit the neéds of a

particular counterparty.
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Transmission Pipeline: A pipeline used to transport natural gas from supply areas to
local distribution companies, large volumes cu'st;)mers (e.g., utilities to use for power
generation, large industrial customers), or other transmission pipelines. Transmission
pipelines are considerably larger than distribution pipelines, operate at a relatively high
pressure, and traverse long distances. |

Wellhead Price: ‘The price ;eceived by the producer of natural gas or oil at the
producing well site. Wellhead price plus pipeline transmission coéts yields the city gate

price. o .

a2
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Appendix A:
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Appendix B: ;

Monthly AECO Index Price Prediction Errors
Over Time and by Period ’
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Appendix B:

Month 2 wks back 3 wks back 1 month back
Jun-99 13% 0.1% 0.8% -0.4%
 May-99 -0.8% 1.5% 5.8% 7.5%
Apr-99 2.3% 2.0% 4.0% 2.9%
Mar-99 1.2% -1.4% -1.7% -1.0%
Feb-99 -1.5% 0.8% 1.3% _ -8.6%
Jan-99 2.7% -8.3% + 6.6% 53%
Dec-98 .32% 1.5% 3.6% -3.0%
Nov-98 -3.0% -2.4% 0.4% 0.2%
Oct-98 27% -2.8% 10.7% 11.4%
Sep-98 -0.8% -5.3% 0.8% 4.7%
Aug-98 0.1% 06% - 1.5% 29%
Jur98 -7.8% 4.1% 10.2% 2.6%
Jun-98 31% 1.1% 1.1% -8.9%
May-98 5.5% 7.0%: 6.1% 5.5%
Apr-98 0.2% 1.7% 4.3% 3.9%
Mar-98 0.4% 0.4% 0.4% 0.4%
Feb-98 6.2% 4.5% 2.9% . 4.3%
Jan-98 0.2% -16% . 0.2% 0.6%
Dec-97 45% 12% -10.7% -23.3%
Nov-97 7.7% - 44% 4.3% 5.5%
Oct-97 -0.9% -2.4% -1.0% 0.1%
Sep-97 -1.4% 4.0% 41% 3.3%
Aug-97 1.5% -0.6% -5.4% 21%
Jul-97 -3.8% -2.8% 2.9% 41%
Jun-97 26% -1.9% -5.2% 11.9%.
May-97 -1.0% -1.8% 1.9% 9.9%
Apr-97 -3.4% 3.3% 0.6% 4.7%
Mar-97 16.8% 8.7% -26.4% -31.2%
Feb-97 -8.4% -8.6% 1.7% 18.8%
Jan-97 -5.2% -0.3% 6.1% 9.8%
Dec-96 A1.7% 0.4% 18.7% 23.4%
Nov-96 3.4% 32% 3.5% - 88% -
Oct-96 0.7% 0.1% 1.6% 0.6%
Sep-96 -0.3% 0.2% 0.6% 2.0%
Aug-96 -0.8% -1.5% -1.9% 6.5%
Jul-96 0.6% 0.1% 1.9% 2.2%
Jun-96 -2.2% 2.2% -2.9% 4.3%
May-96 -0.7% 1.49 ©1.0% -7.0%
Apr-96 0.0% @ 1.1% 6.5%
Mar-96 3.9% 0 51% 95%
Feb-96 6.1% 9.8% ~11.8% 9.1%
Jan-96- -2.4% -0.9% . 6.1% 8.0%,
Dec-95 -0.6% 0.8% -1.5% 1.9% )
Nov-95 0.2% 0.6% -3.0% -4.0%
Oct-95 0.1% 1.9% 4.0% 3.3%
Sep-95 0.0% -0.8% 2.6% 12%
Aug-95 0.1% 1.5% 0.1% -2.9%
Jur95 2.4% -0.8% -11.4% -14.6%
- Jun-95 1.3% 2.0% -0.3% 2.1%
May-95 -1.8% 3.5% 5.8% 92%
Apr-95 -1.5% -2.0% 5.4% 6.9%
Mar-95 -1.3% 12% 0.7% 2.3%
Feb-95 5.8% 2.2% -2.0% -11.8%
Jan-95 11.0% 6.7% -7.3% -13.9%
"Feb-95 10% 0.7% T~ 68% 111%
Mar-95 1.0% “1.4% 7.0% 2.7%
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Appendix C:

Monthly Sumas Index Price Prediction Errors -
Over Time and by Period |
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Appendix C:

Month 1 wk back 2 wks back 3 wks back 1 month back

.

Jun-99 1.7% 1.9% 27% 4.7%
May-99 6.8% 8.8% 11.2% . 162%
Apr-99 2.1% - 1.4% -3.8% 5.0%
Mar-99 0.7% -4.0% -4.7% -1.7%
Feb-99 -4.0% -9.7% -5.5% -18.2%
Jan-99 -9.4% 14.6% 31.8% 34.0%
Dec-98 - 43% -5.1% -16.5% -14.1%
Nov-98 2.9% 4.2% -9.6% -0.6%
Oct-98 T 1.0% -2.4% 7.8% 10.5%
Sep-98 -1.9% -2.9% 1.4% - 3.1%
Aug-98 4.9% 3.3% 6.2% 6.4%
Jul-98 -0.3% 12.8% 14.8% . 4.3%
Jun-98 -1.8% -4.3% -8.0% -16.7%
May-98 2.4% 6.5% 2.1% 11.6%
Apr-98 4.9% 7.0% 12.7% 13.1%
Mar-98 0.9% -10.1% -15.6% -19.9%
Feb-98 6.9% -15.9% 21.0% -9.0%
Jan-98 -2.3% - 1.9% 10.0% 25.5%
‘Dec-97 -1.6% -35.0% -49.5% . -88.1%
Nov-97 0.0% 21.5% 26.4% 24.0%
. Oct-97 -0.3% -0.5% -1.4% 0.3%
Sep-97 -1.5% - -1.0% 1.7%. 6.5%
Aug-97 -4.2% -12.7% -9.6% -12.2%
Jul-97 -5.5% -78% |. -52% -3.9%
Jun-97 0.5% 3.6% -2.2% -0.4%
May-97 -7.5% d 0.8% 5.6% 15.8%
Apr-97 ‘ 0.9% ~[— -1.4% - -3.6% -1.1%
Mar-97 -5.9% -42.9% 42.9% -79.0%
Ll -
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Appendix D: T .

Prediction Errors by Period for AECO Index |

Summer (April - October) Natural Gas Prices

:\w
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Appendix D: )
mmer ril - r) Natur. i
Time Period Apr-Oct 98 Fest Apr-Oct 97 Fest | Apr-Oct 96 Fest | Apr-Oct 95 Fcst
Sep 1 of pd. 1.8% 0.0% . 0.4% 0.5%
Aug 1 of pd. 0.2% 2.5% 0.3% 0.8%
Jul 1 of pd. ) 0.3% 1.7% 2.3% 0.8%
Juntofpd. 3.3%- 3.6% . 3.5% ’ 11.1%
May 1 of pd. 0.1% 11.0% 0.0% 12.1%
Apr 1 of pd. 4.4% 2.0% 9.9% 1.2%
1 mo. prior 9.0% 8.7% 18.3% 10.9%
2 mo. prior 12.6% 4.4% 22.2% : 15.5%
3 mo. prior - 26.7% "0.9% "14.3% 1.7%
4 mo. prior - 26.5% 5.5% 6.7% 14.4%
5 mo. prior 14.1% 12.7% 3.6% 3.1%
6 mo. prior 12.9% 19.8% . 9.1%
7 mo. prior 12.4% 21.6% 8.2%
8 mo. prior 14.5% 17.9% 9.3%
9 mo. prior " 13.8% : 18.9% 10.2%
10 mo. prior 14.1% ~~-19.3% 23.9%
11 mo. prior 10.5% 18.%%
12 mo. prior 12.5% )
13 mo. prior : 20.2%
14 mo. prior 16.2%
'~
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Appendix E:

) Prediction Errors by Period for Sumas Index

Summer (April - October) Natural Gas Prices
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Appendix E: -

Time Period Apr-Oct 98 Fest Apf-Oct 97 Fest
Sep 1 of pd. - 1.3% 2.7%

Aug 1 of pd. 1.2% - 3.0%
Jultofpd. - 1.4% 5.7%
Jun-1 of pd. ‘ 14% - ) 0.0%
May 1 of pd. 0.8% 9.5% A
Apr 1 of pd. 2.5%, 1.4%

1 mo. prior 14.1% 10.9%

2 mo. prior 15.4% 18.7%

3 mo. prior 21.3% 2.3%

4 mo. prior - 25.1% 0.3%

5 mo. prior 16.6% 3.8%

6 mo. prior 14.0% 9.0%

7 mow prior 12.9% 13.2%

8 mo. prior 13.2% 10.2%

9 mo. prior 9.7% 15.2%

10 mo. prior - 10.0% 20.8%

11 mo. prior '9.4% 15.2%

12 mo. prior 10.0% - 7.4%

—
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Appendix F:

Prediction Errors by Period for AECO Index

Winter (November - March) Natural Gas Prices
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Appendix F: K/ 7?

: s

Time Period Nov 98 - Mar 99 Fcst| Nov 97 - Mar 98 Fcst| Nov 96 - Mar 97 Fcst| Nov 95 - Mar 96 Fest

Feb 1 of pd. ~ - 0.0% 0.1% -3.2% -8.5% '

Jan 1 of pd. -3.5% 3.7% 0.7% -10.7%

Dec 1 of pd. -0.7% 4.3% 6.9% 8.2%

Nov 1 ol;pd. -10.6% -16.9% 281% 9.8%

1 mo. prior -14.2% -18.8% 32.8% 55% -

2 mo. prior -3.6% -17.2% ‘ 34.9% 5.9%

3 mo. prior -11.0% : -8.7% 32.1% 3.3%

4 mo. prior , -13.2% -9.3% 34.4% - 2.8%

5 mo. pior -52% -5.8% 35.3% -11.5%
;@aﬁ%&’:;r 1.2% -21.8% 34.6% -7.5%

7 mo. prior -2.5% -13.1% 26.8% 0.3%

8 mo. prior 1.7% : 2.1% 21.8% 7.0%

9 mo. prior 8.2% 41% .- 213% - 13.5%

10 mo: prior 15.3% -4.0% =7 1.4% °

11 mo. prior 19.8% -4.8% -15.7%

12 mo. prior 15.7% 4.1% -28.1%

13 mo. prior 16.7% 12.3%

14 mo. prior 17.7%

15 mo. prior :

16 mo. prior 24.3%

17 mo. prior 25.9%

7

S
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Appendix G: |

Prediction Errors by Period for Sumas Index

Winter (November - March) Natural Gas Prices

i
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Appendix G:

- Mar-97 Fcst

70

Time Period Nov 98 - Mar 99 Fcst | Nov 97 - Mar 98 Fcst | Nov 96

Feb-1 of pd. 0.3% -3.1% - -6.2%

Jan 1 of pd. -4.2% -3.2% -8.4%

Dec 1 of pd. 9.5% 4.9% 3.9%

Nov 1 of pd. -2.1% -31.3% 25.9%

1 mo. priof -9.8% -31.4% 42.4%

2 mo. prior 1.7% -26.5% 48.8%

3 mo. prior 6.2% -14.0% 44.4%
~ 4 mo. prior -11.5% -15.7% - 50.7%

5 mo. prior  6.7% -12.4% 51.8%

6 mo. prior -5.3% -13.3% 50.0%

7 mo. prior -8.1% -7.1% 48.1%

8 mo. prior -2.4% -2.9% 44.7%

9 mo. prior . 0.9%" -2.9%

10 mo. prior C27% -18.8%

11 mo. prior 7.5% ]

12 mo. prior -13.7% -7.6%

N
- \
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App’endiﬁﬂ:

Monthly Price Prediction Error
Step-Wise Regression Models and Data Sets
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‘Ap'penkdix H: -

Monthly Regression Model Data Set-

N .
¥ -
Error 8= WintMo =1 "1wkback 2wkhack 3wkback

Sumast an-99 101.7% 3 0 1 [ 0
' May-99 106.8% 1 [ 1 [ 0
Apr-99 1021% 1 0 1 [ [}

Mar-99 100.7% T T T ] (]
Feb-99 |96.0% 1 1 1 ° °
Jan-99 906% 1 t 1 ° 0
Dec 98 104 3% 7 1 1 ) )
Nov-98 97.1% 1 1 1 [} °
Oct-98 101.0% t [ 1 ° °
Sep-98 98.1% ¥ [ ] 0 Q)
Aug98 104.9% 1 [ 1 ° °
Juk-98 $9.7% 1 ] 1 ° [}
98 8% - - T [ 1 T [)
May-98 102.4% 1 0 R [} °
Apr-98 104.9% 1 [ ARl [ [

Mar 52 100.5% T ] 7 [ Q)
Feb-98 93.1% 1 1 1 [} °
Jen-98 97.7% 1 1 1 [} [}

Nov-97 100.0% 1 T [ B ]
Oct-97 99.7% i ° 1 ° [}
Sep-97 98.5% 1 ] 1 ° °
Aug-97 95.5% 1 ] 1 0 ]
a-97 94.5% 1 ° 1 [ [}
Jun-97 100.5% 1 0 1 [ 0
May-97 925% T 0 i T 0
Apr-97 99.1% 1 ° 1 [} °
, Sumas2 Jun-99 101 9% 1 ° ° 1 °
May-99 T08.6% (E C T T T
Apr-99 101.4% 1 0 [} 1 °
Mar-99 96.0% 1 1 [} 1 °
Feb-95 903% [ 1 [y 7 )
- Jan-99 1148% 1 1 [} - 0
Dec-98 24.9% 1 1 ] 1 . [
Nov-88 104 2% T 1 [ [ O
Oct-98 97.6% 1 [ ¢ 1 ]
Sep-98 97.1% 1 ] [ 1 0
Aug-98 103.3% 1 0 o 1 Q)
98 1128% 1 [ [ 1 [

Jun-98 95.1% 1 - ] [ N 1 0 .
May-98 5% ] 0 ) T 0
Apr-98 107.0% 1 [ 0 1 [
Mar-98 89.9% N 1 o 1 [
Feb-98 A% A T O T 3
Jan-98 101.9% 1 1 0 1 °
Nov-97 1215% 1 1 0o . 1 °
Ocd-97 95.5% ] 3 ) 1 T
Sep-97 99.0% 1 [} [ 1* [
Aug-97 87.3% 1 [} ° 1 0
o7 [F¥ T [] 3 T o
Jun-97 103.6% 1 [} ° 1 [
May-97 100.8% 1 [} [} 1 °
AP-97 86% 1 [ ) 1 0
Sumas 3 Jun-99 102.7% 1 [ [ [ 1
May-99 11.2% 1 0 [ ° 1
A9 (533 1 3 [ ] T
Mu-99 $5.0% 1 1 o ] t
Feb-99 94.5% 1 1 0 [ R

Jan-99 131.6% T 1 ) 3 [
Dec-98 835% 1 1 [ [ 1,
Nov-98 90.4% 1 1 ] 0 1
Oct-98 107 8% T 3 ) ] 1
Sep-93 101.4% 1 0’ 0 [ Al
Aug-98 106 2% 1 [ 0 .- [ M
*H98 T4 8% 1 o o ] T

Jun-08 2.0% 1 [ [ [} 1
May-58 7% 1 ) o ° i
7 ET) TIZ.T% T 0 ] 0 T
Mar98 84.4% 1 LN | [} 0 1
Feb-98 79.0% 1 1 [} ° 1
Jan-98 110.0% [ [ ) ] T
Nov-97 126.4% 1 1 ° [ 1
N Oct-97 98.6% 1 0 0 ] 1
T Sap a7 T01.7% T 0 ) ] T
Aug-97 90.4% 1 [ 0 ° 1
k97 $4.8% 1 [ [N ] 1
Jon-97 97.6% 1 (] [ [ T
May-97 105.6% 1 0 ° [ '
Apr- 96 4% [ [ [} ° '

SNy
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Appendix H (con'd):

Sumas 4 Jun-99 104.7% 1 ) ] )
“May-89 118.2% 1 (] 0 0
Apr-99 105.0% 1 0 0 [
Mar-99 98.3% 1 1 0 0
Fed-99 8).8% 1 1 0 0
. Jan-99 134.0% 1 “« 1 0 0
Dec-98 85.9% 1 1 0 0]
Now-98 090.4% 1 1 0 0
Oct-98 $10.5% 1 0 (] pi 0
Sep-98 103.1% 1 7 (] ]
Aug-98 108.4% 1 0 [ 0
Jul-98 104.3% 1 0 i o 0
Jun-o8 $3.3% 1 [ ] [
May-98 111.6% 1 (] (] 0
Apr-98 13.1% 1. 0 0 0
Mar-98 20.1% 7 1 [ ]
Feb-98 91.0% 1 1 (] 0
Jan-98 125.5% 1 1 0 0
(=8 Now-87 124.0% 1 g [} (]
Oct-97 100.3% 1 [ 0 0
Sep-07 93.5% 1 0 o 0
AUg-67 87 % 1 0 ] 0
Juk97 06.1% 1 [ [ 0
Jun-97 99.6% 1 0 0 0
May-97 115.8% 1 0 [ ]
Apr-97 98.9% 1 [ [ 0
AECO 1 Jun-99 M101.3% 4 0 0 [ 0
- May-o9 0.2% ] o [ [
Apr-99 102.3% [ 0 0 [
Mar-99 101.2% [ 1 0 0
Feb-09 101.5% [ [ o, )
Jan-9% 97.3% 0 ‘1 0 0
Dec-98 103.2% ] 1 [ [
Now98 97.0% ] 1 0 0
oc-98 97.3% 0 0 ° [
Sep-98 99.2% C 0 0 0 0
Aug-98 100.1% 0 ] ] 0
Jul98 92.2% 0 (] 0 0
Jun-98 103.1% 0 0 0 0
May-o8 105.5% 0 [} 0 [
Apr-98 100.2% 0 0 (] 0
Mar-98 100.4% 0 1 ] 0
Feo-98 % ] 1 0 0
Jan-98 99.8% 0 1 0 [
Now9? 923% 0 1 0 0
Oa-o7 1% 0 (] 0 3
Sep-97 986% 0 [ 0 [
Aug-97 101.5% 0 0 (] 0
Rre? %6 2% [ ] 3 ] CRp
Jun-97 97.4% ) ) £ ) 0
May-97 99.0% 0 0 0 0
Apr97 6% ] [ ) 0
AECO 2 Jun-99 100.1% [ [ 1 ]
May-99 101.5% 0 0 3 0
Apr-a9 102.0% T ] T [
Mar-99 88 6% 0 1 1 [
Feb-99 100.8% 0 1 1 0
Jan-99 P17% ] T 1 [
Dec-98 . B85% 0 1 Y [
Nov-98 N, 97.6% 0 1 10 0
Oq-98 9T 2% ] [} [ (B
Sep-98 94 7% 0 [ 1 0
Aug-98 99.4% 0 0 1 0
M Jul-08 104.1% 0 [ 1 0
Jun-88 101 1% [} [} \(N 0
- May-88 930% - o [ 1 0
R Apr-et 101 7% ] ) 1 3
Mar-98 100.4% 0 1 1 0
Feb-98 104 5%. [ 1 1 . 0
Jan-08 Ha% | R K] [ 0
Now-97 104.4% - o 1 1 0
Oct97 976% | 0 0 R 0
Sep-97 T640% | ] ] 1 o
Aug-97 $0.4% 0 [ 1 0
Jub97 97 2% 0 0 1 0
B Jun-§7 o3 1% o ] 3 Q)
May-97 88.2% o 0 1 0
Apr-97 103.3% [ 0 1 0
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- Appendix H (con'd):

~

AECO 3 Jun-99 100.8% 0 0 0 0 1
May-99 105.8% 0 0 0 0 1"
Apr-99 96.0% 0 0 0 0 1
Mar-59 98.3% 0 1 0 0 1
Feb-99 101.3% 0 1 0 0 1
Jan-99 106.6% 0 1 0 0 1
Dec-98 96.4% 0 1 0 0 K]
Nov-58 100.4% 0 1 0 0 1
0c-98 110.7% 0 0 0 0’ 1
Sep-98 100.8% 0 0 0 ) 1
Aug-98 101.5% 0 0 0 0 1
Juk-98 110.2% 0 0 0 0 1
Jin-98 96 5% 0 0 0 o 1
May-98 93.9% 0 0 0 0 1
Apr-98 104.3% 0 0 0 0 1
Mar-S8 996% 0 1 0 0 1
Feb-98 102.9% 0 1 0 0 1
Jan-98 100.2% 0 1 0 0 1
Nov-§7 104.3% 0 1 0 ) 1
0Oct-97 99.0% 0 0 0 0 1
Sep-97 104.1% 0 0 0 0 1
Aug97 546% 0 0 0 0 1
Juk97 102.9% 0 0 0 0 1
Jun-97 94.8% 0 0 0 0 1
May-57 101.5% 0 0 0 0 . 1

‘ Apr-97 100.6% 0 0 0 0 1

AECO 4 Jun-99 996%, 0 0 0 0 0
May-39 T07.5% - 0 0 0 ) 0

© Apr-99 102.9% 0 ) 0 0 0
Mar-99 99.0% 0 1 0 0 0
Feb-99 91.4% 0 1 0 0 0
Jan-99 105.3% 0 1 0 0 0
Dec-98 97.0% 0 1 0 0 0
Nov-98 100.2% 0 1 0 0 0
Oct-96 11.4% 0 0 0 0 0
Sep-98 95.3% 0 0 0 0 0
Aug-98 102.5% 0 0 0 0
Juk9s 102.6% 0 0 0 0 )
Jun-98 91.1% 0 0 0 0 0
#ay-98 105.5% o 0 0 0 0
Apr-98 103.9% 0 0 0 0 0
Mar-98 100.4% 0 1 0 0 0
Feb-58 104.3% 0 1 0 0 0
Jan-98 100.6% 0 1 0 0 0
Nov-97 105.5% 0 1 0 0 0
0ct-97 %.9% 0 0 [ 0 0
Sep-97 103.3% 0 0 0 0 0
Aug-97 97.9% 0 0 0 0 0
JoR87 104.1% 0 0 0 [ 0
Jun-97 88.1% o 0 0 0 LY
May-97 109.9% 0 0 0 0 0
Apr-97 104.7% 0 0 0 0 0
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Appendix I

Seasonal Price Prediction Error
Step-Wise Regression Models and Data Sets
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