MODELLING AND FORECASTING ELECTRICITY PRICE RISK WITH
QUANTILE FACTOR MODELS
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- Why modelling electricity price distributions?
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Introduction - Idea of the paper

* Correct short term modelling and forecasting of price distributions is
useful for energy market participants (producers, retailers, and
speculators):

 Bidding into the market production/consumption at
different prices at different hours next day

 Trading long/short positions in spot market after the
auction is closed

 Risk management / Scenario analysis / Stress testing
in general
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Introduction - Idea of the paper

* This paper seeks to characterise the
nonlinear effects of exogenous factors on
peak hour wholesale electricity price
formation as well as forecasting the price
distribution.
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Introduction - Idea of the paper

- Using a dynamic quantile regression model for el.
prices, we capture effects such as

* Mean reversion

 Seasonality

» Spikes

« Time varying volatility

* At the same time, estimate the rather complex
relationship to fundamentals (gas/coal/carbon prices,
forecasts of demand and capacity)
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Introduction -

Idea of the paper

— Loss for a consumer or
trader having a short
electricity position.

Loss for a producer or
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trader having a long
electricity position.

We are hence trying to model and forecast the upper and
lower tail of the price distribution using standard risk
measures such as Value at Risk for different quantiles
(1%, 5%, 10%, 90%, 95%, 99%).
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Introduction - Idea of the paper
 We argue that quantile regression:
1. Gives a better fundamental understanding of how different

determinants affect various quantiles (and hence risk), compare
to e.g. standard GARCH/CaViaR type of models

2. TIseasy to implement and understand. It also closely linked to
the aim of the analysis, namely to model and predict quantiles.
We do not assume any specific form of the error distribution, in
fact the distribution is what "comes out” of the model

3. Gives excellent out of sample forecasts for Value at Risk for
both short and long positions compared to GARCH/CaViaR type
models at different quantiles

NTNU
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Literature

Value at Risk analysis for energy - Fundamental analysis of the UK electricity market:
commodities: - Chen (2009)

- Aloui (2008) - Chen and Bunn (2007)
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- Goto and Karolyi (2004) - Taylor (2008)

- Hadsell et al. (2004)

- Higgs (2009) . : .

- Higgs and Worthington (2005, 2008) We want to fill the gap in the I.l'rer'atur'e by

- Huisman and Huurman (2003) performing Value at Risk analysis for the

- Knittel and Roberts (2001) electricity market using quantile regression

- Koopman et al. (2007) models based on fundamental market information.

- Lucia and Schwartz (2001) According to our knowledge, no such study has

- Solibakke (2002, 2006)

- Ullrich (2009) been performed yet.

- Weron (2008)
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Fundamental analysis of electricity
spot price formation

« Demand for electricity is rather in-elastic for “"normal” sets of prices ranges in
the short run

* The supply function is well-known to be convex, steeply increasing and
discontinuous. One important reason for this functional form, is that the generator's
supply function will tend, in an efficient market, to reflect the merit order of
short-run marginal costs, which increase steeply as plant move from baseload to
peaking segments of the market.

Pricel/ Marginal
cost (£/MWHh)
Demand curve Supply curve
NTNU
Hydro Wind Nuclear Cdal| Gas Oil @ Norwegian University of
Science and Technology

Total production of electricity
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Fundamental analysis of electricity
spot price formation

The implication of this for the exogenous
price drivers are:

* Demand elasticity is positive and increases nonlinearly with
higher quantiles

- Reserve margin elasticity is negative and decreases nonlineary
with higher quantiles

- Fuel (gas,coal,carbon price) elasticities will be positive but may
have nonlinear, non-monotonic functional relations across
quantiles (because of changes of relative marginal cost)

NTNU
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Fundamental analysis of electricity

spot price formation

The implication of this for the exogenous price
drivers are:

* Adaptive behavior (manifest as a lagged price)
elasticity will be positive and non-linear across quantiles.
This effect is expected to be stronger at higher prices
as some generators will get increased market power.

» Inverse leverage effects (volatility will affect high
prices than low prices) is an effect found in many
energy markets as is expected to be found here as well
(the opposite effect is seen in stock markets),. .

Norwegian University of
Science and Technology
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Quantile regression

- Quantile regression was introduced by Koenker and
Bassett (1978) and is fully described in Koenker (2005)
and Hao and Naiman (2007).

» Applications in financial risk management (stocks /
currency markets) can be found by Engle and
Manganelli (2004), Alexander (2008), Taylor (2008).

NTNU
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Quantile regression

. If you think of OLS as simply modelling
the mean of the electricity prices as the
dependent variable, then quantile
regression can model the median, the 1%,
5%, 10%, 90%, 95%, and 99% percentiles,
etc., or a whole set of them to
effectively describe the full distribution.

NTNU
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Quantile regression
Fo@l X)=a+BX+F(q] X)

0.1,0.5,and 0.9

quantile regression

0.15 lines. Figure from
Alexander (2008).
0.1 - .
The lines are found by
o5 the following min.
' problem:
0 - . T
I\glﬁnZ(q _1Yt§a+ﬂxt )(Yt - (0[ +ﬂxt))
' t=1
0.05 where
(1Y, <a+pX,
01 - WP 0 otherwise
NTNU
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- The UK electricity market

Data and descriptive statistics

Electricity production by source

One of the earliest el. markets formed in 1990
Combined auction and spot market trading

In April 2005 the British Electricity Trading and
Transmission Arrangement (BETTA) was formed and
all parts of of UK was included in the market

Gas, Coal. Nuclear main input
No location prices
48 half-hour prices (48 periods intra-day)

Auction market and spot market trades up to 1 hour
prior to delivery both OTC and at the exchange %0

UKPX/APX < 50 /\
Each day, demand forecast and reserve forecast for < 40

all the 48 periods for the next day are released €30
Period analysed: 8th June 2005 to 4th September & 20 \l\/
2010 (1915 observations altogether) 10

Peak price period 38 are examined (19:00-1930) 0 b

NTNU
Norwegian University of
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Data and
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Price of UKPX period 38 (19:00-19:30) in £/MWh, UK day ahead forward gas price

(£/BTVU) from the National Balancing Point, Daily Steam Coal Europe-ARA index (translated into
£/ton), EEX-EU Carbon emission price daily spot price (translated into £/ton), The UK national
demand- forecast for period 38 from the system operator (MWh), the UK national forecast of
reserve margin for period 38 from the system operator (MWh). The data spans from 8th June
2005 to 4th September 2010 (1915 observations altogether).
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Data and descriptive statistics

Statistics Mean Med Min Max Std Skew Kurt
Pt 58.79 46.93 13.22 421.72 37.54 2.92 18.92
In Pt 3.93 3.85 2.85 6.04 0.52 0.49 3.19

Statistics JB ADF p1 p 10 Q(10)

Pt 23040 -6.93 0.71 0.52 3268
In Pt 79 -4.55 0.84 0.72 5586
Quantiles 1% 5% 10 % 90 % 95 % 99 %
Pt 18.18 24.12 28.89 98.38 130.07 194.06
In Pt 2.9 3.18 3.36 4.59 4.87 5.27
Table 1. UKPX period 38 prices. The table shows the mean, median, min, max, standard deviation,
skewness, excess kurtosis, Jarque-Bera, Augmented Dickey Fuller with constant and control lags NTNU

according to the SIC criteria, autocorrelation at lag 1 and 10 and Ljung-Box statistics with 10 lags.
We also show the empirical 1%,5%,10%,90%,95%, and 99% quantiles. Critical values at 1% level for

JB is 9.21, for ADF-test -3.43, and for LB(10) 23.21.

www.nthu.no
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Data and descriptive statistics

Stylised facts UK el. spot prices

* Price distribution P38 far from normally distributed
Positive skewness
Fat tails / high kurtosis

- Large price risk
Min/max: 13 to 421 £/MWh
1% / 99% empirical VaR: 18 to 194 £/MWh

* Mean reversion in prices / stationarity
- Time varying volatility

* High degree of positive serial correlation and seasonal effects

Norwegian University of
Science and Technology

LY
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Price distribution modelling and

forecasting
In sample analysis

We first perform in-sample analysis using all data from 9th June 2005 to 4th
September 2010 which consist of 1948 observations. We use various quantile regression
methods to model the distribution of the period 38 UK electricity prices. The price
elasticity’'s of lagged prices, gas/coal/carbon prices, forecast of demand and reserve
margin, and price volatility are investigated at different quantiles i (1%, 5%, 10%,
50%, 90%, 95%, and 99%). We run 7 quantile regressions altogether.

LnP38i1' = biOi ¥ ﬁianPBBf-l + bianGGS-r_l + ﬁi3LnCOGI1._1 +
pi,LnCarbon,_; + pisLnDemand, + pijLnReserve, + p,o, + ei,

NTNU
Norwegian University of
Science and Technology
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Price distribution modelling and

forecasting
In sample analysis

Software applied:

- EViews (The QREG procedure)
- R (The quantreg module)

NTNU
Norwegian University of
Science and Technology




Price distribution modelling and forecasting
In sample analysis

Quantile lag P38 Gas Coal Carbon Demand Reserve Margin Volatility R*-adjusted
1% 0.22%** 0.31***  0.31*** 0.07***  0.08 -0.37*** -0.22%** 49.0
5% 0.28*** 0.27***  0.33*** (0.06*** (.23*** -0.28*** -0.11*** 53.6
10 % 0.31%** 0.27*%**  0.31*** 0.05%** (0.24*** -0.27*** -0.02 55.2
25 % 0.38*** 0.23***  (0.30*** 0.04*** (0.30*** -0.27*** -0.02 57.5
50 % 0.47%** 0.19%**  0.27*** (0.03*** (.25*** -0.35*** 0.06** 58.9
75 % 0.55%** 0.20%**  0.22*** (0.02*** (.26*** -0.46*** 0.02 58.2
90 % 0.59%*** 0.20***  0.16***  0.01  0.29*** -0.54*** 0.04 58.9
95 % 0.50%*** 0.20%**  (0.22*** (0.02*** (0.34** -0.63*** 0.21%** 59.8
99 % 0.35** 0.26* 0.30 0.02 0.42 -0.86*** 0.16 58.3

NTNU
E Norwegian University of
Science and Technology
Quantile regression results. The *, ** and *** indicates significance at the 10%, 5% or 1% level, respectively.
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Price distribution modelling and forecasting

In sample analysis
Lagged prices
- Significant positive effect. Generally increasing with quantiles
- Gas prices
- Significant positive effect. No clear pattern
- Coal
- Significant positive effect. No clear pattern
- Carbon
- Significant (but small) positiv effect declining with quantiles
- Demand forecast
- Significant positive effect, Generally increasing with quantiles.
- Reserve margin
- Significant negative effect, Generally increasing effect with quantiles.
- Volatility
- Negative for low prices and positive for high prices, same magnitude.

NTNU
Norwegian University of
Science and Technology
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Price distribution modelling and

forecasting
Out of sample analysis

Software applied:

- R (Developed code for forecasting application)

- Matlab (Available code for CaViaR models from
Engle & Manganelli)

NTNU
Norwegian University of
Science and Technology




Price distribution modelling and forecasting
Out of sample analysis - Forecasting Value at Risk

Backtesting refers to testing the accuracy of VaR
over a historical period when the true outcome is
known

The general approach to backtesting VaR for an
asset is to record the number of occasions over a
historical period when the actual loss exceeds the
model predicted VaR and compare this number to
the pre-specified VaR level

NTNU
Norwegian University of
Science and Technology
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www.nthu.no “ 27



Price distribution modelling and forecasting
Out of sample analysis - Forecasting Value at Risk
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Price distribution modelling and forecasting

Out of sample analysis - Forecasting Value at Risk

A proper VaR model has

The number of exceedances as close as possible to the
number implied by the VaR quantile we are trying to model
Exceedances that are randomly distributed over the sample
(that is no "clustering” of exceedances). We do not want
the model to over/under predict in certain periods

Exceedance

107
160

213
266
319
372
425
478
531
584
637
630
743
796
849
902
955
1008
1061
1114
1167
1220
1273
1326
1379
1432
1485
1538
1581
1644
1697
1750
1803

1856




Price distribution modelling and forecasting
Out of sample analysis - Forecasting Value at Risk

To validate the predictive performance of the
models, we consider two types of test:

The unconditional test of Kupiec (1995)

The conditional coverage test of Christoffersen
(1998)

NTNU
Norwegian University of
Science and Technology
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Price distribution modelling and forecasting
Out of sample analysis - Forecasting Value at Risk

Models for comparison (see paper for details):

. Different GARCH type of models with various error terms
(normal, skew-t)

. Different CaViaR type of models

. Quantile regression model including only price history dynamics
(7 lags)

. Quantile regression model including only price history dynamics
(7 lags) and time-varying volatility (6ARCH)

. Fundamental Quantile regression model including lagged price

dynamics (1 lag), all structural variables and time-varying

volatility (6ARCH) NTNU
@ Norwegian University of
Science and Technology

LY
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Price distribution modelling and forecasting
Out of sample analysis - Forecasting Value at Risk

+ We use two approaches dividing in-sample and out-of-sample:

- Expanding window in sample
* Run models with the first 730 observations. Forecast quantiles of
observation 731. Then run models with the first 731 observations. Forecast
quantiles observation 732......... At the end, run models with the first 1914
observations. Forecast quantiles of the last observation 1915. Verify tail
forecasting performance with 1915-730 = 1185 observations.

- Rolling window in sample

* Run models with the first 730 observations. Forecast quantiles of
observation 731. Then run models with observations 2 to 731. Forecast
quantiles of observation 732........ At the end, run models with observations
1184 to 1914. Forecast quantiles the last observation 1915. Verify tail
forecasting performance with 1915-730 = 1185 observations.

NTNU
Norwegian University of
Science and Technology
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Price distribution modelling and forecasting
Out of sample analysis - Forecasting Value at Risk

* Main conclusions (details of the p-values for the VaR tests of the

different models are found in the paper):
1. GARCH type models perform rather well if errors are capture by a
skew-t distribution
2. The Indirect GARCH CaViaR model and Symmetric Absolute Value
CaviaR performs rather well
3. Linear quantile regression models:

e The general findings is that introducing fundamental factors and
volatility in the linear quantile regression model improves the
results. This underpinning the importance of these risk factors in
predicting tail probabilities

- Excellent out of sample performance for the QREG

. . NTNU
mOdeI l"ClUd'"g the fUﬂdOﬂ'\Cﬂ"’OlS @ Norwegian University of

Science and Technology
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Conclusion

+ We have in this paper:
Characterised the nonlinear effects of exogenous factors on peak
hour wholesale electricity price formation

Made forecast of the price distribution

» Using a dynamic quantile regression model with fundamental
factors and volatility as explanatory variables, we capture
the effects such as:

Mean reversion

Spikes

Time varying volatility

Seasonalities

Complex relations to fundamentals @ Norwegian University of

Science and Technology
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Conclusion

- We demonstrate how these factors influence the peak el.
pmce distribution:
Lagged prices
Gas prices
Coal prices
Carbon prices
Forecast of demand
Forecast of reserve margin
Price volatility

NTNU
Norwegian University of
Science and Technology
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Conclusion

* In general, we find for the in-sample analysis:

Significant mean reversion effects

Positive elasticity's of gas, coal, carbon with no distinct pattern
over the quantiles

Positive elasticity of demand with increased effect as prices gets
higher

Negative elasticity of reserve margin with increased effect as
prices gets higher

Volatility effect on prices for very low/high prices, no asymmetry
effects

NTNU
Norwegian University of
Science and Technology
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Conclusion

* For the out-of-sample analysis we find:

We have used 11 different model alternatives testing the Value at
Risk forecasting power using both expanding and rolling windows

The linear fundamental quantile regression model including all
variables generally outperforms GARCH (autoregressive process
for the volatility) and CAViaR (autoregressive process for the
quantiles) type models

NTNU
Norwegian University of
Science and Technology
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Conclusion

A linear fundamental quantile regression model is useful for
energy market participants (with long/short positions in
electricity) in:
Understanding the non-linear influence of risk factors
at different el. price levels (low/medium/high)

Forecasting the electricity price distribution

NTNU
Norwegian University of
Science and Technology
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Further research

1. Extension of the analysis covering all 48 half hours (each half hour
have very different price dynamics)

2. Similar analysis of other electricity markets (Nordic/EEX/ENDEX
markets)

3. Non-linear quantile regression with copulas modelling
Between electricity prices in different areas resentation?)
Spark Spreads (Electricity - Gas)

Dark Spreads (Electricity - Coal)
Clean Spreads (Taken into account Carbon prices)

NTNU
Norwegian University of
Science and Technology
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Further research

—y

We need an army of phd
studentslil
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