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Abstract
The aim of our research is to test and evaluate the technical indicators and oscillators, which are
commonly used on other stocks and commodity markets (e.g. moving averages, stochastic oscillator,
etc.) in terms of their efficiency at the present European natural gas virtual trading points (VTPs). The
decisive factors are the achievable cost savings in purchases. The scope of our work includes the
testing of trading systems on historical prices of European natural gas VTPs. These trading systems
will be compared with each other and evaluated in terms of their efficiency and long-term stability.
The results show that in more than half of the cases, the average buying price of natural gas is lower
than the median price; hence the use of technical-indicator-based trading systems in natural gas
procurement portfolio management would be beneficial.
Keywords: Portfolio management, Virtual trading point, Title transfer facility, Backtesting, Natural
gas
JEL Classification Nos.: C63, D22, F14, G11, Q37

1. Introduction
The aim of our research is to test and evaluate technical indicators and oscillators in terms of
their efficiency and long-term stability given the present conditions at European natural gas
virtual trading points (VTPs). This efficiency and long-term stability will be assessed and
evaluated. The achievable cost savings by using the technical indicators and oscillators in gas
*
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purchases will be determined. The tested technical indicators and oscillators are popular and
commonly in use on other stock, commodity, and foreign exchange markets. To the best of
our knowledge, this is a first study considering the use of technical indicators in newly
emerged European gas hub markets and their profitability in gas procurement.
The liberalization of the European natural gas market offers new opportunities for gas
trading. Today, buyers no longer have to purchase gas via oil-indexed long-term contracts
(LTCs) from producers, as had been the case in Europe for the previous 20–30 years. Instead,
they can buy gas from European virtual trading points (VTPs) (e.g. Title Transfer Facility
(TTF) in the Netherlands, GASPOOL in Germany, Huberator Zeebrugge in Belgium). The
advantage of such a switch lies in the decoupling of the gas and oil prices; the gas price at
VTPs is more supply- and demand-orientated than the price in long-term contracts (LTCs).
Public utilities can purchase gas with the help of natural gas procurement portfolio
management processes. The similarity of the VTPs with the other liquid commodity markets
suggests the use of technical analysis for the optimization of natural gas trading processes.
Over the last 10–20 years, the liberalization of the European natural gas markets has
changed the market conditions, the trading contracts, and the gas-pricing structures. The
emerging gas spot markets and their concept of competitive trading are a result of the market
changes. Gas trading has become more transparent, and today does not only take place in the
form of oil-indexed LTCs, as was the case prior to the 1990s.
The new trading structure of natural gas in Europe is getting more similar to a traditional
commodity market. Gas trading takes place at so-called hubs or virtual trading points (VTPs),
where the price is settled by supply and demand. In contrast to the oil-indexed contracts, the
price is also influenced by weather, seasonality, risk of supply disruption, and storage
capacity conditions. The difference between a virtual and a physical gas hub can be described
as follows: on a physical hub, the gas is exchanged at a precisely defined physical location,
whereas on a virtual hub, the gas is exchanged in a specific zone that is part of a national or
regional gas network. The gas eligible for trading on a virtual gas hub is the one that entered
the zone and is entry paid, whereas on a physical hub, it is the gas passing through this
location. In a physical hub, the gas can be imported or exported from the zone through
physical trading. In contrast, in a virtual hub, the gas always stays in the zone and can only be
sold to the end consumers in that zone. As more traders and speculators engage in organized
spot trading on an exchange, the liquidity and volatility of the spot market increase. For the
end-consumer, supply from the spot market, which is sufficiently liquid, could turn out to be a
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better alternative than an oil-indexed long-term contract with a wholesaler (Bhattacharyya,
2011, p.376).
One of the first milestones in the development of the European natural gas market was the
discovery of the Groningen gas field in the Netherlands in 1959. In 1962, a new pricing
concept was introduced, which is now called “net-back value pricing”. In this pricing
approach, the market value of gas in inter-fuel competition is established at the point of
consumption. Then, the transportation and infrastructure costs are deducted, and the resulting
netback price is given to the point of sale. The gas from Groningen originated in continental
Europe, and so the gas transportation costs were not a major cost factor for the European gas
import countries, such as Germany. In contrast, gas from Algeria and Russia had to be
delivered over thousands of kilometers, whereas that from Norway required offshore
pipelines, and other infrastructure, with much higher transportation costs. The need to repay
the large transportation and infrastructure investments was reflected in long-term oil-indexed
contracts, which were signed for 20-30 years and contained “take-or-pay” clauses. The “takeor-pay” or “minimum bill” terms secured the payment of the minimum annual quantity of
natural gas, which would typically be 80-90% of the annual contract quantity agreed upon
(Melling, 2010, pp.16–22).
The liberalization process of the European gas market started in the late 1990s. The first
European gas directive entered into force in 1998 (98/30/EC), aimed at creating an internal
gas market in Europe. The second directive (2003/55/EC) made the gas transportation
network owners independent from production and supply. The third directive (2009/73/EC)
had the purpose of bringing more transparency into the European gas markets. The first gas
hub in Europe was the national balancing point (NBP) in the UK, opened in 1996. Another
one, in Zeebrugge, Belgium, went into operation in 2000. In 2003, the Dutch TTF and Italian
PSV were established, followed by the French PEG in 2004; the Austrian CEGH in 2005, and
the German GASPOOL and NCG in 2009 (before that, Germany had other, smaller hubs,
such as EGT or HubCo, which were later incorporated into the NCG and GASPOOL hubs)
(ct. Renou-Maissant, 2012, pp.779–780). Figure 1 shows the rapidly increasing amounts of
traded natural gas volumes (in billion cubic meters, bcm) at the various European VTPs from
1999 to 2011.
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Figure 1: Continental European hubs (VTPs) trading volumes, 1999–2011
Source: Heather (2012, p.31), modified; CEGH from TSO data

As a hydrocarbon and non-renewable resource, natural gas is more abundant and widespread
on the earth than is oil. This fact suggests the possibility of a better supply security for
consumers. In a combustion process, natural gas emits less CO2 than does oil or coal for an
equivalent amount of energy. Lignite coal emits 215.4 pounds of CO2 per million Btu, diesel
fuel and heating oil 161.3, and natural gas 117.0 (EIA, 2013). This is an important ecological
advantage of natural gas in comparison with other fossil fuels. Today, as environmentalism is
gaining more importance, globally and especially in Europe, natural gas could become one of
the main resources for the energy supply of the future (Bhattacharyya, 2011, p.354).
World proven natural gas reserves (i.e. the geologically proven and economically
recoverable resources) in 2012 were estimated at 187.3 trillion cubic meters (187 * 1012 m3).
This amount should be sufficient for the next 55.7 years of global production (assuming
constant 2011 global production rates). Global natural gas production in 2012 amounted to
3363.9 billion cubic meters (bcm); this number excludes gas-flared or recycled gas. In
comparison to 2011, the largest increases in production took place in Norway (+12.6%),
Saudi Arabia (+11.1%), and Qatar (+7.8%). The global natural gas consumption grew from
3232.4 bcm in 2011 to 3314.4 bcm in 2012, which is equivalent to a +2.2% increase.
Although global consumption went up, consumption in the EU (-2.3%) and in the Former
Soviet Union (FSU) (-2.6%) declined in comparison to 2011 (BP; Cedigaz, 2013). Figure 2
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shows the global development of natural gas reserves, production, and consumption from
1965 to 2013.

Figure 2: Global reserves, production, and consumption of natural gas, 1965 to 2010
Source: Own illustration, based on (BP, 2013)

In the future, natural gas could become the most economical fuel for generating power. At
present, the economics of electricity are influenced not only by technology, investment costs,
and fuel prices, but also by environmental impacts and public policies. The growing costs
from greenhouse gas policies could be a decisive factor in the change of the global fuel mix
for electricity generation. Since natural gas emits up to 60% less CO2 than coal does, and in
the case of rising CO2 costs of up to $60 per ton in the OECD (Organization for Economic
Co-operation and Development) countries, natural gas is becoming increasingly competitive
to coal, the latter being the main energy source for global power generation today: in 2008,
41% of global power generation used coal as the energy source, 20.1% used natural gas, 16%
used hydro, 14.8% used nuclear, 5.8% used oil, and 2.3% used other sources, such as
geothermal, solar, wind, and waste (EIA, 2008). Gas-fired power plants can be quickly
ramped up, and they have better demand adjustment possibilities and lower capital investment
costs. Emitting less carbon dioxide than coal power plants, gas power plants can also be
located in densely populated areas. Furthermore, fuel storage for the power plant on-site is not
required (ExxonMobil, 2013, p.31).
Commodity markets can be analyzed in different ways, including technical analysis.
Technical analysis uses the data of past price movements for the prediction of future price
21

movements. The market action is visualized with the help of charts. The relevant input
information is price, volume, and open interest. The hypothesis that any possible priceinfluencing factors are already reflected in the price itself is the main principle of the technical
analysis approach. According to this, the price action study is all that is required for the
market action analysis. Another important concept of the technical approach is an assumption
that the price follows certain trends. These trends can be recognized by charting the price
development. Following that premise, it can be said that a trend in motion is more likely to
continue than to reverse. This corollary shows similarities with Newton’s first law of motion:
an object, unless acted upon by an external force, remains stationary or moves with constant
velocity in the same direction. The third principle of the technical analysis refers to human
behavior. As the market participants are all human beings, human psychology, and especially
habit persistence, also plays an important role in the market. It suggests that traders react in
the same way to certain market conditions. Hence, market price patterns that frequently
appeared in the past will also repeat themselves in the future (Murphy, 1999, pp.2–5).
Murphy (1999) is the major reference on technical analysis, serving as the standard
reference today. The author gives an overview of many topics related to technical analysis,
including Dow theory, chart construction, basic concepts of trend, different chart patterns,
volume, open interest, moving averages, and technical indicators and oscillators. Murphy also
addresses the issues of present computer usage in trading systems and suggests guidelines for
building an own trading system.
In the academic world, the technical analysis is considered more as an art than an objective
analytical tool, and its efficiency in forecasting the prices is often doubted. Apart from that,
the technical analysis is a popular forecasting tool among practitioners, especially for shorterterm forecasting horizons on stock, commodity, and foreign exchange markets. To some
extent it is used by the majority of fund managers and is frequently seen as a complementary
technique to fundamental analysis. Users of technical analysis view the psychological
influence as an important factor in market pricing; they observe any herding on the market
and rely on trend-following behavior (Menkhoff, 2010, p.2585).
The methods of technical analysis can be divided into two groups: charting techniques and
technical indicators (also known as mechanical rules). Charting involves the visual
identification of patterns in the price charts. Based on these patterns, the future price action
can be predicted through the development of a trendline. Once a trendline has been
recognized, the trader should open positions on the market (e.g. buying long in an upward
trend or selling short in a downward trend) according to the direction of the trendline. Further,
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there are patterns which could predict the reversal of the trendline. As the charting techniques
are applied mainly by visual inspection, they are very subjective and based solely on the
interpretation of the analyst. Technical indicators, such as moving averages or oscillators,
employ statistical rules on the price action and deliver buy and sell signals. The rules
employed vary from very simple to highly complex ones. Technical indicators provide a more
consistent and disciplined approach to the price action interpretation than charting techniques
(Dixon, 2005, pp.10–16). While charting techniques are not well suited for computerization,
the technical indicators can be programmed into a computer. At present, a wide range of
technical analysis software is available for the purpose of technical-indicator-based trading.
An example of a simple charting technique is depicted in Figure 3. It shows the price
action of the “Calendar Year 2013” futures contract at the TTF gas hub from January 2012 to
September 2012. The price action follows a downward trend from March 2012 to June 2012.
The downward trend is visualized as a trend channel with series of peaks forming the
resistance level, and series of troughs forming the support level of that channel. In July 2012,
the price action breaks the resistance level upwards, and the trend reverses.

Figure 3: An example of a charting technique based on the “Calendar Year 2013” futures contract on the
TTF gas hub from January 2012 to September 2012.
Source: Own illustration, using the MetaStock software

The scope of our research involves the backtesting process of trading systems on historical
price data of different European VTPs. For assessing the efficiency, an efficiency criterion
(EC) needs to be developed. The backtesting process is done with the help of the MetaStock
11.0 technical analysis software. The 51 tested trading systems are based on technical
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indicators and oscillators. The methods used in this research are further explained in section 3.
Section 4 describes the results, and section 5 gives conclusions on the research topic.

2. State-of-the-art in European gas market research and technical analysis
In this section, we review the relevant literature, the price and market conditions of natural
gas in Europe from the last decade up to the present date, the currently prevailing gas
procurement strategies in Europe, and recent research on technical analysis usage and
efficiency on different markets.
Melling (2010) gives an overview of the natural gas pricing mechanisms in Europe. He
describes the development of European gas contracting, the dynamics between oil-priceindexed prices and spot prices, and the market balance. He also reviews the contracting
practices of key gas industry players (Gazprom, Statoil, and others). He concludes that since
2008, as a result of economic recession, the downward step-change in demand, and gas
oversupply in Europe, the spot market prices fell to levels which were (and still are) much
lower than the oil-indexed prices. As a result, the largest external producers (Gazprom and
Statoil) agreed to a volume and price reduction in their contracts with their customers.
Minimum bill (take-or-pay) commitments have been relaxed. Still, the gap between marketbased and oil-indexed gas prices remains in Europe, as does the tension between producers
with their oil-indexed long-term contracts and the customers who get access to alternative and
cheaper ways of gas procurement.
Asche et al. (2013) discuss the relationship between spot and LTC contract gas prices in
Europe. The authors investigate the degree of market integration between the three spot
markets (i.e. NBP in the UK, Zeebrugge in Belgium, and TTF in the Netherlands), the LTC
contract gas price in Germany, and the oil price. They conclude that there is a highly
integrated market for natural gas in Europe. No evidence of the independent pricing
determination mechanisms in any of the gas markets was found. The authors indicate the oil
price as the main factor of influence for all gas prices.
Stern (2013) examines the major problems brought about by the crisis in international gas
market fundamentals. This crisis is expressed as a failure of prices in long-term gas contracts
to reflect market fundamentals. In the early 2010s, it became difficult for stakeholders to
claim that oil-product-linked pricing in Europe should be considered as an appropriate and
fair gas-pricing method. The prices in long-term contracts no longer resemble the prices
resulting from current supply and demand conditions. At the present time, a transition process
to hub-based pricing is taking place; by 2013, it was well advanced in Europe and dominant
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in the large markets in the northwest of the continent. Stern claims that this transition process
in Europe will not cause a large-scale termination of long-term contracts.
Schultz and Swieringa (2013) investigate the price discovery on the European natural gas
markets (price discovery is the process of an asset price determination through the interactions
of buyers and sellers on the market). The results show that the UK natural gas futures
contracts traded on the ICE (Intercontinental Exchange) display greater price discovery than
physical trading (physical transactions of natural gas) at the major hubs in northwestern
Europe (UK, the Netherlands). The futures contracts are more important in the price discovery
mechanism than over-the-counter (OTC) physical trading.
Renou-Maissant (2012) studies the integration of European natural gas markets. The author
investigates the strength of the relationship between the industrial gas prices in Western
Europe. The results show that an emerging and ongoing process of convergence between the
gas prices in six Western European countries has been taking place since 2001. The European
gas markets, except for the Belgian one, display strong integration. In conclusion, the author
describes the integration of the European gas markets as an open issue at present time.
Heather (2012) poses the question of whether the continental European gas hubs are fit for
their purpose as credible price creation, discovery, and reference points. He claims that the
British NBP hub is the price setter for all other continental hubs and will probably remain the
Sterling benchmark also in the foreseeable future. The Dutch TTF is the best-established hub
on the continent, being the continental European price benchmark for gas in Northwestern
Europe. The situation for other hubs is varied; Germany and France have seen good progress
but are still relatively immature, whereas Belgium is the oldest hub on the continent but
currently lagging far behind in the race to be a marker hub. The author concludes by
predicting that a few gas hubs in western continental Europe will provide a true reference
point in a market-priced environment.
Deutsche Bank Research recently released a report named “Gas glut reaches Europe”
(Auer and Nguyen, 2010), which deals with the global gas-related investment boom and its
consequences on European prices, supply security, and market structure. The authors are
convinced that the resulting oversupply would cause more competition, lower gas prices, and
greater supply security. According to them, the winners could be the end consumers, who
would seize the opportunity to cut their gas procurement costs.
Christie (2012) aims at projecting the future of natural gas demand in Europe. The focus of
the study lies on selected strategy drivers of EU gas demand, such as power generation costs,
the price of carbon, Germany’s nuclear exit, and natural gas in the transport sector. The author
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concludes that mid-term growth in EU natural gas demand is far from certain and remains
strongly dependent on climate policy commitments.
Aguilera (2010) assesses the availability of natural gas in European regions. He estimates a
cumulative availability curve showing natural gas endowment versus production costs, and
finds that gas in Europe is more available and economical than often assumed. This result
could assist in ensuring the security of the gas supply in Europe. In the end, the author notes
that the research results are based on assumptions underlying the availability and because of
that, the future of the European gas supply may not be entirely clear.
Blackader and Haensch (2013) describe the shift in German gas procurement strategies
from high-priced all-inclusive packages towards flexible hub-based solutions. They found that
76% of interviewees intend to base their procurement strategy entirely on wholesale prices,
either by buying the gas directly from trading hubs or by negotiating their supply contracts to
hub prices. 89% of interviewees think that oil-indexed contracts will not return as the
dominant procurement strategy on the German market. The study suggests that the volume of
gas bought at the German trading hubs is going to significantly increase in the future and that
the hubs will continue to grow (Blackader and Haensch, 2013, p.6).
Menkhoff (2010) conducts a survey, questioning 692 fund managers in five countries, the
vast majority of whom rely on technical analysis. The results show that technicians are as
experienced, as educated, and as successful in their career as other managers who do not use
technical analysis. Because of the lower information costs in technical analysis, it is more
popular in smaller asset management firms. The author describe technical analysis as the most
important (which does not necessarily mean the most effective) form of analysis at a
forecasting horizon of weeks.
Marshall et al. (2008) investigate whether intraday technical analysis is profitable in the
U.S. equity market. They examine 7846 rules with regard to their profitability on the SPDR
(Standard & Poor’s Depositary Receipts) series over the 2002–2003 period. Their results
show that intraday technical analysis is not profitable.
Tanaka-Yamakawi and Tokuoka (2007) study the effectiveness of frequently used
technical indicators for intraday forecasting. They apply the indicators on tick data (the data
that provides information on price and volume of every trade transaction) of eight stocks
traded at the NYSE (New York Stock Exchange). The results show an average prediction rate
of 66% on the level of the future price at several ticks ahead. According to this study, the
moving averages are powerful tools for predicting the price range of the immediate future in
the intraday time series of stock prices. Another important finding is the fact that the
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combination of multiple technical indicators improves the prediction power compared to the
case of using single indicators.
Yamamoto (2012) accomplishes an intraday technical analysis of stocks listed on the
Nikkei 225. The author provides evidence of the short-term return predictability for more than
half of the Nikkei 225 listed stocks. Further, he demonstrates that all technical trading
strategies fail to outperform the buy-and-hold strategy (buying stocks and holding them for a
long time).
Ming-Ming and Siok-Hwa (2006) examine the profitability of the moving averages on nine
popular daily Asian market indices from 1988–2003. The authors attest economic significance
of the variable and fixed moving average rules on eight Asian stock markets. The profits
generated from variable moving averages were higher than fixed moving averages. The
Shanghai Composite Index showed the largest profits. The lengths of 20 and 60 days emerged
as the most profitable ones for variable and fixed moving averages. The authors state that the
application of moving averages offers opportunities for yield enhancement and portfolio
diversification.
Ellis and Parbery (2005) discuss the performance of adaptive moving average (AMA) on
the Australian All Ordinaries, Dow Jones Industrial Average, and Standard & Poor’s 500
stock market indices. The benchmarks were the simple moving average (SMA) and the buyand-hold strategy. The results show that net returns to the AMA were not significantly higher
than those of the SMA. The buy-and-hold strategy recorded the highest maximum gross gain
for all three indices. Excluding transaction costs, the AMA does have superior market timing
ability; however, with transaction costs included, the AMA fails to outperform either the
SMA or the buy-and-hold control.
Dixon (2005) opposes technical analysis to the efficient market hypothesis. She studies
five years of data across five currency pairs, finding evidence that foreign exchange sample
data follow a random walk. The profitability based on technical analysis research turns out to
be negative. The author suggests that, over time, markets have increased in efficiency, and as
researchers find profitable patterns, practitioners exploit them to the extent where they are no
longer profitable. Dixon also mentions that there is a natural inclination of individuals to see
patterns in a random series of data. So even if financial data do follow a random walk, it is
only natural for people to see patterns in the data.
Zielonka (2004) provides a justification for the popularity of technical analysis. He writes
that technical signals represent typical cognitive biases, such as the gambler’s fallacy. The
patterns correspond to psychological heuristics of humans and cognitive inclinations. This
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could be the main cause for the popularity among practitioners, although the efficiency of
technical analysis for stock market forecasting remains controversial in the academic world.
However, it should be mentioned that this author based his research only on charting
techniques and excluded technical indicators.
Based on the above-mentioned literature, we can establish the following statements, which
are of importance and relevance to this research. First, the liberalization process of the
European gas market has started and is successfully proceeding. Second, as a result of
liberalization, the new European gas hubs have emerged and are ready to serve the purpose of
natural gas procurement for market-based prices. They will become the preferable option for
gas trading and the main benchmark of the gas price in the future. Third, technical analysis
has established itself in the financial world as a popular and practical forecasting tool,
especially for short-horizon time scales. The efficiency and predictive power of technical
analysis was and still is a subject of research in the academic literature. There are studies that
have found technical analysis methods profitable, while others could not find such evidence.
Could technical analysis help gas portfolio managers to procure natural gas on lower hub
prices? At present, the literature on the use of technical analysis and its efficiency in newly
emerged European gas markets is scarce. This study is one of the first dealing with this
research gap.

3. Methodology
3.1. Theoretical principles of technical analysis
3.1.1. Dow theory
Charles Dow published the first stock market average on July 3, 1884. It was composed of the
closing prices of 9 railroad companies’ stocks and 2 manufacturing firms’ stocks. Later, in
1897, he developed two indices out of one (Dow Transportation, Dow Industries) and
increased the number of stocks in them. Dow thought that these indices provided a good
indication of the country’s economy. Later, he wrote a series of articles about the stock
market behavior in “The Wall Street Journal”. The “Dow theory” that evolved consists of six
basic tenets. The modern technical analysis has grown from this theory (Murphy, 1999,
pp.23–24).
The first tenet says that the stock index discounts all information. All factors that could
influence supply and demand are almost instantly assimilated and reflected in the market price
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action movements. This is applicable to market averages, individual markets, and individual
stocks.
The second tenet suggests that the market has three types of trends. Dow classified the
trends as primary, secondary, and minor ones. The primary trend can last from one to several
years and can be bullish or bearish. A bullish trend (uptrend) shows a pattern of sequentially
rising peaks and troughs in a price action, where each peak and trough is higher than the
previous one. A bearish trend (downtrend) is an opposite situation, where peaks and troughs
decrease in succession. The secondary trend lasts from three weeks up to three months and
represents the trend correction process, where the price movement retraces from the previous
trend in the opposite direction. The minor trend shows fluctuations in the secondary trend and
can last up to three weeks.
The third tenet states that the primary trends have three phases. In the accumulation phase,
the informed investors start to buy stocks, giving an upward momentum to the price action. In
the public participation phase, the trend followers join the buying rally, bringing a rapid
advance in an uptrend. Finally, in the distribution phase, the same investors who started the
bullish trend in the first phase start to sell their stocks, which is the point where the trend
starts to reverse (Murphy, 1999, pp.24–26).
The fourth tenet says that indices have to confirm each other in movements. The signal is
important enough only if both indices are showing it. In the case of their divergence, the prior
trend would continue. With this tenet, Dow referred to his indices as Dow Transportation and
Dow Industries.
The fifth tenet states that the volume must confirm the trend. It should expand or increase
in the direction of the primary trend. In a bullish trend, the volume would rise as the prices
grow, whereas in a bearish trend, the volume would increase when the prices fall. Dow
himself saw the volume as a secondary factor but still an important one.
The sixth tenet suggests that a trend exists up to the point where it starts to give definitive
signals for its reversal. This tenet is an application of a physical law to the market: an object
remains in motion unless an external force forces it to change direction (Murphy, 1999,
pp.27–28).
3.1.2. Trend concept
Trend plays a very important role for the technician, especially in the use of charting
techniques. At most times, the markets do not move in straight lines but in zigzags. These
zigzags are wave-resembling movements, i.e. a succession of peaks and troughs. The analyst
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recognizes the trend from the direction of these. A trend can have three directions – (i) an
uptrend is a succession of rising peaks and troughs, (ii) a downtrend is a sequence of falling
peaks and troughs, and (iii) a sideways (flat) direction trend has a horizontal movement of
peaks and troughs that is not getting significantly lower or higher. The market in an upward
trend is also called a “bullish market” and is a result of demand exceeding supply. The market
in a downward trend is called “bearish market”, where supply exceeds demand. The sideways
market (trendless market) suggests that the forces of supply and demand reach equilibrium
and that they are in a state of relative balance. As mentioned before, Dow differentiated three
groups of trends: major trend, intermediate trend, and near-term trend. They are integrated in
each other, e.g. the intermediate trend can become a correction of the major trend. Most trendfollowing technical analysis methods work with the intermediate trend, which usually lasts
from three weeks up to many months (Murphy, 1999, pp.49–54).
3.1.3. Criticism of the technical approach
Many critics claim that the efficiency of technical analysis is solely based on the self-fulfilling
prophecy effect (e.g. the bullish or bearish patterns in the chart cause waves of buying or
selling). Another point of criticism is the fact that technicians use prices from the past to
forecast prices in the future; this approach is doubted in academic circles especially in
dynamic (evolving) markets. Further, there is also Random Walk theory, which essentially
says that the prices do not trend at all and any price forecasting technique will lose to a simple
buy and hold strategy in the market (see Murphy, 1999, for further details).
This aspect of the self-fulfilling prophecy contradicts the fact that chart reading is a
subjective art. As a consequence, the probability of all technicians acting at the same time and
in the same way is very low. Even if the self-fulfilling prophecy were a problem of concern, it
would have a self-correcting nature. The traders would see that their actions distort the market
and then act in a different way. The sheer power of technicians’ trades is not sufficient to
cause a major market move, because the original cause of bullish or bearish markets always
remains the supply and demand mechanism (Murphy, 1999, pp.16–18).
The assumption that the past prices are not suitable for the modeling of future price action
contradicts the fact that the general method of forecasting itself is based on the study of past
data. In weather prediction or fundamental analysis, the forecasting method always uses the
observations from the past as input data. Chart analysis should be considered to be a form of
time series analysis, i.e. an analysis that is based on a study of the past. To question the
relevance of past prices for future predictions would mean to question the validity of other
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economic and fundamental forecasting methods, because they use essentially the same
principles (Murphy, 1999, pp.18–19).
Random Walk theory claims that the price movement is random and unpredictable. Based
on the efficient market hypothesis, it says that the best strategy in the market is the buy and
hold strategy. However, the market trends are clearly visible in the real world markets (e.g.
stock markets and foreign exchange). Any historical price chart will exhibit price trends. With
the assumption of price randomness and unpredictability, the occurrence of bullish or bearish
markets would be impossible. But from practical experience and empirical observation we
know that the occurrence of bullish and bearish markets has been proven by history (e.g. Wall
Street Crash in 1929, dot-com bubble in 2000, European sovereign debt crisis in 2010).
Murphy states that the impression of randomness declines as the chart-reading skills of the
technician grow (Murphy, 1999, pp.19–21).
3.2. Backtesting method
3.2.1. Backtesting with the MetaStock software
MetaStock is a technical analysis software developed by Equis International, LLC. It helps to
create and edit price charts and to analyze them. It is possible to apply charting techniques and
technical indicators on the charts. It can also apply automated trading strategies to a chart and
deliver corresponding buy or sell signals. Besides, it is possible to test a certain trading
strategy on historical price data; this process is called “backtesting”. The results of
backtesting show the profits or losses which could have been made over time if the system
had been used. With the help of this software, the trader can test multiple trading systems on
multiple markets, stocks and commodities in a very short time. With an indicator builder it is
also possible to create own technical indicators and own trading strategies and to test them
directly with the software. The data can be imported or exported in Microsoft Excel. The
MetaStock is delivered with 50 built-in trading systems. These systems are based on different
combinations of technical indicators. Many of them are commonly used and freely available,
whereas some of them are proprietary systems of Equis International.
As mentioned before, backtesting is a test of a trading system with past historical data. It
can be executed with different trading strategies on different financial securities. The
parameters for backtesting in MetaStock 11.0 include initial equity, default size of a trade
transaction, and acquiring long and/or short positions. The parameters of current research are
adjusted to points-only tests (the performance is tested without initial equity consideration,
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merely the profit of a single trade is important, measured in points). Only long trades (buy
long signals) are considered. Each trade consists of a market entry point (buy) and a market
exit point (sell). Backtesting calculates only the summarized profits or losses of all trades in a
certain timeframe. Broker commissions, slippage, and taxes are not considered in backtesting.
Figure 4 shows an example of backtesting results of different trading systems in MetaStock.
They show the name of a trading system, the ID number, the average net profit (in points), the
number of trades, the best profit, and the worst profit made by each trading system which was
backtested.

Figure 4: An example of backtesting results obtained with the MetaStock software
Source: Own illustration, produced with the MetaStock software

3.2.2. Type of research data, data structure, and timeframes
The backtesting process requires three types of input data which can vary. These are: the
trading system which delivers buy and sell signals, a specific market product which gets
traded, and a timeframe for the backtesting calculation.
The market products studied in this research are the following: Calendar Year 2013 and
2014, Quarter 1 to 4 of 2013 and 2014, Front Quarter, and Front Year. There are 12 products
overall, all of which are traded as futures contracts on three major European gas hubs –
National Balancing Point (NBP, UK), Title Transfer Facility (TTF, the Netherlands) and Net
Connect Germany (NCG). A futures contract is an agreement between buyer and seller to
deliver a commodity at a future date for a price which is pre-determined today. The NBP is
the oldest hub in Europe; the TTF is the most established hub on the continent, and the NCG
is the leading hub in Germany. The 12 products are taken into consideration at these three
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hubs and, as a consequence, there are 36 products available for the current research. The
historical prices for the market products are taken from the EEX (European Energy Exchange)
for NCG products and from ICIS Heren for NBP and TTF products.
There are two timeframes in this research. The first-period timeframe depends on the
products’ price data availability. It varies between one to three years in the time period from
January 1, 2009 to December 31, 2011. The second timeframe from January 1, 2012 to June
30, 2013 is the same for all products that stay in relation to the year 2014. The products of the
year 2013 are tested from January 1, 2012 to December 31, 2012. The trading systems tested
are the 50 systems that are included in MetaStock plus one created by the authors themselves.
Because of a large amount of research work that would be present in the case of efficiency
calculations for all 51 systems, and all 36 products and 2 timeframes, these trading systems
are filtered for their reduction. There is a trades-per-year filter and a net profit filter.
The filters are applied in the following way. First, all 51 systems are backtested on a
product. The trades-per-year filter results from practical requirements in procurement
portfolio management, where it is a usual practice to procure natural gas no more than once or
twice a month. This fact constrains a trading system to deliver between 10 to 26 trades a year.
The first filter eliminates all trading systems from the results which make more or less trades
per year than required. The remaining results are sorted by the net profit made, and the four
best ones are taken for the further efficiency evaluation. As a consequence, the efficiency is
evaluated only for the four different trading systems for each product. Overall, the current
research deals with the efficiency of four trading systems for each of the 36 products in 2
timeframes. As a result, we have a total of 288 scenarios for evaluation.
3.3. Evaluation methods used
3.3.1. Efficiency and stability assessment
The efficiency of each of the 288 scenarios investigated is measured by an efficiency criterion
(EC). The purpose of the efficiency criterion is to calculate the trading system’s efficiency. In
order to assess the efficiency of a trading system in natural gas procurement, it is important to
understand the aim of such systems in procurement portfolio management. The purpose of a
sound procurement strategy for the commodity markets is to buy a commodity at the
minimum price. As a consequence, the task of a trading system in procurement portfolio
management is not to speculate with a commodity (in our case, natural gas) by trading it on
the market for a profit (as is the case in stock and foreign exchange markets), but to buy it at
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the lowest possible price for the customer. Due to that fact, the average buying price of all a
trading system’s buying signals within a certain timeframe should be as low as possible. The
efficiency criterion should show the grade of the cost effectiveness in procurement. In an ideal
case, the average buying price of a system should be lower than the median price of a market
product in the same timeframe. The efficiency criterion must capture and show the gap
between the median price and the buying price of a system and, therefore, express the
efficiency of a trading system.
This approach to the efficiency assessment is based on the following premises. On the one
hand, buying a commodity at the lowest price over a certain time period (minimal price of a
period) would mean a 100% success in procurement. On the other hand, buying a commodity
at the maximal price in a timeframe implies the worst case for a procurement portfolio
management (-100% efficiency). Buying a commodity at a median price over a certain
timeframe would be a neutral case (0% efficiency), as the number of days where the price was
lower would be equal to the number of days with higher prices in that time period. These
premises are shown in Figure 5: buying on the red line level would be the worst case, on the
black line level the neutral case, and on the green line level the best case. These three
statements suggest a calculation method for the efficiency criterion of a trading system in
commodity procurement.
When the average buying price of a trading system in a backtested timeframe (ABPt) is
lower than the median price of a commodity in the same timeframe (MPt), the efficiency of a
trading system is positive and can be calculated as follows:
ABP=
t < MPt → EC

1 n
∑ SBPi )t
n i =1
⋅ 100% ,
( MPt − Pt , min)

MPt − (

(1)

where the ABPt is the average buying price of a trading system at time t, MPt is the median
price of a commodity at time t, Pt, min, max is the minimal/maximal price of a commodity at
time t, and SBPi is the buying price of a trading system.
In the opposite case of a negative efficiency (ABPt > MPt), the calculation is:
ABP=
t > MPt → EC

(

1 n
∑ SBPi )t − MPt
n i =1
⋅ 100% ,
( Pt , max − MPt )

(2)

where the notation is the same as before.
After the efficiency of all 288 cases has been calculated, the corresponding trading systems
are ranked by an efficiency rating system applied to our research. For every result with an
efficiency of between 0–10%, the corresponding trading system gets one point, for every
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result with an efficiency of between 10–20% two points, and for every result with an
efficiency of >20% three points. In our research, all points are summarized and the system
with the highest score is considered to be the system with the best efficiency and best
performance.

Figure 5: The principles of trading system efficiency in commodity procurement for the case of Cal13 on
NBP (in GBP/MWh); worst case (red line), neutral case (black line), best case (green line)

Source: Own illustration

The stability assessment method is based on an assumption made by Appel (2005). He makes
the following statement:

“By their nature, research designs employed in creating this sort of timing model tend to
involve processes that often produce results that have been optimized for the period of
time covered by the research data and that are not equaled in real time going forward. A
way to reduce, if not totally eliminate, these problems connected with optimization is to
test a model in two or more stages. Parameters are set on one period of time and then are
applied to subsequent periods of time to see if the model continues to perform as well in a
hypothetically established future as in the past.” (Appel, 2005, p.62).

This assumption supports the idea of testing the trading systems not only in a single
timeframe as a whole, but splitting the timeframe in different parts. This fact explains the
decision of the authors to conduct backtesting on two different timeframes. As a consequence,
it is possible to compare the efficiency of the trading systems in different timeframes and then
to make judgments about their stability or, as it is sometimes also called, robustness. The
stability can be defined as the difference between the efficiency criterion of the same trading
system in the first and the second timeframe. The small difference means that the system has
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more or less the same efficiency over different timeframes and different price conditions;
hence such a trading system can be called “stable” or “robust”. A big difference in efficiency
indicates that the system is much better adapted to a certain market and price behavior but it
does not fit as well to other market environments. The stability results are ranked in a stability
rating system (in a similar way to efficiency). For every efficiency difference of 0–10%, the
system gets three points in stability, for an efficiency difference of 10–20% two points, and
for an efficiency difference of >20%, it gets one point. The systems are arranged in a stability
rating, and the systems which gain most points are considered to be the most stable ones.
3.3.2. Benchmarking
When the most efficient and most stable systems are defined, the four best will be compared
to an industry benchmark in the procurement portfolio management – a procurement system
based on a dynamic price limit. This procurement strategy works with a certain price limit
value (in our case, 25 €-cents). The buying signal is delivered when the price rises over the
price limit within one day. If the price limit is exceeded by the rising price, it will be set anew
with regard to the new price. If the price rises but does not exceed the price limit, the limit
stays unaltered. If the price falls, the price limit falls, too, but only if the difference between
the price and the price limit grows more than the limit value.
The benchmarking will be conducted on front year products traded on the TTF and NCG
gas hubs from January 1, 2009, to September 30, 2013. It is a common way in procurement
practice to split the demand volume of a year into 12 equal parts and then to buy each part
once a month. This condition will be imposed in the benchmarking; each system will buy gas
only on the first buy signal in a month and ignore the next signals until the end of the month.
This way, it will be possible to compare the procurement price of all systems with an equal
number of trades.

4. Results
4.1. Backtesting
Figure 6 shows the distributions of the analyzed trading systems’ efficiency: plot (a) for all
288 cases (i.e. all hubs) considered, plots (b)–(d) for the NBP, TTF, and NCG gas hubs, and
plots (e)–(f) for the first and the second timeframe investigated (for all hubs). Red columns, in
these figures, give the number of cases with negative EC values and green columns show the
number of cases with positive EC values.
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Plot (a) of Figure 6 shows the distribution of the EC value for all 288 cases. In 61.1% (176
of 288) of them, the EC value is positive, which means that the average buying price of gas is
lower than the median price in the same timeframe. About one third of all cases (93 of 288;
32.3%) delivers an EC value which lies between zero and six percent. Therefore, it can be
said that the natural gas procurement strategies which are based on the technical indicator
systems deliver a good performance in the majority of the cases. This statement supports the
idea of using technical indicators in natural gas procurement portfolio management for
European gas markets.
Plot (b) shows the distribution of the EC values applied to the NBP gas hub. In 78.1% (75
of 96) of the cases, the EC value is positive. 50% (48 of 96) of the cases deliver an efficiency
criterion value which lies between zero and 8%. Among the hubs presented, the NBP is the
one with the highest number of cases with positive results. Also, the percentage of cases with
positive results at the NBP is larger than the percentage of cases with positive results in the
overall assessment.

(a) All hubs

(b) NBP gas hub
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(c) TTF gas hub

(d) NCG gas hub

(e) All hubs, 1st timeframe

(f) All hubs, 2nd timeframe
Figure 6: Distribution of the efficiency of the various trading systems and timeframes
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Plot (c) shows the distribution of the EC values applied to the TTF gas hub. The EC values
are positive in 55.2% (53 of 96) of the cases. 37.5% (36 of 96) of the cases deliver an EC
value which lies between -2% and +6%. The performance of the technical indicators applied
to the TTF gas hub is lower than when they are applied to NBP gas hub. Still, the idea of
using the technical indicators in the procurement of TTF natural gas products would be
beneficial, because more than half of the TTF cases show a positive efficiency.
Plot (d) shows the distribution of the efficiency criterion applied to the NCG gas hub. The
percentage of the cases with a positive efficiency is exactly 50% (48 of 96 cases). 41.7% (40
of 96 cases) deliver an EC value which lies between -2% and +6%. Among the three hubs
considered, the NCG has the lowest number of cases with a positive efficiency.
The two plots (e) and (f) show the distribution of the efficiency criterion in the first and the
second timeframe used in backtesting. In the first timeframe, the percentage of positive results
is 54.9% (79 of 144 cases); in the second it is 67.4% (97 of 144 cases). It can be stated that
the overall performance of the technical indicators in terms of their efficiency in natural gas
procurement is better in the second timeframe than in the first. In the second timeframe, 34%
(49 of 144 cases) of the cases show an EC value which lies between 0% and 6%.
The detailed backtesting results can be found in Appendices B.2–B.4. They contain
information on tested products and timeframes, the median price of the corresponding
products on the tested timeframes, the four evaluated trading systems for each product, the
number of trades, and the calculated EC values.
Table 1 shows the efficiency ratings of the different trading systems, at the NBP, TTF, and
NCG gas hubs, and in the first and the second timeframe studied, respectively. The rating
points were assigned as described in section 3. The “PEC [%]” column shows the percentage
of cases where the system has delivered positive EC values. It can be seen from Table 1 that
the four best trading systems in the overall consideration are “PS Bull Power Bear Power 2
(Corrected)”, “PS Long Sell Short Sale-5 Day”, “Equis - Stochastic 20/80 w/Optimization”,
and “PS Cycle Progression”. They all have a positive efficiency (PEC [%]) in over 50% of
cases. The “PS Bull Power Bear Power 2 (Corrected)” trading system shows a positive
efficiency value of 100%, hence it was always effective. It also gets the maximum points
achieved in the rating (45 points) and is clearly the most efficient trading system for the
natural gas procurement of all in this study. The “PS Long Sell Short Sale-5 Day” shows also
good results, with 81% in the positive efficiency and 42 points in the rating.
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The four best-performing trading systems applied to the NBP gas hub are exactly the same
as in the overall analysis ranking in the same order. These four systems show a noticeable
positive efficiency, which varies between 73–100%. The top three trading systems applied to
the TTF gas hub are the same as in the overall research efficiency rating and in the NBP gas
hub efficiency rating. The fourth system is “PS Pattern Trading System 1”. The values of the
positive efficiency percentage in the TTF cases are lower than in the NBP cases. This
observation supports the statement that the trading systems are more effective at the NBP gas
hub than at the TTF gas hub. The best four trading systems applied to the NCG gas hub are
“PS Cycle Progression”, “Equis - Stochastic 20/80 w/Optimization”, “PS Bull Power Bear
Power 2 (Corrected)”, and “PS Chande Forecast Oscillator”. The positive efficiency values in
the NCG cases are lower than in the TTF and NBP cases.
Further, the efficiency rating of the trading systems in the first and the second timeframe of
research can also be seen from Table 1. The top four trading systems in both of these ratings
are the same as in the efficiency rating of the overall consideration (Table 1). The positive
efficiency percentage figures (PEC [%]) in the second timeframe are higher than in the first.
Table 2 shows the overall stability ratings of the trading systems. This rating considers
only the systems which were available for the efficiency evaluation in both backtesting
timeframes. The systems which were present in one timeframe but filtered out in another
timeframe are not evaluated with regard to their stability. The top four trading systems in this
rating are also the same ones as in the efficiency rating of the overall consideration (Table 1).
According to these research results, the four most efficient trading systems found in this
investigation are also the four most stable ones. As a consequence, it is possible to identify the
best trading systems in terms of efficiency and stability in natural gas procurement at
European VTPs and to accomplish the aim of this research. These trading systems are “PS
Bull Power Bear Power 2 (Corrected)”, “PS Long Sell Short Sale-5 Day”, “Equis - Stochastic
20/80 w/Optimization”, and “PS Cycle Progression”. The detailed technical descriptions and
definitions of these four trading systems can be found in Appendix C.
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Table 1: Efficiency rating of the trading systems considered

Name of trading system
PS Bull Power Bear Power 2 (Corrected)
PS Long Sell Short Sale-5 Day
Equis - Stochastic 20/80 w/Optimization
PS Cycle Progression
PS Chande Forecast Oscillator
PS StochRSI
PS Pattern Trading System 1
Equis - Directional Movement w/Opt
Equis - Momentum Indicators - Expert System
PS Adaptive Moving Average
PS Bull Power Bear Power 1
Equis - MACD - Expert System
PS Percentage Crossover 3%
PS Fractal Trading System 2
Equis - Classic M.A. Penetration w/Opt

ALL HUBS
NBP
TTF
NCG
TIMEFRAME 1 TIMEFRAME 2
Pts PEC [%] Pts PEC [%] Pts PEC [%] Pts PEC [%] Pts
PEC [%] Pts
PEC [%]
45
100 23
100 15
100
7
100 13
100 32
100
42
81 20
94 16
75
6
63 19
87 23
78
38
59 16
73 12
57 10
47 24
55 14
67
29
56 11
75
5
36 12
60 10
50 18
60
16
70
7
88
2
50
7
63
4
100 12
63
14
67
7
88
5
56
2
50
0
0 14
67
11
75
2
100
7
71
2
67
8
75
3
75
7
44
3
75
2
29
2
40
4
44
3
43
7
37
2
25
1
50
4
44
7
37
0
0
5
75
3
100
2
1
0
0
3
67
2
100
5
50
1
50
4
60
0
0
5
50
0
0
4
30
0
0
0
0
4
38
4
33
0
0
2
100
2
100
0
0
0
0
0
0
2
100
1
100
0
0
0
0
1
100
0
0
1
100
4
12
0
0
0
0
4
22
1
8
3
20

Table 2: Stability rating of trading systems considered (all hubs)
Name
Equis - Stochastic 20/80 w/Optimization
PS Long Sell Short Sale-5 Day
PS Cycle Progression
PS Bull Power Bear Power 2 (Corrected)
Equis - Directional Movement w/Opt
PS Pattern Trading System 1
Equis - Classic M.A. Penetration w/Opt
PS Chande Forecast Oscillator

Points
35
33
22
10
7
5
3
3
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4.2. Benchmarking
Figure 7 shows a comparison in efficiency between the top four trading systems in terms of
their overall efficiency rating (Table 1) and the price limit procurement strategy at the NCG
and the TTF gas hub from 2009 to 2013. It can be seen from plot (a) that in only 3 out of 25
cases does the efficiency criterion show a negative value. The three negative values appear in
the year 2013. Most of the time (from 2009 to 2012), the EC values of the trading systems and
the price limit strategy oscillate between 5–15%. In the year 2013, the efficiency of the
systems drops significantly in comparison to the year 2012. The only exception is the “Equis Stochastic 20/80 w/Optimization” trading system with a rising efficiency from 2011 to 2013.
Note that the price limit strategy never reaches the maximum efficiency value in any of the
years.

(a) TTF gas hub, the Netherlands

(b) NCG gas hub, Germany
Figure 7: Efficiency criterion values of the trading systems (y-axis) in comparison to the price limit
strategy from 2009 to 2013 [in %]
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The results of the comparison depicted in plot (b) are similar to the results shown in Figure
6(e). The EC values drop from 2012 to 2013, and they all show negative values in 2013. The
performance depicted of the price limit strategy here is similar to its performance in Figure
6(f); it never reaches the maximum efficiency in any year. These results show that the four
trading systems which have been compared with the price limit procurement strategy are often
the more effective ones. As a consequence, these systems can be used in natural gas
procurement portfolio management. With their help, it is possible to procure natural gas at a
relatively advantageous price at the European gas hubs, such as the TTF and the NCG. The
detailed benchmarking results can be found in Table B.5 (Appendix B).
4.3. Possible influencing factors on the efficiency of trading systems
According to the backtesting results obtained, the trading systems are most effective in the
procurement at the NBP gas hub and least effective at the NCG gas hub. This statement is
supported by the following facts. Although each of the three gas hubs was backtested with the
same number of cases, the same procurement products and within the same timeframes, there
are significantly more cases with positive efficiency values on the NBP (78.1%) than on both
the TTF (55.2%) and the NCG (50%). Further, it can be seen in the efficiency ratings (Table
1) that the points gained by the trading systems applied to the NBP gas hub are generally
higher than the points gained by the trading systems applied to the TTF and NCG. The top
system at the NBP achieves 23 points, the one at the TTF 16 points, and the one at the NCG
only 12 points. The same observation applies to the percentage of positive efficiency in these
ratings (with the exception of “PS Bull Power Bear Power 2 (Corrected)” system, which
shows a 100% positive efficiency values at every gas hub).
As mentioned in section 2 above, Heather (2012) writes that the British NBP gas hub is the
most liquid and most active virtual trading point in Europe, whereas the Dutch TTF is the
best-established one on the continent. By matching this statement with the results of the
current research, we can conclude that the efficiency of the technical-indicator-based trading
strategies is influenced by the liquidity and trading activity of the market. As the European
gas hubs will likely increase their trading activity in the future, the procurement strategies
based on technical indicators could become more effective.
Apart from the gas hub liquidity, the long-term price action behavior could also play an
influencing role on the trading system’s efficiency. As already mentioned before, it can be
seen from Figure 6, plots (e) and (f), that there are more cases with positive efficiency in the
second timeframe than in the first. Table 1 also shows the results that reveal a better
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performance of trading systems in the second timeframe. There could be a relationship
between the trading system’s efficiency and the price developments in the timeframes.
Figure B.1 in Appendix B shows the price developments in the first and the second
timeframe. The price action of the backtested products at the NBP and the TTF gas hubs
shows a long-term bullish (rising) behavior in the first timeframe. In the second timeframe,
the price starts to oscillate and undergoes an alternating sequence of peaks and troughs. The
volatility of the price action starts to decrease and reaches its minimum during the last months
of the timeframe. Then the price action begins to show a flat movement. From this we can
conclude that the technical indicators are more efficient in oscillating and flat markets than in
trending bullish or bearish markets.

5. Conclusion
This research is one of the first studies of technical analysis application at the newly emerged
European natural gas virtual trading points and delivers satisfying results. The backtesting and
evaluation of trading systems shows that the four most efficient and stable systems are “PS
Bull Power Bear Power 2 (Corrected)”, “PS Long Sell Short Sale-5 Day”, “Equis - Stochastic
20/80 w/Optimization”, and “PS Cycle Progression”. The “PS Bull Power Bear Power 2
(Corrected)” trading system achieves very good results, leading in the efficiency rating and
having a 100% positive efficiency rate. This system is a combination of a technical indicator
and a moving average indicator. This fact refers to the idea of a synergy effect between the
different technical indicators. The other three systems show results which vary from good to
fair. Therefore, this study supports the idea of technical analysis usage in the financial
markets and demonstrates this with empirical results.
As a further original contribution, an efficiency criterion (EC) was developed by the
authors for the purpose of the trading systems’ efficiency evaluation, calculated for 288 cases.
The trading systems show good results at all trading hubs; in 176 out of 288 cases the
calculated efficiency criterion has a positive value. The backtesting was conducted on three
European VTPs – NBP in the UK, TTF in the Netherlands, and NCG in Germany. The
trading systems show their highest efficiency at the NBP gas hub, followed by TTF and NCG.
The efficiency of trading systems in the oscillating flat market in a second timeframe is bigger
than in the bullish market in a first timeframe. The benchmarking results show that the top
four trading systems identified in this research mostly outperform the price limit commodity
procurement strategy; hence they can be used for natural gas procurement in procurement
portfolio management.
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Figure 8: A possible application of technical indicators in natural gas procurement practice

A possible application of technical indicators in natural gas procurement practice is depicted
in Figure 8. The main process is the price monitoring and application of technical indicators,
separately or combined, on the gas product prices. The result of this process would be
additional information on the market situation for the decision-making process (buy/sell
decisions) in gas procurement. The factors influencing success of such an application would
be the understanding of the technical indicators in breadth and depth by the analyst who
applies these indicators to the price monitoring.
The research presented also has its limitations, which mainly result from the decision to
filter the results of backtesting (described in section 3.2.2). It should be noted at this point that
the MetaStock software is a technical analysis software that serves speculative trading.
Backtesting in MetaStock simulates a speculative trading process, where the main aspect is
the average net profit of a trading system. The systems with the calculated efficiency criterion
were filtered by the net profit filter. The results show that the calculated efficiency criterion
does not correlate with the net profit of a system. As a consequence, if a trading system
delivers good profits through speculative trading, it does not necessarily mean that the buying
signals of this system are effective for natural gas procurement. Filtering the systems by net
profit could filter out the systems with good efficiency in terms of commodity procurement.
As a result, many trading systems are filtered out of the evaluation, although they may have
delivered good results. The solution to this problem would be not to filter the systems by net
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profit but to leave only the trade number in the year filter (as described in section 3). This
would increase the number of systems to be tested and evaluated by a factor of 2–4. This
work could be covered in future research. This later research should include an efficiency
evaluation of as many scenarios as possible without limiting them by the net profit that has
been made by backtesting.
We also suggest research on the further exploration of possible technical indicator
combinations and their efficiency. The aim of that research could be the verification of
synergy effects between the different technical indicators. Also, the correlation between the
technical analysis efficiency and the liquidity of the market is an interesting assumption which
could be proven or disproven in further research.
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List of Abbreviations Used
ABPt
AMA
bcm
Btu
cal13
cal14
CEGH
CO2
EC
EEX
EIA
EUR, €
GBP
ICE
LTC
m3
MPt
MWh
NBP
NCG
NYSE
OECD
OTC
PEC [%]
PEG
PS
PSV
Pts
q113
q114
q213
q214
q313
q314
q413
q414
RSI
SBPi
SMA
SPDR
TTF
UK
USD
VTP

Average Buying Price at time t
Adaptive Moving Average
Billion Cubic Meters
British Thermal Unit
Calendar Year 2013
Calendar Year 2014
Central European Gas Hub
Carbon dioxide
Efficiency criterion
European Energy Exchange
Energy Information Administration
Euro
Pound Sterling
Intercontinental Exchange
Long-term contract
Cubic meter
Median price at time t
Megawatt per hour
National Balancing Point
Net Connect Germany
New York Stock Exchange
Organization for Economic Co-operation and Development
Over-the-counter
Positive Efficiency Criterion [in %]
Points d'Echange de Gaz
Power System (trading system included in MetaStock software)
Punto do Scambio Virtuale
Points
First quarter of 2013
First quarter of 2014
Second quarter of 2013
Second quarter of 2014
Third quarter of 2013
Third quarter of 2014
Fourth quarter of 2013
Fourth quarter of 2014
Relative Strength Index
Signal Buying Price of a commodity i
Simple Moving Average
Standard & Poor's Depositary Receipt
Title Transfer Facility
United Kingdom
US-Dollar
Virtual Trading Point
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Appendix A. Technical analysis
A.1. Charting techniques
The purpose of charting techniques is to recognize the trend type and its direction and to
watch for the signals of possible trend reversals. The simplest charting techniques are the
concepts of support and resistance and a trendline. The support indicates the area where the
buying interest is strong enough to overcome the selling pressure, and as a result the price
rises. The support level is identified by troughs in price action. The resistance is a point where
the selling pressure exceeds demand, so that the price starts to fall. It is identified by a peak. A
series of sequential troughs or peaks can be considered to be the support or resistance line.
The rising or falling support and resistance levels show the direction of the trends in the
market. The breaking out of the price upwards from the resistance level is often considered to
be a sign of an upcoming uptrend movement. In the opposite case, the price fall under the
support level is considered to be the start of a downtrend (Murphy, 1999, pp.55–61).
Although a trendline is one of the simplest charting tools, it is a highly valuable one. The
trendline can be drawn on two or more points, just like two succeeding price action lows.
Once a trend has taken a certain slope, it will probably retain that slope over time. The longer
a trendline keeps itself in the market, the more significant it is. If the price action breaks the
trendline and starts to run in the opposite direction, the trend will most probably be reversed.
Another purpose of the trendline is the forecast and determination of the price objectives in
the near future. By extending the trendline on a chart into the future, it is possible to set a
particular price range for subsequent time ranges. However, such predictions should be made
only in short-term horizons (Murphy, 1999, pp.65–69).
Figure A.1 shows an example of the charting technique used in a foreign exchange market.
In January 2011, the price action goes into a trough and then starts to rise again. The price
reaches its next trough in February, which is significantly higher than the last one in January.
This observation suggests the start of a new upward trend; now it is possible to draw a
trendline (blue line from January to May) based on two troughs. The next three troughs in
March and April lie almost exactly on the plotted trendline and confirm it. In May, the price
falls below the trendline for the first time in four months (1 in Fig. A.1). This is the first
warning of a possible trend reversal. The trend reversal becomes clear at the end of May, as
the price reaches the level of the March trough. The next troughs, in June and July, lie on
almost the same price level, so that it is possible to plot a support line (red line from April to
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September) at about 1.4 EUR/USD. At the beginning of September, the price falls under the
support line in a short time on a significantly lower level (2 in Fig. A.1). Price action breaks
the support and starts a downtrend movement (blue line from September to October) with
continually decreasing price peaks and troughs. In October, finally, the price rises and breaks
out of the trendline (point 3 in Fig. A.1), and the trend reverses again.

Figure A.1: An example of trendlines (blue line) and support line (red line) in a foreign exchange market
(EUR/USD) from January 2011 to September 2011
Source: Own illustration, produced with the MetaStock software

A.2. Technical indicators
Technical indicators are mathematically derived from the past price action data. In contrast to
the charting techniques, where the analysis is based on an objective visual observation of
charts by a technician, technical indicators can be easily quantified and tested. Another
advantage is the possibility of computerization. It is possible to program indicators in a
technical analysis software and then test them on different time scales and for different
financial securities. There are two main groups of technical indicators: the ones that are based
on the moving average concept, and oscillator indicators.
The moving average is calculated by adding up the close prices of a certain time range and
then dividing the sum by the number of added prices. The purpose is to track the direction of
the trend, which can be viewed as a curving trendline. The range of moving averages can be
different; a short-term average is more sensitive to the price action than a long-term average.
The calculation method for moving averages can also be different; in technical analysis,
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simple, exponential, and weighted moving averages are used. The simplest moving average
trading strategy is to buy when the price gets above the average and to sell when the price
falls below it. Another strategy is known as the “double crossover method”. In that strategy,
two moving averages are plotted: a short-term and a long-term average (e.g. 10- and 50-day
averages). When the shorter average crosses above the longer one a buy signal is generated, in
the opposite case a sell signal (Murphy, 1999, pp.195–203).
The oscillator indicators are based on another approach. They signal whether the price
action has gone too far, and too fast and is anticipating a possible correction movement in the
near future. They are plotted in the bottom part of a chart, right under the price, and have their
own Y-axis. There are many ways to construct them, but the interpretation of the majority of
them nevertheless follows similar concepts. In general, when the oscillator’s value reaches the
upper part of the oscillator’s scale, the market is said to be overbought, whereas when it falls
down the scale, the market is oversold. The trader should buy when the oscillator has low
values and sell when it has high values. The oscillators deliver their best performance in a
sideways phase of the market, when the price action goes through small upward and
downward corrections (Murphy, 1999, pp.225–227).
Figure A.2 is an example of a moving average and an oscillator indicator application to a
foreign exchange market. The 30-day simple moving average (SMA) suggests buy and sell
signals in the price action chart. In contrast, when the price rises above the SMA, the trader
should buy EUR for USD (green dot). When the price falls below the SMA, the trader should
sell EUR for USD (blue dot). However, in the case shown, trader would benefit more if he
traded in accordance to the 14-day relative strength index (RSI). The RSI is calculated using
the following formula:
RSI = 100 −

(A.1)

100
,
(1 + RS )

where RS is the average of 14 days’ up closes (the last trade of the day has a higher price than
the first trade) divided by the average of 14 days’ down closes (the last trade of the day has a
lower price than the first trade).
This oscillator in the bottom part of a chart with its own Y-axis (which is merely a number)
shows whether the market is overbought, oversold, or in equilibrium. A general strategy with
oscillators is to buy (green dots) in an oversold and sell (blue dots) in an overbought state.
The idea behind this strategy is that the market, having its peaks and troughs, always returns
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to an equilibrium state. The trader should sell EUR when the RSI shows high values (usually
over 70) and buy EUR when the RSI shows low values (usually under 30).

Figure A.2: Example of a 30-day simple moving average (red line) and 14-day relative strength index (red
line, bottom part) applied to a foreign exchange market chart (EUR/USD), Nov 2012 – Oct 2013.
Source: Own illustration, produced with the MetaStock software
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Appendix B. Trading systems, backtesting, and price action movement
The trading systems considered and their numbering and abbreviations are reported in Table
B.1.

Table B.1: List of the trading systems considered
No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

Trading System
Equis - Classic M.A. Penetration w/Opt
Equis - Directional Movement w/Opt
Equis - MACD - Expert System
Equis - Momentum Indicators - Expert System
Equis - Moving Average Crossovers w/Opt
Equis - Stochastic 20/80 w/Opt
PS Adaptive Moving Average
PS Bull Power Bear Power 1
PS Bull Power Bear Power 2 (Corrected)
PS Chande Forecast Oscillator
PS Cycle Progression
PS Fractal Trading System 2
PS Long Sell Short Sale-5 Day
PS Pattern Trading System 1
PS Percentage Crossover 3%
PS StochRSI
25 Cent Price Limit

TablesB.2, B.3, and B.4 show the detailed results of backtesting on the NBP, TTF, and NCG
hubs. Table A.5 shows the detailed results of benchmarking. These results include the name
of the traded product, the length of the timeframe, the median price of the timeframe, the
backtested trading systems (names replaced by numbers), the mean buying price of the
trading system (A), the number of trades that the trading system has made in the timeframe
(B), and the efficiency criterion of the trading system (C).
Figures B.1 and B.2 show the price action movements in the first and the second
timeframe. The main purpose of these illustrations is to show a long-term bullish (rising)
behavior in the first timeframe, and an oscillating behavior with decreasing volatility in the
second timeframe.
Further, an overview is provided of the top four trading systems in terms of efficiency and
stability (“PS Bull Power Bear Power 2 (Corrected)”, “PS Long Sell Short Sale-5 Day”,
“Equis - Stochastic 20/80 w/Optimization”, “PS Cycle Progression”).
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Table B.2: Backtesting results on the NBP gas hub; (A) – mean buying price, (B) – number of trades, (C) –
efficiency criterion

NBP
Cal13 05.01.2011 – 30.12.2011
Median Price 23.57 GBP/MWh
(B) (C)
System
(A)
6
23.36 16 5.60%
1
23.86 12 -17.01%
4
23.63 22 -3.20%
13
23.45 19 3.13%
Cal14 19.11.2010 – 30.12.2011
Median Price 23.27 GBP/MWh
System
(A)
(B) (C)
13
23.16 24 3.30%
6
23.19 16 2.45%
11
23.09 26 5.47%
4
23.43 24 -6.76%
FrontQuarter 2.1.2009 - 30.12.2011
Median Price 15.73 GBP/MWh
System
(A)
(B) (C)
8
15.56 52 2.52%
6
16.01 65 -2.72%
2
15.61 60 1.80%
7
15.68 67 0.75%
FrontYear 2.1.2009 - 30.12.2011
Median Price 17.83 GBP/MWh
System
(A)
(B) (C)
6
17.94 59 -1.62%
8
18.33 51 -7.12%
3
18.21 44 -5.38%
1
18.29 51 -6.53%
Q113 1.4.2010 - 30.12.2011
Median Price 22.99 GBP/MWh
System
(A)
(B) (C)
13
23.33 36 -7.79%
11
23.78 38 -18.08%
6
23.39 24 -9.16%
2
23.62 20 -14.50%
Q114 19.11.2010 - 30.12.2011
Median Price 25.39 GBP/MWh
System
(A)
(B) (C)
13
25.00 23 10.10%
4
25.14 23 6.44%
6
24.98 16 10.77%
11
24.87 25 13.57%
Q213 1.7.2010 - 30.12.2011
Median Price 21.15 GBP/MWh
System
(A)
(B) (C)
13
21.01 30 4.08%
6
20.74 24 11.96%
10
21.08 21 2.14%
11
21.26 32 -3.93%
Q214 19.11.2010 - 30.12.2011
Median Price 22.37 GBP/MWh
System
(A)
(B) (C)
4
22.53 21 -7.52%
13
22.23 24 4.23%
11
22.24 23 4.10%
9
22.29 27 2.32%

Cal13 03.01.2012 – 31.12.2012
Median Price 22.15 GBP/MWh
(B) (C)
System
(A)
16
22.11 10 2.66%
13
22.02 21 8.17%
11
22.04 20 6.80%
15
22.12 15 1.73%
Cal14 3.1.2012 – 28.6.2013
Median Price 22.88 GBP/MWh
System
(A)
(B) (C)
13
22.77 33 5.56%
10
22.80 21 3.95%
16
22.68 16 9.80%
9
22.46 34 20.52%
FrontQuarter 3.1.2012 - 28.6.2013
Median Price 21.69 GBP/MWh
System
(A)
(B) (C)
16
21.36 15 7.77%
6
21.03 25 15.71%
10
21.46 19 5.56%
9
21.14 37 13.15%
FrontYear 3.1.2012 - 28.6.2013
Median Price 22.48 GBP/MWh
System
(A)
(B) (C)
9
22.09 37 20.50%
16
22.47 15 0.42%
13
22.47 34 0.55%
10
22.55 18 -4.49%
Q113 3.1.2012 - 31.12.2012
Median Price 23.28 GBP/MWh
System
(A)
(B) (C)
16
23.73 10 -13.44%
6
23.61 23 -9.84%
9
23.19 26 5.99%
2
23.24 12 2.92%
Q114 3.1.2012 - 28.6.2013
Median Price 24.78 GBP/MWh
System
(A)
(B) (C)
13
24.70 32 4.44%
16
24.76 16 1.40%
11
24.83 32 -2.85%
9
24.56 36 12.85%
Q213 3.1.2012 - 28.3.2013
Median Price 21.15 GBP/MWh
System
(A)
(B) (C)
10
21.14 15 0.67%
15
20.98 14 9.56%
6
20.86 21 16.35%
13
21.00 24 8.08%
Q214 3.1.2012 - 28.6.2013
Median Price 21.51 GBP/MWh
System
(A)
(B) (C)
10
21.36 20 6.98%
13
21.38 33 5.88%
14
21.43 37 3.41%
9
21.17 33 15.17%
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Q313 1.10.2010 - 30.12.2011
Median Price 21.84 GBP/MWh
System
(A)
(B) (C)
13
21.26 26 14.54%
11
21.66 27 4.58%
10
21.55 17 7.19%
4
21.87 27 -1.36%
Q313 3.1.2012 - 28.6.2013
Median Price 21.23 GBP/MWh
System
(A)
(B) (C)
7
21.00 38 11.81%
6
21.00 24 12.01%
2
21.06 39 8.85%
9
20.93 33 15.15%
Q314 19.11.2010 - 30.12.2011
Median Price 22.16 GBP/MWh
System
(A)
(B) (C)
4
22.22 20 -2.68%
13
22.02 24 4.03%
6
21.86 15 8.76%
9
22.12 27 0.89%
Q314 3.1.2012 - 28.6.2013
Median Price 21.58 GBP/MWh
System
(A)
(B) (C)
13
21.42 35 7.74%
10
21.48 18 4.55%
14
21.53 37 2.43%
9
21.18 31 18.86%
Q413 19.11.2010 - 30.12.2011
Median Price 24.05 GBP/MWh
System
(A)
(B) (C)
6
23.59 15 9.86%
11
23.23 26 17.39%
13
23.49 23 11.86%
4
23.77 23 5.91%
Q413 3.1.2012 - 28.6.2013
Median Price 23.46 GBP/MWh
System
(A)
(B) (C)
16
23.32 15 6.02%
11
23.31 32 6.75%
6
23.35 31 4.93%
9
23.08 36 16.73%
Q414 19.11.2010 - 30.12.2011
Median Price 23.40 GBP/MWh
System
(A)
(B) (C)
4
23.53 21 -5.27%
13
23.34 24 1.69%
6
23.35 12 1.53%
11
23.31 26 2.69%
Q414 3.1.2012 - 28.6.2013
Median Price 23.51 GBP/MWh
System
(A)
(B) (C)
13
23.37 31 6.51%
11
23.44 30 3.46%
16
23.45 16 3.05%
9
23.19 35 15.09%

Table B.3: Backtesting results on the TTF gas hub; (A) – mean buying price, (B) – number of trades, (C) –
efficiency criterion

TTF
Cal13 1.4.2010 - 30.12.2011
Median Price 24.75 EUR/MWh
System
(A)
(B) (C)
1
25.05 29 -7.06%
2
25.47 26 -16.64%
6
24.60 34 2.49%
11
25.03 36 -6.52%
Cal14 1.4.2011 - 30.12.2011
Median Price 27.40 EUR/MWh
System
(A)
(B) (C)
14
27.31 23 2.43%
9
27.02 24 9.96%
13
27.17 19 6.05%
8
27.24 21 4.14%
FrontQuarter 2.1.2009 - 30.12.2011
Median Price 19.15 EUR/MWh
System
(A)
(B) (C)
6
17.93 47 14.23%
7
17.91 73 14.43%
11
18.76 61 4.52%
2
18.73 37 4.90%
FrontYear 2.1.2009 - 30.12.2011
Median Price 20.60 EUR/MWh
System
(A)
(B) (C)
6
21.58 59 -12.86%
1
21.51 51 -11.99%
8
21.52 55 -12.13%
3
21.55 39 -12.50%
Q113 1.4.2010 - 30.12.2011
Median Price 26.97EUR/MWh
System
(A)
(B) (C)
14
27.01 51 -0.73%
6
26.03 31 12.22%
4
26.85 42 1.51%
8
26.63 39 4.45%
Q114 19.11.2010 - 30.12.2011
Median Price 30.18 EUR/MWh
System
(A)
(B) (C)
14
29.28 27 12.77%
6
29.32 18 12.22%
13
29.28 22 12.77%
9
29.07 25 15.78%
Q213 1.4.2010 - 30.12.2011
Median Price 22.30 EUR/MWh
System
(A)
(B) (C)
11
23.16 34 -13.83%
13
22.75 45 -7.23%
6
22.70 29 -6.50%
1
23.27 32 -15.62%
Q214 4.1.2011 - 30.12.2011
Median Price 25.34 EUR/MWh
System
(A)
(B) (C)
14
25.02 24 7.80%
13
24.88 20 11.25%
10
25.11 11 5.75%
9
25.10 21 5.94%

Cal13 3.1.2012 - 12.31.2012
Median Price 26.90 EUR/MWh
System
(A)
(B) (C)
9
26.72 26 10.37%
11
26.89 22 0.60%
13
26.77 21 7.46%
2
26.94 11 -3.11%
Cal14 3.1.2012 - 28.06.2013
Median Price 26.90 EUR/MWh
System
(A)
(B) (C)
16
26.92 16 -1.29%
13
26.91 27 -0.69%
11
27.10 31 -13.08%
5
27.22 15 -21.56%
FrontQuarter 3.1.2012 - 28.6.2013
Median Price 26.20 EUR/MWh
System
(A)
(B) (C)
16
25.80 16 8.42%
11
25.95 31 5.37%
13
25.67 30 11.28%
6
25.74 27 9.73%
FrontYear 3.1.2012 - 28.06.2013
Median Price 26.75 EUR/MWh
System
(A)
(B) (C)
11
26.82 31 -5.21%
13
26.69 30 3.48%
16
26.74 16 0.78%
6
26.74 35 0.84%
Q113 3.1.2012 - 28.12.2012
Median Price 27.65 EUR/MWh
System
(A)
(B) (C)
16
27.73 11 -3.52%
11
27.77 21 -5.34%
13
27.63 19 1.39%
6
27.68 24 -1.38%
Q114 3.1.2012 - 28.6.2013
Median Price 28.10 EUR/MWh
System
(A)
(B) (C)
13
28.22 30 -5.62%
10
28.30 23 -9.44%
16
28.25 15 -6.95%
14
28.27 32 -8.05%
Q213 3.1.2012 - 28.3.2013
Median Price 26.00 EUR/MWh
System
(A)
(B) (C)
11
25.92 29 4.05%
16
25.86 13 7.02%
2
25.98 13 1.10%
13
25.89 26 5.50%
Q214 3.1.2012 - 28.6.2013
Median Price 26.00 EUR/MWh
System
(A)
(B) (C)
11
26.17 36 -13.89%
16
26.00 16 -0.10%
13
26.00 29 -0.06%
6
26.01 34 -0.66%
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Q313 1.4.2010 - 30.12.2011
Median Price 22.03 EUR/MWh
System
(A)
(B) (C)
6
22.50 25 -8.66%
4
22.72 35 -12.64%
1
22.83 48 -14.67%
2
22.93 26 -16.58%
Q313 3.1.2012 - 28.6.2013
Median Price 26.03 EUR/MWh
System
(A)
(B) (C)
16
25.94 15 4.31%
9
25.81 38 11.28%
13
25.93 31 4.95%
11
25.98 34 2.30%
Q314 4.1.2011 - 30.12.2011
Median Price 24.93EUR/MWh
System
(A)
(B) (C)
14
24.60 24 8.07%
13
24.47 20 11.01%
10
24.65 11 6.85%
9
24.74 21 4.66%
Q314 3.1.2012 - 28.6.2013
Median Price 25.94 EUR/MWh
System
(A)
(B) (C)
11
26.11 33 -13.95%
16
25.91 16 0.84%
13
25.89 30 1.94%
9
25.80 37 5.40%
Q413 1.4.2010 - 30.12.2011
Median Price 26.83 EUR/MWh
System
(A)
(B) (C)
6
27.01 30 -3.07%
1
27.50 24 -11.24%
2
27.31 26 -8.18%
8
27.29 39 -7.80%
Q413 3.1.2010 - 28.6.2011
Median Price 27.75 EUR/MWh
System
(A)
(B) (C)
2
27.76 33 -0.85%
1
27.91 30 -10.81%
6
27.69 31 2.98%
11
27.89 30 -9.23%
Q414 4.1.2011 - 30.12.2011
Median Price 29.95 EUR/MWh
System
(A)
(B) (C)
9
28.85 24 26.58%
14
29.52 23 10.37%
6
29.15 16 19.17%
8
29.39 20 13.40%
Q414 3.1.2012 - 28.6.2013
Median Price 27.63 EUR/MWh
System
(A)
(B) (C)
9
27.36 37 16.60%
11
27.78 30 -6.58%
13
27.58 32 3.30%
10
27.65 19 -0.93%

Table B.4: Backtesting results on the NCG gas hub; (A) – mean buying price, (B) – number of trades, (C)
– efficiency criterion

NCG
Cal13 2.1.2009 - 30.12.2011
Median Price 24.75 EUR/MWh
System
(A)
(B) (C)
6
24.79 52 -0.96%
4
24.63 56 1.91%
3
24.50 33 4.26%
11
25.09 60 -7.93%
Cal14 2.1.2009 - 30.12.2011
Median Price 25.18 EUR/MWh
System
(A)
(B) (C)
4
25.17 54 0.05%
6
25.09 58 1.87%
3
25.23 30 -1.36%
11
25.47 54 -6.71%
FrontQuarter 2.1.2009 - 28.12.2011
Median Price 19.36 EUR/MWh
System
(A)
(B) (C)
14
18.59 78 8.79%
11
18.64 63 8.15%
6
18.47 60 10.08%
2
19.32 40 0.40%
FrontYear 2.1.2009 - 28.12.2011
Median Price 20.95 EUR/MWh
System
(A)
(B) (C)
6
21.30 62 -4.81%
1
22.19 54 -17.00%
2
22.09 54 -15.71%
3
21.72 44 -10.61%
Q113 2.1.2009 - 30.12.2011
Median Price 27.01 EUR/MWh
System
(A)
(B) (C)
6
26.54 56 6.17%
3
26.22 40 10.45%
1
26.65 55 4.68%
2
26.60 71 5.33%
Q114 2.1.2009 - 30.12.2011
Median Price 27.37 EUR/MWh
System
(A)
(B) (C)
6
27.35 57 0.20%
4
27.18 56 2.99%
3
27.33 32 0.64%
8
27.63 43 -4.49%
Q213 2.1.2009 - 30.12.2011
Median Price 22.71 EUR/MWh
System
(A)
(B) (C)
4
22.67 57 0.66%
6
22.90 54 -4.11%
7
22.98 72 -5.74%
1
22.80 57 -1.92%
Q214 2.1.2009 - 30.12.2011
Median Price 23.17 EUR/MWh
System
(A)
(B) (C)
6
23.20 59 -0.90%
4
23.24 54 -1.97%
9
22.83 65 7.62%
11
23.40 54 -6.88%

Cal13 2.1.2012 - 21.12.2012
Median Price 27.01 EUR/MWh
System
(A)
(B) (C)
11
26.81 22 11.23%
9
26.72 22 16.24%
1
26.63 11 21.64%
6
26.91 23 5.48%
Cal14 2.1.2012 - 28.6.2013
Median Price 27.00 EUR/MWh
System
(A)
(B) (C)
13
26.97 29 1.61%
10
27.09 19 -5.59%
2
27.09 30 -5.49%
1
27.15 30 -9.19%
FrontQuarter 2.1.2012 - 26.6.2013
Median Price 26.28 EUR/MWh
System
(A)
(B) (C)
10
26.05 33 4.87%
11
25.96 30 6.57%
14
26.08 38 4.06%
6
26.05 33 4.87%
FrontYear 2.1.2012 - 28.6.2013
Median Price 26.85 EUR/MWh
System
(A)
(B) (C)
11
26.81 33 2.58%
16
26.86 15 -0.76%
13
26.79 31 4.03%
9
26.68 35 10.88%
Q113 2.1.2012 - 21.12.2012
Median Price 27.61 EUR/MWh
System
(A)
(B) (C)
6
27.66 24 -1.82%
5
27.69 11 -3.05%
12
27.55 10 4.24%
10
27.92 13 -12.68%
Q114 2.1.2012 - 28.6.2013
Median Price 28.26 EUR/MWh
System
(A)
(B) (C)
11
28.33 36 -3.36%
13
28.41 32 -7.02%
16
28.31 15 -2.70%
1
28.57 19 -14.25%
Q213 3.1.2012 - 28.3.2013
Median Price 26.05 EUR/MWh
System
(A)
(B) (C)
13
26.10 27 -2.90%
11
25.98 23 3.77%
3
26.11 14 -3.61%
6
26.07 29 -1.28%
Q214 2.1.2012 - 28.6.2013
Median Price 26.08 EUR/MWh
System
(A)
(B) (C)
11
26.02 27 2.71%
13
25.99 32 3.88%
10
25.86 18 9.65%
16
26.00 15 3.68%
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Q313 2.1.2009 - 30.12.2011
Median Price 22.04 EUR/MWh
System
(A)
(B) (C)
4
22.30 53 -4.97%
6
22.42 56 -7.23%
11
22.51 63 -9.10%
1
22.39 59 -6.74%
Q313 2.1.2012 - 26.6.2013
Median Price 26.15 EUR/MWh
System
(A)
(B) (C)
10
26.17 19 -1.56%
11
26.03 36 6.08%
2
26.17 22 -1.54%
6
25.92 35 11.24%
Q314 2.1.2009 - 30.12.2011
Median Price 22.66 EUR/MWh
System
(A)
(B) (C)
6
22.68 59 -0.73%
4
22.69 56 -0.93%
9
22.42 64 5.47%
14
23.24 75 -15.43%
Q314 2.1.2012 - 28.6.2013
Median Price 26.02 EUR/MWh
System
(A)
(B) (C)
11
25.87 29 6.32%
13
25.85 35 7.14%
10
25.75 18 11.61%
1
26.16 36 -11.68%
Q413 2.1.2009 - 30.12.2011
Median Price 27.07 EUR/MWh
System
(A)
(B) (C)
6
26.81 60 5.28%
1
27.11 56 -0.76%
3
27.31 37 -5.08%
4
27.31 56 -5.07%
Q413 2.1.2012 - 28.6.2013
Median Price 27.79 EUR/MWh
System
(A)
(B) (C)
11
27.88 36 -5.57%
13
27.87 36 -5.21%
5
27.82 15 -2.18%
10
27.73 21 3.61%
Q414 2.1.2009 - 30.12.2011
Median Price 27.36 EUR/MWh
System
(A)
(B) (C)
4
27.66 53 -6.28%
6
27.53 61 -3.56%
3
27.70 30 -7.04%
9
27.12 65 5.49%
Q414 2.1.2012 - 28.6.2013
Median Price 27.96 EUR/MWh
System
(A)
(B) (C)
11
27.65 33 22.73%
16
27.84 15 9.12%
13
27.73 35 17.25%
10
27.78 20 13.13%

Table B.5: Benchmarking results, NCG versus TTF; (A) – mean buying price, (B) – number of trades, (C)
– efficiency criterion

TTF

NCG

Cal10 2.1.2009 - 31.12.2009
Median Price 18.98 EUR/MWh

Cal10 2.1.2009 - 28.12.2009
Median Price 19.32 EUR/MWh

System
9
11
6
13
17

(A)
18,17
18,18
18,01
18,42
18,38

(B)
12
12
12
12
12

(C)
11,29%
11,15%
13,56%
7,81%
8,36%

System
9
11
6
13
17

9
11
6
13
17

(A)
19,39
19,73
19,10
19,58
19,51

(B)
12
12
12
12
12

(C)
11,33%
4,83%
16,99%
7,74%
9,04%

System
9
11
6
13
17

Cal12 4.1.2011 - 30.12.2011
Median Price 26.40 EUR/MWh
System
9
11
6
13
17

(A)
25,95
26,00
26,40
25,94
26,09

(B)
12
12
12
12
12

(C)
12,07%
10,60%
0,07%
12,27%
8,24%

9
11
6
13
17

(A)
26,84
26,79
26,88
26,67
26,84

(B)
12
12
12
12
12

(C)
3,38%
6,14%
1,33%
13,29%
3,38%

System
9
11
6
13
17

9
11
6
13
17

(A)
26,54
26,62
26,57
26,59
26,69

(B)
9
9
9
9
9

(C)
-2,50%
-9,35%
-4,65%
-6,41%
-15,32%

(A)
19,75
19,41
19,42
19,70
19,59

(B)
12
12
12
12
12

(C)
7,53%
14,13%
13,99%
8,45%
10,65%

(A)
26,05
26,16
26,44
26,10
26,18

(B)
12
12
12
12
12

(C)
12,06%
9,35%
1,65%
10,86%
8,61%

Cal13 3.1.2012 - 31.12.2012
Median Price 27.10 EUR/MWh
System
9
11
6
13
17

Cal14 2.1.2013 - 30.09.2013
Median Price 26.52 EUR/MWh
System

(C)
10,80%
8,12%
11,64%
7,30%
6,64%

Cal12 3.1.2011 - 28.12.2011
Median Price 26.51 EUR/MWh

Cal13 3.1.2012 - 31.12.2012
Median Price 26.90 EUR/MWh
System

(B)
12
12
12
12
12

Cal11 4.1.2010 - 28.12.2010
Median Price 20.13 EUR/MWh

Cal11 4.1.2010 - 31.12.2010
Median Price 19.98 EUR/MWh
System

(A)
18,53
18,73
18,47
18,79
18,84

(A)
27,02
26,92
27,02
26,78
27,02

(B)
12
12
12
12
12

(C)
4,35%
9,75%
4,67%
17,35%
4,44%

Cal14 2.1.2013 - 30.09.2013
Median Price 26.65 EUR/MWh
System
9
11
6
13
17

(A)
26,67
26,65
26,62
26,73
26,91
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(B)
9
9
9
9
9

(C)
-1,55%
1,04%
9,38%
-6,67%
-22,42%

(a) 1st timeframe, all hubs

(b) 2nd timeframe, all hubs
Figure B.1: Price development
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Appendix C. Description of the four technical indicator trading systems
with best efficiency and stability performance
(1) PS Bull Power Bear Power 2 (Corrected)
The “PS Bull Power Bear Power 2 (Corrected)” trading system ranks first in the overall
efficiency rating and shows positive values of its efficiency criterion in 100% of the cases. It
is also the most effective system of all considered in this study. The system is based on the
“PS Bull Power Bear Power 2” trading system, which is based on a technical indicator with
the same name included in the MetaStock 11.0 software.
The original “Bull Power Bear Power 2” trading system is based on the concept of Bull
Power and Bear Power, developed and introduced by Alexander Elder. The power value is
calculated by subtracting a 13-period exponential moving average from the price, and
typically displayed as a histogram oscillating above and below the zero line. The “PS Bull
Power Bear Power 2” system does not look at the power value directly. Instead, it looks at the
5-period linear regression slope value of the power value. The buying signal is delivered when
the 5-period linear regression slope value of the power value starts to increase for the first
time after the decreasing state (Equis International, 2006, p.59).
The “PS Bull Power Bear Power 2” trading system was modified by the authors by adding
an additional filter in the form of a 13-day exponential moving average. The buying signals of
the “PS Bull Power Bear Power 2” system should be recognized only if the procurement price
is lower than the 13-day exponential moving average. This additional filter eliminates the
buying signals of high procurement costs, lowers the average buying price, and raises the
efficiency in procurement. Hence the “PS Bull Power Bear Power 2 (Corrected)” trading
system is a combination of the “PS Bull Power Bear Power 2” trading system and the 13-day
exponential moving average, where the original trading system is corrected by a moving
average.
As a combination of different mathematical approaches and having an additional moving
average filter, this system shows a very good performance. The technical indicators work best
when they are combined with each other; the “PS Bull Power Bear Power 2 (Corrected)”
trading system is a good example of this.
Plot (a) in Figure C.1 shows an example of the “PS Bull Power Bear Power 2 (Corrected)”
trading system applied to the “Calendar Year 2013” TTF futures contract. The linear
regression slope of the power indicator, which is used for the generation of trading signals in
the original “PS Bull Power Bear Power 2” trading system, is depicted in the lower part of the
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chart as a black dashed oscillating line. The red oscillating line in the lower part of the chart
shows the values of the previous period. The buying signal is generated when the black
dashed line crosses the red line from the bottom below. The price action and the 13-day
exponential moving average (blue line) are shown in the upper half of the chart. The green
arrows below the price action show the buying signals delivered from the original “PS Bull
Power Bear Power 2” trading system. Only the buying signals that lie under the moving
average should be considered for the “PS Bull Power Bear Power 2 (Corrected)” trading
system.
(2) PS Long Sell Short Sale-5 Day
The “PS Long Sell Short Sale-5 Day” trading system ranks second in terms of overall
efficiency and stability rating. It is based on the LSS technical indicator, which was developed
by George Angell. The principles behind this indicator are similar to the principles of the
stochastic oscillator; it is a technical oscillator which shows whether the commodity is in an
overbought or in an oversold state. Originally, it was designed as a 3-period indicator for daytrading purposes only, but here it is used as a 5-period (5 days) indicator suitable for end-ofday (i.e. daily trading) purposes (Equis International, 2006, p.67). When the LSS indicator
value moves below 0.3 it is viewed as oversold and a buying signal is generated. When it
moves above 0.7 it is viewed as overbought, and a selling signal is generated. The formula for
the LSS indicator value is:
( H 5 − REF (0,−4)) + (C − L5)
,
2 ⋅ ( H 5 − L5)

(C.1)

where H5 is the highest price for the last 5 periods, L5 is the lowest price for the last 5
periods, REF(0,-4) is the price lagged for 4 periods and C is the current price.
Plot (b) in Figure C.1 shows an example of the “PS Long Sell Short Sale-5 Day” trading
system applied “Calendar Year 2013” TTF futures contract. The price action and the buying
signals (green arrows below the price action) are pictured in the upper part of the chart. The
LSS technical indicator is shown in the lower part of the chart as a red oscillating line. The
buying signal is generated when the LSS indicator crosses the 0.3 border line from above.
(3) Equis – Stochastic 20/80 w/Optimization
The “Equis - Stochastic 20/80 w/Optimization” trading system ranks first in the stability
rating (Table 7). It is based on the stochastic oscillator which was popularized by George
Lane. This oscillator uses two lines – the %K line and the %D line. The purpose of this
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technical indicator is to determine where the most recent closing price is in relation to the
price range for a chosen time period (5 days). The formula to determine the %K line is:
% K = 100 ⋅

C − L5 ,
H 5 − L5

(C.2)

where C is the current price, L5 is the lowest price over the last 5 periods, and the H5 is the
highest price over the same 5 periods. This formula measures, on a percentage range from 0 to
100, where the current price is in relation to the total price variance for a selected time period.
The overbought state is reached when %K is over 80 and an oversold state is reached when it
is under 20. The %D line is a 3-period moving average of the %K line. The two lines oscillate
on a vertical scale from 0 to 100 (Murphy, 1999, pp.246-247). The buying signal is triggered
when the %K line crosses the %D line from below and the both lines are in the oversold area
(having values below 20).
Plot (c) in Figure C.1 shows an example of the “Equis - Stochastic 20/80 w/Optimization”
trading system applied to the “Calendar Year 2013” TTF futures contract. The lower part of
the chart shows the stochastic oscillator. The red oscillating line is the %K and the black
dashed line is the %D. The blue vertical lines show the buying signals generated through the
oscillator. When the %K line crosses the %D line from below in the oversold zone (under 20)
a buying signal is generated. The upper part of the chart shows the price action and the buying
signals as vertical blue lines, projected from the lower part with the stochastic oscillator.
(4) PS Cycle Progression
The “PS Cycle Progression” trading system is designed to anticipate short-term swings in
price activity. It identifies when there are more down moves than up moves over the last 5
periods (5 days), and then enters a long position. This system is designed to capture very
short-term cycles and should be used with some caution (Equis International, 2006, p.67). The
approach is questionable; often a position is taken against the trend movement. Despite that
fact, the system has delivered fair results in the backtesting.
Finally, plot (d) in Figure C.1 shows an example of the “PS Cycle Progression” trading
system applied to the “Calendar Year 2013” TTF futures contract. The lower part of the chart
shows the cycle progression indicator, which shows the number of days with up (positive
values) or down (negative values) moves over the last 5 days. The upper part shows the price
action and the buying signals as green arrows below the price action. The buying signal is
generated when the technical indicator crosses the border line of a zero value from above.
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(a) PS Bull Power Bear Power 2 (Corrected)

(b) PS Long Sell Short Sale-5 Day

(c) Equis - Stochastic 20/80 w/Optimization

(d) PS Cycle Progression

Figure C.1: Trading system applied to the “Calendar Year 2013” TTF futures contract from July 2012 to December 2012.
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