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Background and research question
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Background and research question

=175 35 = Carbon price support (CPS)

o 150 30 introduced in 2013 by UK government
=125 25 % = Tax on electricity sector emissions

_5 100 20 -2 = Varies by year
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Background and research question
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Carbon price support (CPS)
Introduced in 2013 by UK government
= Tax on electricity sector emissions

= Varies by year

What was the impact of the CPS on
= coal and gas generation?
= emissions?

What were the abatement costs?
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Reasons for decreasing emissions

Two major reasons for lower Fioure 2. Annual electricity generation and emissions

emissions in power sector:

= Lower total fossil generation e 130,
= Lower demand 22 1202
= More renewables ém 10}
= More imports %“” 10“1-%

= Coal-to-gas switch 2 *
= Change in installed capacities B jz
= Change of relative fuel prices ° 3 = = = 2 5 =
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How would emissions have evolved without CPS?

= Methodological challenges
= Missing control group
= No variation in treatment

= Methodological Approach

1. Estimate prediction model using machine
learning

2. Predict unobserved counterfactual

3. Treatment effect; Difference between
observed outcome and «no policy»
counterfactual
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Literature and contribution

= Literature

= |mpact of fuel and carbon prices on emissions
Empirical studies: Martin et al. 2016; McGuiness & Ellerman 2008; Cullen & Mansur 2017
Simulation studies: Delarue et al. 2008, 2010

= Machine learning for policy evaluation
Burlig et al. 2017; Cicala 2017

= Contribution

= EX-post assessment of carbon price impacts in electricity sector and how they depend on fuel
prices
= Evaluation of treatment effect in the absence of a control group using machine learning
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Empirical Implementation
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Short-run electricity model

= Qutcome of conventional (i.e., gas, coal)

unit:
yie = f (cisc-i ki k_i, d)

»
>

Demand d

= Main assumptions:
* |nelastic demand
= Perfect competition

Marginal cost ¢ [E/MWh]

Nuclear/Hydro

Installed capacity k [MW] ]
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Data

= Data
= Hourly generation of each unit and demand (2009 — 2016)
= Hourly available capacity
= Fuel, EUA, CPS prices
= Dally temperature

= Challenges
= Marginal cost are not observed
=>Use fuel prices and temperature
= No variation in CPS prices coal gcoal( EUA cps)

. R . - - pt pt + pt
=>Use carbon price inclusive fuel price ratio r, := o FUA - CPS
p; + 08 (pt TP )
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Prediction Model

Vit = ﬁ (Cia C—i, kia k—ia d) — j\;it — ﬁ (rta tempta kia k—ia da D)

= Qutput as function of
= Carbon price inclusive fuel price ratio
Temperature
Available capacities
Demand
Time fixed effects

= Prediction problem: f; is estimated from data using machine learning algorithms
= |n our case: LASSO (penalized OLS)
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Method
= Methodological Approach 180 35
: .. : ~160

1. Estimate prediction model using S 140 O
machine learning Z 150 25w
A A S 100 20 &
Yit = ﬁ(rta temptakiak—ia da D) é 80 Ir) 15 g
> 60 re!
2. Predict unobserved counterfactual S 10 103

Fuel price ratio without CPS: 8 20 I I >

coal coal,,l 0 0

7, = Pt — 0P 09 10 11 12 13 14 15 16
p;:g + anspf EmEUA B CPS —Emissions =---Emissions noCPS

3. Treatment effect
51'?35 = fi(ry, tempe, de, ki, k_it, Dy) — f;(ry = 7, tempy, dg, ki, k_i, D)
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From generation to emissions and cost...

= Estimate impact of CPS on each coal and gas plant

= Impact on emissions: AE = Y., 65 %e;

= Short-run technical abatement cost: Change in fuel cost
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Impact of the CPS on coal and gas generation

Ficure 4. Monthly impact of CPS on generation
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Impact of CPS on abatement and cost

14 70
= Total abatement: 24.2 Mt (6.2%)
— 12 60 &=
= Average cost: 18.2 €/t O P}
. . 10 50 ‘2
= What drives CPS impacts? 5 2
= level of CPS = S 40 2
= coal-to-gas price ratio e © 30 2
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What affects CPS impacts? Fuel price ratio - 2015
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What affects CPS impacts? Fuel price ratio - 2016
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Hourly Abatement Potential [1000 t]
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Summary: Impact of UK Carbon Price Support

= What was the impact of the CPS on UK carbon emissions?

= 45 TWh coal generation replaced by gas
= 24 MtCO, abated
= 18 €/tCO, on average

= |mpact and cost of CPS are affected by
= level of CPS
= coal-to-gas price ratio
=>»Higher coal prices decrease abatement cost but also decrease abatement potential
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How to estimate the treatment effect?

= Treatment effect 65 = Yir — f; (Kis hin 20 = 2)

= Function f; not known N X
= Predictor needed 0 = Yir = Jfi (Xits 2t = 2)

= Not a problem of parameter estimation
but outcome prediction problem
=» Machine learning approach
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Machine learning for predictions

¥ 1= argmin Z [(yit — Ji7 Cxir Z’))]z

fieF -

= Choose f* to minimize in-sample mean-squared error

= Cross-validation to choose hyperparameters (a) to minimize out-of-sample
prediction error

= By design, in-sample bias to improve prediction performance
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Estimating treatment effects

o, = 17 i, z) = f;7 (Xipy 2t = 2)
= Treatment estimator: Difference between
= predicted outcome under treatment

= predicted outcome under no-treatment (counterfactual)

= Need to account for machine learning induced bias
=>» Use of difference estimator
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When is this the correct treatment effect?

= Treatment effect 6% = yir — fi Xigs hiry 70 = 2)

= Condition 1
Observed controls independent of treatment Xt 1L Z;

= Condition 2
Unobserved controls are independent of

" his AL Z4| x4
treatment (conditional on observed ones)
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Do we estimate the correct treatment effect?

u Treatment eﬁeCt SZ — ﬁ (rta tempta kis k—ia ds D) _ ﬁ (rl‘ — Fl‘a tempta kia k—ia da D)

= Condition 1 o
Observed controls independent of treatment (77 ™. p/, p; =", kir, tempy, d;) 1L CPS,

= Condition 2
Unobserved controls are independent of hi L CPS J(pCoe, p&es, pEUA k. temp,, d,)
treatment (conditional on observed ones)
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