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A Data

A.1 Fuel Productivity and Distinction Between Potential and Realized Energy

Energy inputs are measured in different units. For example, coal is typically measured in weight
whereas natural gas is typically measured in volume. As a result, scientific calculations converts
baseline fuel quantities into equivalent heating potential (million British thermal units, mmBtu),
which I call this potential energy. This is because it captures what energy may be extracted from
combustion of a particular fuel.

However, what plants get in terms of energy service from the combustion process, which I call
realized energy, depends on a variety of factors, such as the technology used for combustion and
plants’ knowledge on wasting energy. In essence, realized energy is what plants get after combining
fuels with some technology. As such, there is a conceptual gap between potential and realized
energy, which underlies productivity differences. These differences come in many forms, and I
highlight three examples:

1. Across fuel types: In the transformation of liquid iron into liquid steel, electric-arc furnaces
which use a combination of electricity, natural gas and recycled materials, are more productive
than blast furnaces (coal) at using heating potentials of the underlying fuels (7).

2. Within fuel types: In cement manufacturing, coal used in rotary kilns is more productive
than in vertical shaft kilns for the production of clinker as part of cement manufacturing (7).

3. Wasted resources: Energy retrofit programs underlie large heterogeneity differences on
how efficiently agents in the economy use the heating potential of fuels (7). Examples include
keeping lights opened unnecessarily or forgetting to turn off machinery.

4. Fuel Quality: For example, different grades of coal have different heating values, implying
that the same physical quantity of coal observed in the data will be more or less productive
depending on its grade. Anthracite coal is the most productive and also the most expensive
grade of coal, whereas lignite coal has the lowers energy content and is the cheapest coal
(https://www.eia.gov/energyexplained/coal/). I show in Figure 1 that coal prices are
positively correlated with coal productivity, indicating that unobserved coal grades are being
captured by estimated coal productivity.
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Figure 1: Relationship between price of coal and estimated coal productivity
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A.2 Fuel Prices and Transportation Costs

Identification of plants’ responses to changes in fuel prices rests on two important sources of price
variation. First, it relies on persistent shocks that are largely driven by worldwide variation in
supply and demand related to macroeconomic conditions and geopolitical events such as wars,
trade agreements, and sanctions. Figure 2 shows the evolution in the median fuel prices paid by
AST plants. Notably, the oil shock of 2014 led to a 50% decrease in the price of oil and a 30%
decrease in the price of natural gas. At the same time, the price of coal is much more stable. This
will play an important role in the government’s provision of insurance against price shocks through
taxation.

- Naturalgas -e Oil
—+ Electricity < Coal

2000 —

s |

1000 -
e
""/";':;";5/4"” -
s \
—
=

S

0

2009 2010 2011 2012 2013 2014 2015 2016

Figure 2: Yearly Median Fuel Prices (INR/mmBtu)

Second, identification relies on spatial variation in fuel prices, which I argue is related to trans-
portation costs. As an example, natural gas is expensive to transport because it needs to be carried
in high pressure pipelines. The Petroleum and Natural Gas Regulatory Board of India (PNGRB)
sets transportation prices according to a 4 zone schedule in a vicinity of 10 km on both sides of the
pipeline: 1 being the closest to the source and 4 being farthest from the source of the pipeline’.
By 2016, there was 13 gas pipeline networks, each with their own 1-4 zone tariffs (depending on
the length of the pipeline). However, different pipelines have different baseline transportation costs,
such that it is possible for a plant in the zone 4 of a pipeline to pay less than a plant in the zone 1
of another pipeline. For example, transportation costs the zone 4 of the integrated Hazira-Vijaipur-
Jagdishpur pipeline costs 49 INR/mmBtu, whereas transportation costs in the zone 1 of the East
West Gas Pipeline (PNGRB) is 65.5 INR/mmBtu. If the plant is not in a vicinity of a pipeline, it
can carry liquefied natural gas (LNG), but it needs to re-gasify it which is costly. Below is a schema

describing how the natural gas pipeline tariffs work:

Overall, the transportation cost structure of natural gas should lead to large dispersion in the
price of natural gas that plants pay. On the contrary, coal is much simpler to transport because it
is a solid and because it is mostly extracted domestically”. As such, 17% of all coal is transported
directly from the mine to plants through conveyor belts, 33% is transported by road, and 50%

!The Indian government is considering changing its pricing structure, and it would be an interesting counterfactual
to consider
2? shows that Coal India Limited (CIL) is the largest coal mining company in the world
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Figure 3: Hypothetical Structure of Transportation Costs for Natural gas Pipeline
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Figure 4: Histogram comparing price of natural gas and coal (INR/mmBtu)

is transported by train. These cheaper and simpler transportation methods should lead to lower
dispersion in the price of coal. If fuel prices in the ASI reflect differences in transportation costs,
then the price distribution should reflect this difference in dispersion. This is indeed what I find, as

Figure 4 suggests a much larger dispersion in the price of gas relative to that of coal.

Moreover, I find that accounting for pipeline fixed effects, there is a positive and significant jump
in the price of natural gas from being in zone 2-4 relative to zone 1. However, the effect for zone
4 does not seem robust. Zones and pipeline data were constructed by mapping the entire natural
gas pipeline network to the districts in which they pass, directly or indirectly. Thus these results

are subject to measurement error.

Lastly, I argue that spatial fuel price variation captures some exogenous variation from the
plants’ perspective because plants location decisions are somewhat constrained by the language
locals speak. Indeed, there are 22 official regional languages in India, which are broadly related to
one of 28 States. For examples, Bengali is the main language in West Bengal, Gujarati is the main
language in Gujarat, Punjabi is the main language in Punjab, and so on. For this reason, I will use

States as the main driver of spatial price variation in the model.

Location of Steel Plants and ”Steel Belt”



Table 1: Relationship between (log) natural gas prices and proximity to pipelines

(1) (2) (3)

(10g) Pnatgas (10g) Pnatgas (10g) Pnatgas

Zone 2 0.278** (0.044) 0.235"* (0.045) 0.219** (0.045)
Zone 3 0.214**  (0.046) 0.176** (0.047) 0.163*** (0.047)
Zone 4 0.119**  (0.033) 0.052 (0.036) 0.038  (0.035)
year dummies Yes Yes Yes

Pipeline dummies Yes Yes Yes

Industry dummies Yes Yes

Additional controls Yes
Observations 11,780 11,780 11,780

Standard errors in parentheses

Baseline zone is 1 (closest to source of pipeline).

Additional controls: number of workers and quantity of gas purchased.
Tp<0.1,* p<0.05 * p<0.01, *** p<0.001
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Figure 5: Concentration of steel plants by regions

Source: https://en.wikipedia.org/wiki/File:State_wise_Steel_Production_India,_2019.jpg
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A.3 Further Evidence
A.3.1 Evidence of Large Levels of Pollution in Indian Manufacturing

Indian manufacturing establishments exhibit a higher level of pollution intensity compared to their
counterparts in developed economies. As demonstrated in Figure 6a, half of Indian cement man-
ufacturers emit twice the amount of carbon dioxide per unit of energy compared to the average
of Canadian cement manufacturer. This trend is not limited to the cement industry, but prevails

across all heavy manufacturing industries that use fuels as primary means of combustion (Figure
6b).
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Figure 6: Pollution Intensity of Energy in India and Canada (kg COs./mmBtu).

Note: Information from Canadian plants come from the National Pollutant Release Inventory (NPRI) (?). This is a publicly
available dataset that records emission of specific pollutants by Canadian manufacturing plants, which I convert into CO2,
emissions using the Global Warming Potential (GWP) method. In Figure 6b, I compare the within industry average pollution
intensity for 5 heavy manufacturing industries: Pulp & paper, cement, steel, aluminium, and glass.

The main reason underlying this gap in emission intensity is the use of different fuels. The cluster
of Canadian establishments that emit on average 55 kg of COs. per mmBtu in Figure 6a reflect
establishments that primarily use natural gas. Indeed, switching from coal to gas has been a large
contributor to the manufacturing clean-up in developed economies (7). In contrast, a large portion
of Indian plants primarily use coal, which pollutes twice as much as gas. In Figure 7, I show that
coal consistently contributes to 40% of all fuels used by Indian Establishments. This prevalence of
coal usage among Indian manufacturers explains the cluster of plants that emit on average 95 kg of
CO9e per mmBtu in figure 6a.



98.92
6000 | M Natural Gas Ml Electricity 100 | [ Natural Gas [ Electricity
M oil | Coal [ oil [7] Coal
80
=1
2 4000 8
£ E e
k] 5}
c Q
(=} i
s )
= o
40
2000 2
20
0
2000 2010 2011 2012 2013 2014 2015 2016 0
(a) Total Emissions by Fuel (b) Average Emission Intensity by Fuel

Figure 7: Comparison of Fuels used by ASI establishments

Note: Figure 7a aggregates across all manufacturing establishments in the ASI by year, and suggests a much lower usage of
natural gas compared to coal. Figure 7b shows the average emission intensity of each fuel, where the average is taken across

industries according to scientific calculations made by 7.
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Figure 8: Comparison of Fuels used by Steel Establishment



A.3.2 Evidence on Switching and Mixing

Indian Plants

40%|
30%
20%

10%

A1 ..

0 2 4 6 8
Number of times plants switch

Figure 9: Number of Times Unique Plants add or drop a Fuel (ASI)

U.S. plants

Here I show some of the evidence presented in the main text from manufacturing plants located
in the U.S. The data is from the Greenhouse Gas Reporting Program (GHGRP), which reports fuel
consumption (oil, gas, coal) from large manufacturing plants in selected industries. Below I show
evidence from the Pulp & Paper industry between 2010 and 2018.

Table 2: Different Fuel Sets

Table 3: Percentage of unique plants that

B
requency % add and drop a fuel

Natural Gas 602 50.76
Oil 36 3.04 —
Natural Gas, Coal 9 6.07 Adds New Fuel (%) Drops Existing Fuel (%)
. No 77.13 76.68
Natural Gas, Oil 332 27.99
. Yes 22.87 23.32
Coal, Oil 9 0.76 Total 100.0 100.0
Natural Gas, Coal, Oil 135 11.38 o : :
Total 1186 100.00

Pulp and Paper Manufacturing (U.S. GHGRP)
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Figure 10: Number of Times Unique Plants add or drop a Fuel (U.S. GHGRP - Pulp & Paper
Manufacturing)



A.3.3 Relationship Between Natural Gas Pipeline Expansion and Natural Gas Adop-
tion

Plants located near transmission pipelines have access to the main distribution network. This
access reduces costs compared to those located far from the pipeline network, who need to either
have access to or construct expensive gasification terminals to convert liquified natural gas (LNG) to
its usable form. In the Indian context, I investigate the impact of the natural gas pipeline network
expansion between 2009 and 2016 on the likelihood of adding natural gas as a fuel source.

I use a simple logit regression where the dependent variable is an indicator for whether a plant in
district j added natural gas between year ¢ and ¢t + 1. The dependent variable of interest is whether
the pipeline network expanded in that district between ¢t and t + 1.° The results indicate that an
expansion in the pipeline network within a plant’s district leads to a 2.2 percentage point increase
in the probability of adding natural gas. These results are consistent with 7 who provides evidence
that proximity of power plants to gas pipelines in the U.S. is a critical factor in determining the
fixed costs of adding natural gas as a fuel source, which affects the probability that a power plant
adds natural gas.
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(a) 2009 (b) 2016
Figure 11: Indian districts by zone of access to natural gas transmission pipelines.

Notes: Zones are defined according to regulations under the Petroleum and Natural Gas Regulatory Board (PNGRB)
and are defined by each pipeline segment of 250km from the source. Zone 1 is closest to source and Zone 4 is furthest
from source. Moreover, unlike the U.S. and Canada, transportation tarrifs do not depend on long term contracts
between the pipeline and suppliers. Instead, tarrifs are fully regulated and depend on the fixed and variable cost of
each pipeline, and vary by zone.

3While pipeline expansions are not exogenous, I show in Appendix A.3.5 that the vast majority of aggregate
demand for natural gas comes from fertilizers, power generation and oil refineries. In this context, the expansion of
the pipeline network can be seen as a plausibly exogenous shock for the manufacturing sector.
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Added Natural Gas

Pipeline Expanded 0.013**  0.013**  0.02***
(0.004) (0.004) (0.005)

Industry Fixed effects Y Y
District Fixed effects Y
Observations 128,496 128,496 128,496

Standard errors in parentheses
* p<0.05, " p<0.01, " p < 0.001

Table 4: Probability of adding natural gas, logit average marginal effects from pipeline expansion
between two years.

Notes: The coefficient for ”Pipeline Expanded” is the average marginal effect of increasing the pipeline network in
a plant’s district on the probability that the plant adds natural gas. Probabilities come from the following model,
estimated with logit errors: ADgas;: = Bo + S1ADpipelinei; + controls;: + €;t, where ADgas;; is an indicator for
whether plant ¢ added natural gas in year ¢ and ADpipeline;; is an indicator for whether the natural gas pipeline
network expanded to reach plant ¢’s district in year ¢. Individual marginal effects are calculated as Pr(ADgas; =1 |
ADpipeine;; = 1, controlsit) — Pr(ADgas;: = 1 | ADpipeine;; = 0, controlsit).

A.3.4 Relationship between Number of Fuels and Plant Age

As plants become older, he number of fuels in their set rises on average, which is similar to the
pattern found with output per worker in the main text. Moreover, the magnitude of the relationship

is larger with age.
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Figure 12: Number of fuels by plant age, average of all ASI plants
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A.3.5 Natural Gas Demand by Sector
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Figure 13: Projected Natural Gas Demand by Sector - all of India (2012 and 2016)

Notes: Data retrieved from the Petroleum and Natural Gas Regulatory Board’s Data Bank (?)

A.3.6 Fuel Expenditure Shares - ASI

.05 2
.04
.15
c 03 c
§ §
g g 1
w w
.02
.05
.01
0 0
0 2 4 6 8 1 0 2 4 6 8
(a) Coal (b) Gas
1 15
.08
A
c 06 c
S L
8 8
& £
.04
.05
.02
0 0
0 2 4 6 8 1 0 2 4 6
(c) Oil (d) Electricity

Figure 14: Distribution of Expenditure Shares
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A.3.7 Number of Steel Varieties

Product Category Percentage of Occurence

Ferrous products from direct reduction of iron ore 5.5
Mild steel billets, blooms 4.5
Mild steel bright bar, rectangular cross section 4.3
Bars and rods, hot-rolled, in irregularly wound coils, of iron or non-alloy steel 3.8
Sponge Iron 3.6
Ingots alloy steel 3.5

Number of Unique Varieties 404

Table 5: Top 6 Output Varieties from Steel Plants in the ASI (NPCMS)

Notes: Unique varieties are taken from the primary product made by each plant.

B Model

B.1 Comparative Statics — Option Value of an Additional Fuel

Below are some propositions developing on the option value that an additional fuel provides. The
price that plants pay for its energy bundle is a CES price index in all fuels available Fj;:

pe,= (2 (%)H)ll)

feFit

? and others show that this CES price index is decreasing in the number of input varieties it
contains, here |F|, as long as inputs are gross substitutes (A > 1). This means that absent of fixed
costs, all plants would always include all fuels in their set. The intuition underlying this option
value and can be understood through decreasing marginal products. Indeed, the energy production
function is concave in each inputs, so fuel-specific marginal products are decreasing in fuel quantities.
Adding an additional fuel allows to substitute away from the least productive units of existing fuels,
towards the more productive units of the new fuel due to gross substitution (A > 1), which in terms
increases the marginal product of all existing fuels. The net effect is an overall decrease in the total
quantity of fuels required to produce a unit of realized energy Ej:, which decreases marginal costs
Pg,,- The following three propositions formalize these ideas:

Proposition 1. Gains from variety: ceteris-paribus, if a fuel set F is a strict subset of F' and
fuels are gross substitute (A > 1), then the marginal cost to produce energy is higher under F.

_ 1 _ 1
Proof. Assume not, such that (Zfe}‘ (Z]}i‘tt)l—k) -5 _ (Zfe}-/ (i?i)l_/\) = By convexity of the function

flx) = 2T when A > 1, we know that Vz,y € dom(f), f(y) > f(z) + f'(z)(y — x) using a first-order Taylor

expansion of f. Let y =3, (iffii)l_)‘ and x =3, (Zﬁz)l_)‘ Then,

13
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In addition, by expanding its fuel set, a plant also gains the option value of being able to hedge
against negative price shocks and quantity shortages. The following two propositions demonstrate
the differential effects of a fuel price increase and a binding quantity shortage based on the size of
a fuel set.

Proposition 2. Option value against positive fuel price shock: ceteris-paribus, if a fuel set F is a
strict subset of F', an increase in the price of a fuel in both sets will increase marginal costs under
Wi, () Mg, ()

Opyit Opysit

F by a larger amount. FCF —

apEit(]:) apEn(]:’) Dfit A1 A A
O Obra <¢fit) Yrit [pE“(]:) _pEit(F)] >0

if Fc F since A>1 and PhaF) > Phy(F) by Proposition 1

The idea behind Proposition 2 is that a larger set of fuels can act as a form of insurance against
negative price shocks, which is relevant in a world where many fossil fuels, in particular oil and
natural gas, are susceptible to geopolitical shocks that have persistent effects on fuel prices. The
final proposition demonstrates that a larger fuel set allows plants to hedge against binding quantity
shortages of a particular fuel more effectively. This proposition is particularly applicable in the

Indian context, where the economy frequently experiences disruptions in its electricity supply (?77).

Proposition 3. Option value against binding fuel shortage: ceteris-paribus, a binding shortage

on the quantity of a specific fuel €; will increase the perceived marginal cost to produce energy.

Moreover, if a fuel set F is a strict subset of F', the increase in perceived marginal costs will be
I ~ ~

larger under F. FCF — PE(Fiep) = PEw(F p)

. ~ ~ A1\ X=1
min { Z pfitefz-t} sit. Ey= ( Z (¢fz’t€fz't) by )A !

{erit}rer;, FEFu feFit

efit < ey for some f

The Lagrangian can be written as:
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feFit

L= ppuesii+m + pa(efit — €x)

fe€Fit

In the first order condition for fuel f, the Lagrange multiplier for the supply constraint us acts
as an increase in the shadow price of fuel f. Since I assume that the constraint is binding, the value
of this shadow price will be such that the quantity purchased of fuel f would be €, if the plant
was facing pyi; + p2 as the true price. Hence, the binding quantity shortage is analogous to a price

increase.

) S\ 3y Aot oot
Dfit + p2 = p1 (Z(d’f”eﬂt) : )A lwfﬁ “fi
feF

Marginal Product of ey;;

Then, the perceived marginal cost of energy, P, (Fep) Will include the shadow price of fuel f.
By proposition 2, the increase in marginal costs will be larger under F than F’. Thus, the plant is
better of under the larger fuel set, 7 when facing a shortage.

C Identification

C.1 Remark on the Identification of the Energy Production Function

I haven’t used the first-order condition (in level) for electricity in the energy cost-minimization
problem. This is not an issue because plants choose the level of energy in the first stage of production,
given some price of energy. Once I recover the price of energy and the quantity of energy that plants
want to buy, cost minimization implies that one of the input choice is ”free”. That is, I only need
to recover the optimal quantity of all fuels relative to electricity, whereas the quantity of electricity
will be pinned down by the plant’s choice of energy. The first order condition for energy in the
cost-minimization problem is as follows, where I sub in equation (??) for all relative fuel-augmenting
productivity:

1

A—1\ A—1
N -\ _—1/X
Peit = /Mﬂﬂat( Z (¢fz‘t€fit> ’ ) ot

fEFit

1
Sfit\ =1
= Muﬂ)eit( Z %) o
fEFi eit
Once I take into account all first-order conditions, plants’ optimality condition implies that the
shadow cost of electricity (Lagrange multiplier s;;) is the marginal cost of realized energy. Plugging
the equilibrium condition for the shadow cost of electricity into equation (1) implies that the first

order condition for electricity is always satisfied:
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C.2 Monte-carlo simulations to recover the distribution of comparative advan-
tages over selected fuels

I create a sample of plants with all state variables present in the main model. External estimation
of parameters governing the distribution of random effect from the sample of plants who use gas
and/coal leads to upward biased estimates. Indeed, plants with larger comparative advantage to
use coal are more likely to use coal, and likewise for gas. Monte-Carlo simulations confirms this

intuition:
Natural Gas
Hpg O—ig 01239 Opgpg Hg 01219
Unselected Sample (N = 3,000) -0.0004 (0.003) 0.03 0.03 -0.0122 0.28 0.48
Selected Sample (N = 694) 0.005 (0.006) 0.03 0.028 -0.0128 0.41 0.48
True value 0 0.03 0.03 -0.0120 0.3 0.5

Table 6: Selected and unselected state transition parameters for price and productivity of natural
gas (Monte-carlo data, standard errors in parenthesis)

Coal
Hpe o 12/,,3 0 36 Otpepe He g ic
Unselected Sample (N = 3,000) 0.003 (0.002) 0.21 0.01 -0.018 0.19 0.39
Selected Sample (N = 936) 0.002 (0.003) 0.21 0.01 -0.019 0.25 0.39
True value 0 0.2 0.01 -0.0179 0.2 0.4

Table 7: Selected and unselected state transition parameters for price and productivity of natural
gas (Monte-carlo data, standard errors in parenthesis)

In this Monte-Carlo simulation, there isn’t much selection going on for coal because gas has a
higher average productivity so plants are mostly selecting on the basis of gas, and almost all plants
either use oil and electricity or oil,electricity, gas and coal.

D Results & Counterfactuals
D.1 Model Fit

Construction of fuel set choice probabilities and transition

1 S I
Py (model) = NT SN plugr | Fissis 01,05, %) Pr(F' | Fig, sie, popi = pge; 61, 02)
itk

1 . , .
Prr(model) = —— YOI pugr | Fi, 501,02, 7) Pr(F | F, sit, i = pigr; 01, 62)
F . Vv
' tok Conditional probability of comparative advantage Conditional choice probability
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Details explaning role of productivity in

D.2 Decomposition of Relationship between Estimated Price of Energy and
Number of Fuels

I look at the relationship between the price of energy and the number of fuels available to plants.
The findings reveal a significant and consistently negative relationship. It indicates that plants may
be selecting larger fuel sets based on their productivity in utilizing those fuels, or that there might
be a considerable option value associated with having a greater variety of fuels within a set. These
factors, which are encompassed within the energy production model, could reasonably explain the

observed negative relationship.

Table 8: Relationship between Inp Iy and the number of fuels available to plants.

(1) (2) (3) (4)

lan“ lan“ lan_’L lan”
Three Fuels -0.684**  -0.710™*  -0.714*** -0.687***

(0.0425)  (0.0420)  (0.0418)  (0.0319)
Four fuels -0.794  -0.803*  -0.828***  -0.571***

(0.0698)  (0.0690)  (0.0686)  (0.0526)
Year Dummies Yes Yes Yes
Controlling for fuel prices Yes Yes
Controlling for TFP Yes
N 7,603 7,603 7,565 7,565

Standard errors in parentheses
*p<0.05, " p<0.01, *** p < 0.001

Notes: the third and fourth columns control for the prices of electricity and oil, and are based on plants that always
use these two fuels. Since 90% of plants always use oil and electricity, and since the remainder of the analysis focus on
these plants, I only kept plants who always both oil and electricity in this regression. This means that the benchmark
number of fuels in these regressions is two rather than one.

Moreover, the evidence provided in Table 8 may also have policy implications. Indeed, a policy
whose aim is to incentivize adoption of new fuels, such as a fixed cost subsidy, may be more effective
if adding a fuel causes a decrease in energy marginal costs through the additional option value of
the new fuel. On the other hand, if differences in energy marginal costs are explained by selection
channels such as prices and productivity, then such a policy may not be as effective at incentivizing
adoption of new fuels. I now show that selection channels, particularly fuel productivity, dominate
the option value. I decompose the observed differences in the price of energy p 7, ACToss fuel sets

between three main factors: option value, fuel productivity and fuel prices.

Below I show results of the decomposition. I find that fuel productivity explains the majority
of the average difference in energy marginal costs across fuel sets. This result acts as a cautionary
tale against the effectiveness of fixed cost subsidies at incentivizing the adoption of new fuels, and

particularly natural gas. Below are the details of the decomposition
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OCE OGE OGCE
Total Difference ~ Percent (%) Difference with OE  -65.65 -71.54 -86.97

Option Value 36.14  5.42 6.3
Fuel Productivity —Percent (%) of Total 62.6  97.75  94.84
Fuel Prices 1.25 -3.18 -1.14

Table 9: Shapley Decomposition of the Difference in Average Marginal Cost of Energy Between
Fuel Sets

Notes: I compare the observed differences in the average (across plants) marginal cost of realized energy between
plants who use coal and/or gas on top of oil and electricity (OCE,OGE,OGCE) relative to plants who only use oil
and electricity (OE).

D.3 The Shapley-Owen-Shorrocks Decomposition
General Definition

Given an arbitrary function Y = f(X3, Xo, ..., X;,), the Shapley-Owen-Shorrocks decomposition is
a method to decompose the value of f(-) into each of its arguments X, Xo, ..., X;,. Intuitively, the
contribution of each argument if it were to be “removed” from the function. However, because the
function can be nonlinear the order in which the arguments are removed matters in general for the
decomposition. The function f can be the outcome of a regression, like the predicted values or sum
of square residuals, or the output of a structural model, such as a counterfactual value for a variable
given a list of model parameters or components, or a transformation of the sample, for example the

Gini coefficient.

The Shapley-Owen-Shorrocks decomposition is the unique decomposition satisfying two impor-
tant properties. First, the decomposition is exact decomposition under addition, letting C; denote

the contribution of argument X; to the value of the function f(-),
> Cy = (X1, X,y Xa), (2)
j=1

so that C; f(-) can be interpreted as the proportion of f(.) that can be attributed to X;.* Second,
the decomposition is symmetric with respect to the order of the arguments. That is, the order in
which the variable X is removed from f(-) does not alter the value of Cj.

The decomposition that satisfies both those properties is

—_

n—

(n—Fk—1)k!
Ci n!

> [FsUX;) = f(s)] ] (3)

k=0 sCSE\{X;}:[s|=Fk

where n is the total number of arguments in the original function f, Si \ {X;} is the set of all

4The interpretation holds as long as f is non-negative. If f can take negative values, then the interpretation of C;
under the exact additive rule can be misleading as some arguments can have C; < 0.
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“sub-models” that contain k arguments and exclude argument X;.° For example,

St \ Xp = (X1, X2, 00, Xn1)
Si\ Xy = {f(X1), f(X2), e f(Xn-1)}-

The decomposition in (3) accounts for all possible permutations of the decomposition order.
Thus, W can be interpreted as the probability that one of the particular sub-model with &
variables is randomly selected when all model sizes are all equally likely. For example, if n = 3,
there are sub-models of size {0, 1,2}. In particular, there are 22 permutation of models that exclude
each variable: {(0,0),(1,0),(0,1),(1,1)}.

—— ———

k=0 k=1 k=2
. (k=D (3—0-10! 1
' n! 3! 3
L (n—k—DK_@-1-nu 1
' n! 3! 6
b—o. (n—k:—l)!k:!: (3—2—1)!2!:}
' n! 3! 3

D.3.1 Application to Decomposition of the Marginal Cost of Energy

The function of interest in this paper is the difference in sample average between the marginal cost
of realized energy for a given fuel relative to oil and electricity only. The function takes three broad

set of arguments: fuel prices p, fuel productivity ¥ and a fuel set F:

7, % 7) = N%f S (X0 Graog) )7 5 (X BT

©oF  feF icoe  f€oe

The function excluding each of its argument requires a reference point for the excluded argu-
ments, which plays an important role in this context. For the reference point of fuel productivity
and prices, I will use the average productivity/price that plants using oil and electricity would get
Jf(oe). For coal and gas, since there is no sample average productivity for plants that use oil and
electricity only, I will simulate histories of coal and gas productivity for those plants, and take the
sample average of the simulated history. I will do this with both the selected distribution of compar-
ative advantages (from plants who use coal and/or gas in the data) and the estimated unselected
distribution to see the extent to which selection on unobservables plays a role in explaining the
difference in energy marginal cost. The function (4) is equal to zero when all its arguments are null,

and thus satisfies the criteria laid out in ?:

SWe abuse notation here. A sub-model is an evaluation of function f with only some of its arguments. This
language is motivated by the function corresponding in practice to the outcome of a regression or structural model.
Formally when we write f(X1) we mean f(Xi,02,...,0,), where we assume the j-th argument of the function can
always take on a null value denoted @;. The null value plays an important role in our context, because it serves as
the reference point for the variable in question, which isn’t 0.
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il 00s07) = 552 (32 (50001 5006) ') 7 = 32 (32 (00 fst00) ') 7

©F  f€oe i0oe  fEoe

= (N2 - 3) (X (stoerfigton) ) =0

feoe

Since there are three arguments, there will always be 4 submodels which can exclude each of
the arguments. For the first argument (prices), that would be: {0,0,0},{0,1,0},{0,0,1},{0,1,1}.
Moreover, two of of the submodels exluding the variation of interest always contain one argument,
and two of the submodels contain either 0 or two arguments As such, the associated probabilities

with each of the submodels will be as follows: { %, 3 6, 3} Overall, since the function takes 3 argu-

——

ments, there are 23 = 8 possible sub-models: {(0,0,0), (1,0,0), (0,1,0),(0,0,1),(1,1,0),(1,0,1),(0,1,1),(1,1,1)}.
——

k=0 k=1 k=2
Then, as an example, the total partial effect of adding the gains from variety would be:

Cr= %(f((bpywwvf)_f(®p7®¢7®f)>+é (f(p’ By, F)=f(p. 0y, 07) )+
+3(r F(p. ®.07))

The total partial effect of adding fuel productivity is

Co = 5 (00 2.05)=F Oy, 00.02)) .6 (F00, . F) =000, 7))+ (£(5. %,05) 1 (0,0, 05)

1

+ (£ . F) = £(p, 04, 7))

The total partial effect of adding fuel prices is

Co = 5 (7000, 05)— 1 0, 00, 07) ) 4 (72 0, )= £ 0y, 00, 7)) 4 < (70, 2, 07) 0y, 2, 05))

b2 (0.2, F) - 10,9, 7))

D.4 Aggregation of Production Function Without Switching and Without Het-
erogeneity in Fuel Productivity

In this section, I show that when plants do not have fuel-augmenting productivity and cannot switch
between fuel sets, the economy can be aggregated into a single CES production function similar to
the one of 7 who study optimal externality taxes on fossil fuels in an aggregate economy. This allows
me to benchmark results from my model with the existing literature. For reference, ? postulate the

existence of an aggregate production Cobb-Douglas production function which nests an aggregate
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CES production function for energy. The aggregate CES production function for energy takes the
following form, where f indexes fuels

(5 )

fe{o.g,c.e}

> Br=1
f

In my paper, there are multiple plants with a different fuel sets F available to them. To be
consistent with 7 and get aggregation results, I assume that all plants are identical but differ in the
fuel set available to them F C F = <{0, e}, {o,g,e},{o,c,e}, {o,g,c, e}). Then, plants in each fuel
set have the following production function:

A

By — (ZﬁfeJF) _ )

feFr

From equation (6) and cost-minimization, I can solve for the quantity of each fuel demanded
ef(F) given fuel prices and fuel sets as

A
ef(F) = E<Bf) Pp(F)*

Py

For pre-determined quantity of energy F, where Pg(F) is the energy price index of plants using
fuel set F.

)= (o)™

feF

Let Soe, Soges Soces Sogee b€ the share of plants that use each fuel sets such that s,c + Soge + Soce +
Sogce = 1. I can then use these share of plants in each fuel set to define the total quantity of each
fuel demanded by summing over all fuel set that use fuel f.

er =Y _I(f € F)sres(F)
F
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I postulate that there exist an aggregate CES energy production function E such that the total
quantity demanded of each fuel is equal to (7).

Proposition 4. There exist an aggregate energy production function in all fuels E with aggregate
productivity ¥ such that cost-minimizing input quantities € are the same as cost-minimizing input

quantities in equation (7).

Proof. 1 show this proposition by constructing the following aggregate production function:

E:( S ¢H> )

fe{o.g,c.e}

Where ) is the endogenous loading of each fuel into the production function. As I show below,
it takes into account both the share of each fuel in the original production function 3y as well as
the share of plants who are using each fuels. The cost-minimizing quantity of each fuel from the

production function in (8) for a given quantity of energy E is

A
P-
éf:st<pf) (9)

Where Pj is the price index of energy:

1

( > wf@??) 7

fe{og,ce}

P-

Then, the loadings on each fuels are implicitely defined by

B} I(f € F)syPp(F)
- P

vy

Then, é; from (9) is equal to ef from (7).

E Alternative Energy Production Models

In this section, I show how the model and identification can be adapted to different energy pro-

duction function models, including a task-based model and a non-parametric model. I worked out

22



identification and estimation of the energy task model and I show that the gains from variety argu-
ment also holds in the energy task model, but some additional assumptions are required to identify

the non-parametric model

E.1 Energy Task Model

for a given quantity of realized energy, plants allocate fuels to energy tasks that compose a given
unit of £ in an inner nests. This task model is very similar to ? which I adapt to study energy
substitution. It features the assignment of a mix of energy inputs to energy tasks which allows for
flexible variation in input usage. Specifically, the inner nest features a continuum of energy tasks
in the w € (0, 1) interval that are perfect complements in producing a unit of E.

E =inf {r(w):w € [0,1]} (10)

I assume that tasks are perfect complements, where plants have to complete steps that are
necessary for production. However, the task production function can be relaxed to more general
functional forms like CES. Each energy task 7(w) can be performed with physical quantities of fuels
ey that are available in the plant’s fuel set F, where fuels are in principle perfectly substitutable at
performing each task:

T(w) =Y Prw)es(w) (11)

fer

Where tf(w) are fuel-by-task specific productivity terms. The latter is important distinction
from standard task-based production models and allows for very flexible input usage. To motivate
this framework one should be thinking of tasks such as the steps required to produce crude steel:
preparation of raw material, conversion of iron ore into iron, and conversion of iron into crude steel
(?). The preparation of raw materials typically requires coal whereas the two subsequent steps can
be done with different fuels and the v ¢(w) terms can reflect the different fuel-specific technologies
that the plant can use for each step. Moreover, these steps are complementary and require high

amounts of energy.
Going back to the model, the inner nest problem can be solved in two steps:
1. Find the cheapest fuel to perform each task

2. Aggregate across tasks into fuel categories to get fuel demand.

E.2 Task choices:

Minimize the cost of producing one unit of energy E given task prices p(w)
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E—I%LI)l { /Olp(w)r(w)dw}
s.t. E=inf {T(w):w € [0,1]}

Which implies that demand for each task is the same and equals total energy demand. Then,
the cost of producing one unit of realized energy p. is given by aggregating across all tasks and is

equivalent to the price index of tasks:

= Epe (12)

Assignment of fuels to energy tasks:

Given the set of fuels available to the plant, F, and fuel prices, a plant finds the fuel that

minimize the cost of performing task w:

e1(w),....,er(w

C(w)=  min ( )pref(w)
f
s.t. Zde(w)ef(w) =7(w)
f
The linearity of the constraint implied by perfect substitution across fuels is such that the plant

chooses the fuel that has the lowest unit cost to produce the task. Hence, the task price and fuel

choices follow a discrete choice:

) = min {55 @)

Aggregation from tasks to fuels

From the problem before, I can define the set of tasks that are performed by each fuel:

. P P .
T = { Yp(w) = ¥j(w) ViEre f} )

From the optimal assignment of fuels to energy tasks, I also get fuel demand for each task:
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Evp(w)™! ifweT;

(15)
0 otherwise

ef(w) =

I can then aggregate fuel demand across all tasks to get fuel demand at the plant-level (conditional
on some level of realized energy FE):

ef = E/ Py(w) dw (16)
Ty
|
ryt
Rearranging terms, I can defined realized energy E as the product of physical fuel quantities ey
times a terms that converts fuel quantities into realized energy I';.

EzefFf VfGJ:

The I'y term is an important novelty of this model, and contains information about both the
share of tasks performed by fuel f, and the average productivity of fuel f. One one hand, I'y could
be large if there are many tasks are allocated fuel f which would happen if fuel f is relatively cheap
(price/task channel). On the other hand, I'y could be large if the productivity for each task is high
(productivity channel). An important empirical challenge will be to separate these two channels
to separately identify the share of tasks performed by a fuel from the average productivity of that

1.5

fuel.® I can now rewrite the price index of realized energy as a weighted sum of fuel prices:

1 1
PDe = E/o p(w)T(w)dw
_ 1 Ps
E Zf: /7; wf<w>E

= ply (17)
f

Both the price of realized energy and the quantity of realized energy are a function of fuel prices
and unobserved fuel efficiency terns, hence are by definition unobserved. However, I observe energy
spending which equals fuel spending:

note that both channels interact with each others. Ceterus-paribus, higher task productivity also implies a higher
share of tasks performed by a fuel.
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_ pf E
peE_Ef:/waf(w)M

=Y pyes (18)
f

This identity is very important and will play an important role in identifying the production
function, from which I will identify the weighted share of tasks performed by fuel f, Iy and later on
to identify the underlying distribution of fuel efficiency. This production model in energy inputs is
fairly flexible because it allows for very large variation in relative fuel quantity shares, an important
feature of plant-level fuel consumption.

Proposition 5. Ceteris-Paribus, increasing the number of fuels available F weakly decreases the
price of energy pe(F).

| F > F 1= pe(F') < pe(F)

Proposition 1 highlights the option value that an additional fuel provide. Indeed, when a fuel is
added, plants have more productivity draws to choose from for each tasks. Since fuels are perfect
substitutes within tasks and tasks are perfect complements, this means that the overall productivity

of energy sources will increase, leading to a lower marginal cost of realized energy
Identification

My approach to identifying fuel productivity is novel and exploit the task-based nature of pro-
duction. I show how to simultaneously recover the production function and the normalized quantity
of realized energy % I can use this result to recover the weighted share of tasks performed by
each fuel (also the cost-minimizing quantity of potential energy from fuel f required to produce one

unit of realized energy), up to the normalization of ?:

—_ F
ET ;= ey (—) 1
sie = epie\ B (19)

I need to separate the unweighted share of tasks performed by each fuel (7};) from the produc-
tivity of each fuels at performing each tasks W;;. To do so, I rely on two assumptions which allow
me to aggregate fuels across tasks and exploit observed fuel price variation in order to separate
the share of tasks performed by each fuel from the efficiency of each fuel. The first assumption is
standard in the task-based production function literature (?). The second assumption is standard
in the literature on technological choice (?777).

Assumption 1. 1Symmetric tasks Energy tasks are all equivalent and for a given fuel, plants draw
from the same productivity distribution across tasks.

Under this assumption coupled with a continuum of energy tasks in the w € [0, 1] interval, the
unweighted) share of tasks performed by each fuel T; can also be interpreted as the probability
ighted) sh f task f d b h fuel T Iso be int d h babilit
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that fuel f is is preferable over all other fuels, where the probability is taken over the distribution
of fuel efficiency:

Drit Djit , .
Tit = Pr( 21— < =V e F; 20
t (wﬁt Al /) (20)

Then, I'y is the joint distribution of the inverse productivity of a fuel when that fuel is chosen.
By Bayes’s rule, it is also the distribution of inverse fuel productivity conditional on fuel f being
chosen times the probability that fuel f is chosen. Since the fuel f needs to outperform all other fuels
to be chosen, the distribution of observed fuel efficiency is a truncated version of the underlying
true fuel productivity. In this sense, realized fuel efficiency is an endogenous outcome of the choices
that plants make.

Ffit:/ Ypit(w) Hdw
Tit

= Eo (V74 (@),w € Tra)
= Eu(pW) |weTwm)  x Tru

inverse fuel efficiency when f is chosen ~ Probability f is chosen

For a given plant, I'¢;; integrates out the inverse of productivity for fuel f over the probability
that each draw makes fuel f chosen over all other alternative fuels:

ry = fu! il [ (07 = pymaxtus/og}) ss)avg) oo 1)

/

Pr(efficiency draw for f is chosen over all other fuels)

However, I am interested in recovering the underlying exogenous distribution of fuel efficiency
which doesn’t vary with fuel prices. Otherwise, I cannot separate fuel price variation (needed for
counterfactual tax experiments) from fuel efficiency. To do so, I make the following assumption:

Assumption 2. 2Pareto Distribution I assume that the distribution of fuel productivity/efficiency

across tasks follows a Pareto distribution with plant and year-specific scale and common shape.
Vi ~ Pareto(i) sy, 0)

From now, the scale of the fuel efficiency distribution will be referred as fuel efficiency. Under
assumption 2, I's;; has a closed-form solution. If the plan has access to two fuels, e.g. gas (g) and
coal (c), then
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0 _p_1—9 peit\~? 0 —20—-1/77. - \0
Lyit = ngit Ygit _(sz‘t> 20+1Qgit (Y git¥eit) (22)

Direct task displacement Indirect task displacement through fuel ¢

Where Qg = max{z ‘”: Edt,@gict}. Note that there is an analogous expression for I'c;;. For

a given shape parameter (6), this is a system of two equations (I'g;,I'cs) and two unknowns

(@git, ), which can be solved easily to recover the scale of the exogenous fuel efficiency distribution
that each plant has for each fuel it is using. In the appendix, I show extension of equation (23)
to the case with more than 2 fuels. I also show that in the 2 fuels case, there is a unique solution
(@git, 1.;;) that solves the system of equation in (23). This means that there for a given set of prices,
there is a unique optimal allocation of fuels to tasks. In the case of more than 2 fuels, Monte-Carlo
simulations also suggest uniqueness.

When there are more than 2 fuels, the number of interaction terms increases exponentially with
the number of fuels. For example, if one adds oil (o) to gas and coal, then there will be two
second-order task displacement terms (the interaction of oil with gas, oil with coal and coal with
gas), and one third-order task displacement term (e.g. the task displacement of tasks performed
by gas induced by the price of oil caused by changes in the price of oil). This proves to be a fairly
general micro-foundation for the production of realized energy under different fuel sets. I only
observe I'f;; up to an industry-specific normalization (the geometric mean of realized energy, which
is unobserved), ET #it- While I can use (22) to recover the scale of fuel efficiency for each plant, I
cannot compare fuel efficiency across plants in different industries.

Lastly, I normalize the shape of the Pareto distribution 6 to 1. This is because for different shape
parameters, I can always recover different scale parameters that will exactly solve the system of
equations in (23). Since the weighted share of tasks captures all information about the substitution
of fuels to task, any moment related to fuel consumption/expenditure shares will not recover the
common shape 6 separately from the individual-specific scale @fit. Intuitively, this is because the
same fuel substitution patterns can be achieved with a high Pareto tail (low 6) and low scale
parameters, or with a low Pareto tail (high ) and large scale parameters.

E.3 Non-parametric Energy Production Function

Given a fuel set F, plants produce realized energy according to the following unspecified production

function:

Eiyt = g(Yriteriv, V2ite2it, -, Vyicerit)

Vf € F, where 1 is the productivity of fuel f. Taking input prices {pfi}ser and the set of
fuels F as given, fuel quantity choices are static. Given a unit of realized energy FE;;, the cost-
minimization problem of the plant is as follows:
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min Z Dritefit + >\<Eit - g(‘Piteit)> (23)
{efit}rer; A fer

In this approach, I do not seek to recover the production function g directly. Rather, I seek to
recover a structural equation for the endogenous price of realized energy peit(pit, Wit ), which is what
the outer production function allows me to do in the main text.” Indeed, knowing the endogenous
price of realized energy is sufficient to perform all counterfactual. Given standard assumptions on
g, the solution to (34) gives a cost function, which can be mapped to total spending on energy.
Then, I know that the endogenous price of realized energy is the unit cost function:

Deit it = C(Eita Pit, ‘I’z‘t)
Peit = C(1, pit, Yir)

To identify the unit cost of energy, I exploit plants’ optimality conditions. Using Sheppard’s
Lemma, I can characterize optimal fuel choices as the derivative of the unit cost with respect to
fuel prices:

OC(Eit, pit, Wit)
dp fit
= H(Eit, pit, Yir)

efit = Ve Fi

Which gives me a system of structural equations:

erit = Hi(Eit, Prits P2its - Vit V2its - Y fit)
e2it = Ho(Eit, Prits D2its - V1it> V2it - Vfit)

erit = Hy(Eit, Prits D2its s Vlits V2its s Vfit)

? shows that identification of both the structural equations {Hs}cr and unobserved terms

8 First, fuels must be ordered such that there is

{Wfit}ser is possible under certain conditions.
monotonicity in ¢z and 1_ ;. Second, unobserved productivity terms must be separable from the
observed prices. Unfortunately, this is not usually the case, even in log. For examples, only the ratio

of (log) fuel quantities admits separability with a CES production function. With the task-based

"Note that in the main text, I assume an energy production function that is homogeneous of degree 1. However,
it can be easily extended to homogeneity of degree k > 1 (?).

81 omit some technical assumptions which are standard in non-parametric identification of systems of structural
equations.
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model used in the main text, there is no separability at all. In this context, if may be difficult to
rationalize what kind of production functions this approach admits. Relaxing this assumption is an
interesting question, but it is realistically beyond the scope of this paper. Lastly, these structural
equations must be integrated to recover the unit cost.
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