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Abstract

This paper explores the interaction between market power and the energy transition in the global
upstream oil industry. To align with the Paris Agreement’s global warming target, a significant
portion of world oil reserves needs to remain untapped. At the same time, the OPEC cartel
in the global crude oil market exercises market power by strategically slowing down production
to inflate prices. Using detailed micro-level data on global oil production, costs and reserves, I
build and estimate a dynamic structural model of global oil production in a cartel-fringe setting.
The model captures the trade-off faced by the cartel between exercising market power by slowing
production and avoiding future devaluation of oil by accelerating production. My findings reveal
that (i) OPEC exerted market power during the 1990 - 2019 period, although the cartel only
partly exploited the full potential gains; (ii) increasing carbon taxes can accelerate production and
emissions—a green paradox—causing a reallocation of production under imperfect competition;

(iii) well-designed carbon taxes can significantly erode market power incentives.
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1 Introduction

The 2023 United Nations Climate Change Conference (COP28) agreement aims to signify “the begin-
ning of the end” of the fossil fuel era.! To comply with the 2015 Paris Agreement, a significant portion
of oil reserves must remain unextracted. To keep global warming limited to 2°C above pre-industrial
levels with a 50% probability, McGlade and Ekins (2015) find that over one-third of all 2015 oil reserves
should remain untapped. In anticipation of more stringent environmental policies, resource owners
can be encouraged to pump more oil in the short run, a phenomenon described as the Green Paradoz
by Sinn (2008).

At the same time, the oil market is characterized by an international cartel, the Organization
of Petroleum Exporting Countries (OPEC), that has been documented to slow down oil extraction
(Asker et al., 2019). The cartel exercises market power by creating an artificial scarcity in the market.
By not producing at full capacity, the cartel manages to raise oil prices, leading to welfare loss from

2 The prospect of stricter climate regulation prompts

production misallocation and deadweight loss.
questions about how resource owners with market power will adjust their production decisions.

This paper aims to assess the welfare implications of climate policy within the context of the oil
market, where an oil cartel is present. In this context, OPEC balances maintaining high prices by
withholding production and exercising its market power, against the risk of future oil devaluation,
which may incentivize speeding up production. To quantify this trade-off, I develop and estimate a
dynamic structural model that captures the primitives of the intertemporal production mechanisms of
both the cartel and fringe producers. To this end, I use global field-level data on production, costs and
reserves of oil fields from 1990 to 2019. Leveraging these empirical estimates, I conduct counterfactual
analyses under various climate policy scenarios to evaluate their welfare effects.

My structural model incorporates several key features of the upstream oil industry. First, as oil
is an exhaustible resource, the extraction problem is inherently dynamic: production decisions today
directly affect future reserves. Following the seminal framework of Hotelling (1931), oil producers
maximize intertemporal profits, taking into account the opportunity cost of selling oil today versus in
the future. Second, the model explicitly accounts for the presence of an international oil cartel, OPEC,

which aims to “coordinate and unify the petroleum policies of its member countries, and ensure the

!Source: unfccc.int/news/cop28-agreement-signals-beginning-of-the-end-of-the-fossil-fuel-era, accessed on 31 July

2024.
2This second source of welfare loss will be mitigated by the fact that environmental damages are also lower at lower

levels of consumption, see Asker, Collard-Wexler, De Canniere, De Loecker, and Knittel (2024)
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stabilization of oil markets.”3 To model cartel behavior, I extend the dynamic cartel-fringe framework
of Salant (1976), where a forward-looking OPEC cartel and a price-taking fringe simultaneously set
quantities, with OPEC recognizing its influence on equilibrium prices. However, the literature debates
the true extent of OPEC’s market power (Baumeister and Kilian, 2016; Lin Lawell, 2020). To address
this, I introduce an internalization parameter in the model, allowing for potential frictions, such as
geopolitical tensions, that may prevent OPEC from fully optimizing its production decisions.

The model relies on cost, demand, and internalization parameters. First, I leverage detailed micro-
level cost data from over 20,000 oil fields worldwide, spanning 1990 to 2019, provided by Rystad Energy.
This dataset enables me to estimate yearly, field-level marginal costs with minimal structure imposed.
Second, I estimate global upstream oil demand using an instrumental variable (IV) approach, where
the detailed marginal cost data provide cost shifters to address endogeneity in demand estimation,
following the approach of Asker et al. (2023). Third, I estimate the internalization parameter dynam-
ically using the simulated method of moments (SMM), conditional on the estimated demand and cost
parameters in the spirit of Gowrisankaran et al. (2024). This internalization parameter captures the
degree of OPEC’s effectiveness, driven by various market frictions, including geopolitical constraints,
or other failures in perfect coordination. A lower internalization parameter signals less effective cartel
behavior. Furthermore, my model allows for the analysis whether cartel collusion is pro- or counter-
cyclical, building on the work of Rotemberg and Saloner (1986) and Green and Porter (1984), by
permitting the internalization parameter to vary over time with shifts in oil demand.

I rely on my estimated model to analyse the welfare impact of the energy transition in the upstream
oil market. The global upstream oil market is characterized by the interaction of two key market
failures. The first is the exercise of market power by the OPEC cartel, which distorts production
decisions. Distorting equilibrium quantities leads to welfare losses through deadweight loss. On top
of that, the presence of the cartel shapes who is producing, and oil will not be extracted in a cost-
minimizing order (Hassler et al., 2010). This leads to welfare losses from productive inefficiencies.
The second market failure arises from the negative environmental externalities associated with oil
production and consumption, which can lead to over-extraction depending on the balance between
market power and environmental damage. In this setting, increasingly stringent climate policy can
render certain oil fields economically unviable, while also disincentivizing the cartel from withholding
production, leading to a reallocation across cartel and fringe producers (Benchekroun et al., 2019). As a

result, rising carbon taxes can reduce both environmental damages and welfare losses from production

3See opec.org/opec_web/en/about us/23, accessed on 24 January 2024.
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inefficiencies, highlighting a novel channel through which climate policy can enhance welfare. A well-
designed carbon tax, therefore, has the potential to mitigate welfare losses from both market failures.

I obtain three main findings. The first finding shows that the cartel does not operate fully effec-
tively. The dynamic structural model reveals that the cartel could be roughly five times as effective
in coordinating output from 1990- 2019. This finding is in line with intuition, given the significant
amount of geopolitical or other frictions that are typically present in the oil market. However, given
the highly dominant position of OPEC, even an ineffective cartel results in important departures from
perfect competition. Given that demand is highly inelastic — about -0.16 mean demand elasticity —,
small changes in quantities can have important price impacts. Further, my results show that cartel
collusion is pro-cyclical. Hence, the cartel manages to collude more effectively during a demand boom.
I find that cartel collusion has experienced an overall positive trend from the 1990s onwards.

The second main finding shows that anticipation of strong environmental policy can temporarily
increase emissions in both a perfectly competitive setting, as well as in the cartel-fringe setting,
consistent with a green paradox. However, under imperfect competition, welfare gains emerge through
a reallocation of production from high-cost fringe fields to lower-cost cartel fields. I evaluate the welfare
effects of the energy transition in the oil market by introducing carbon taxes in the global upstream
oil market. In my counterfactual analysis, I levy a 50 USD carbon tax per tCOs in 2020 — following
the Biden administration’s cost of carbon in 2021* — with various levels of increasing stringency. My
model presents evidence of a green paradox, which is stronger the steeper the carbon tax trajectory.
Short-run emissions are exacerbated because of carbon taxes, while long-run emissions are reduced.
However, in the imperfectly competitive context, an increasing carbon tax mainly results in higher
production levels from the cartel. This is because its incentive to withhold capacity are reduced. I find
that productive inefficiencies are reduced by 30.5% when the 50 USD/tC Oy carbon tax increases at
5%, as compared to an equivalent flat carbon tax — an additional welfare gain on top of the reduction
of environmental damages.

The third main result reports that an optimal carbon tax can reduce welfare losses from the two
market failures simultaneously, i.e. in the presence of a cartel and negative environmental externalities.
Assuming a social cost of carbon of 190 USD per tCO,, in accordance with the most recent US
Environmental Protection Agency (EPA) estimates (EPA, 2023), increasing at 3% annually, I find
that the initial carbon tax in a cartel-fringe setting should be slightly lower than in the first-best

setting — as equilibrium quantities are already reduced by the cartel. However, the tax should rise

4Source: whitehouse.gov, accessed on 1 September 2024.


https://www.whitehouse.gov/wp-content/uploads/2021/02/TechnicalSupportDocument_SocialCostofCarbonMethaneNitrousOxide.pdf

more steeply than the social cost of carbon to counteract the cartel’s market power, fostering a welfare-
enhancing reallocation of production from high-cost fringe to low-cost cartel fields. For a fully effective
cartel, the tax should increase at 5.5% per year, starting at over 70% below the first-best initial level.
The distributional consequences, however, compared to the first-best setting are very different. If
market power is involved, tax revenues are considerably lower, to the benefit of the producer surplus
of both the fringe and the cartel.

The implications of my findings are twofold. First, they suggest that tightening carbon taxes can
help reduce the welfare losses from market power of the oil cartel, providing a pathway toward in-
creased welfare benefits during the transition away from fossil fuels. Second, the results underscore the
importance of considering the industrial organization of the oil market when designing environmental
policies. The anticipated competition for remaining oil resources, or the “race to the last barrel”,
indicates that sustainable energy alternatives may face stronger-than-expected resistance. Thus, pol-
icymakers should account for these market dynamics to effectively promote the transition to cleaner

energy sources.

Related Literature This paper relates to three main strands of literature. First, this paper con-
tributes to the literature on the interaction between environmental regulation and other market dis-
tortions. While corrective environmental policies are often analyzed for their welfare effects in markets
with a second market failure, such as market power (e.g. Buchanan, 1969; Liski and Montero, 2005;
Fowlie et al., 2016; Reynaert, 2021; Borenstein and Kellogg, 2022), most studies on the welfare impact
of environmental regulation in resource markets — particularly those examining the green paradox —
assume perfect competition (Sinn, 2008; Gerlagh, 2011; van der Ploeg and Withagen, 2012b; Heal
and Schlenker, 2019). Also empirical assessments of the green paradox, such as Lemoine (2017) on
coal markets, have largely focused on competitive settings.> Coulomb et al. (2021) empirically evalu-
ates carbon misallocation in the oil sector due to emission heterogeneity under inelastic demand. A
notable exception on the perfectly competitive modelling are Hassler et al. (2010) and Benchekroun
et al. (2019), who theoretically analyse the effect of backstop entry in the oil market. The closest
related work is Kellogg (2024), who calibrates the effects of demand reductions on production levels in

a cartel-fringe setting, incorporating investment decisions. In contrast, I quantify the welfare effects of

Other literature quantifies the historical environmental damage of market power by comparing actual extraction to
a perfectly competitive benchmark. Market power could frontload the extraction of more emission intensive fields Asker
et al. (2024) highlights the opposing welfare effect of slower overall extraction under market power. In contrast to my

work, they do not model oil extraction in the presence of market power.



environmental policy in the presence of market power using an empirical dynamic structural model of
the global oil market, drawing on micro-level production and cost data. My work identifies and mea-
sures a novel channel through which environmental policy influences strategic players: increasingly
stringent climate policies can erode the strategic incentives of oil cartels, resulting in welfare gains
through production reallocation.

Second, there is a rich game-theoretic literature modeling resource extraction in an intertemporal
framework. Earlier work primarily focused on perfect competition or monopolistic settings where a
producer optimizes extraction over time (e.g. Hotelling, 1931; Stiglitz, 1976; Dasgupta and Heal, 1974).
Salant (1976) was the first to introduce a more complex market structure, considering a cartel with
a competitive fringe. Anderson et al. (2018) noted that empirical applications of these theoretical
models have been limited in the context of micro-data on production costs and reserves.” Their work
was the first to bridge theory and data by reformulating Hotelling’s intertemporal trade-offs while
focusing on Texan oil wells, avoiding the need to account for strategic production behavior. Ahlvik
et al. (2024) study the environmental impact of supply-side taxation through changes in oil extraction,
discoveries and exploration. In contrast, Lin Lawell (2020) built a structural model incorporating firm-
level market power with aggregate data, providing evidence of OPEC’s strategic behavior. Bornstein
et al. (2023) developed a general equilibrium model of the oil market, accounting for the impact of
fracking and OPEC’s imperfect control over extraction rates. Asker et al. (2023) applied Hotelling’s
rule to global oil well data to quantify welfare losses from market imperfections but relied on comparing
actual behavior to a perfectly competitive benchmark without explicitly modeling the cartel. This
paper differs by structurally modeling the cartel’s dynamic production decisions. Unlike previous
work, I account for the possibility that production decisions may deviate from fully profit-maximizing
behavior. Hence, to my knowledge, this paper is the first to empirically quantify a internalization
parameter for the OPEC cartel. Further, I allow that degree of collusion within the cartel to vary over
time, depending on the market conditions (Green and Porter, 1984; Rotemberg and Saloner, 1986;
Slade, 1992; Igami and Sugaya, 2022).

Third, this paper contributes to the literature on quantifying market inefficiencies stemming from

5This literature was later expanded by works like Ulph and Folie (1980) and Lewis and Schmalensee (1980) that
incorporated cost heterogeneity, or Pindyck (1978) that quantified the gains from cartelization across commodities.
Further, it is worth noting that a parallel theoretical perspective emerged, positing a first-mover advantage for the cartel,
such as Gilbert (1978), Newbery (1981), or Groot et al. (1992) . However, a limitation of this body of literature lies in

the more limited tractability of equilibria, and dynamic inconsistency issues (Groot et al., 1992).
"Empirical work testing predictions of the Hotelling model do exist, such as Hamilton (2009).



market power. In energy markets, market power often manifests through capacity withholding. Build-
ing on the work of Borenstein et al. (2002), which introduced the idea of measuring market frictions
by comparing observed production and costs to a benchmark allocation, this methodology has been
widely applied in electricity markets to assess inefficiencies (Puller (2007); Mansur (2008); Cicala
(2022); Reguant (2014)). In the oil market, studies like Asker et al. (2019, 2023) have similarly found
significant inefficiencies due to market power. Unlike these papers, I empirically estimate a structural
dynamic model of cartel and fringe production decisions, explicitly modeling the drivers of strategic
behavior in this market. This approach enables me to perform counterfactual analyses of environmen-
tal regulations that incorporate the cartel’s market power, providing a deeper understanding of the
implications on market efficiency of potential (environmental) policy interventions, such as an optimal
carbon tax.

The remainder of the paper is organized as follows. Section 2 introduces the analytical framework
of market power in the oil market and formalizes the cartel-fringe extraction model. Section 3 provides
an overview of the data and industry background. In Section 4, I outline the empirical implementation
of demand and marginal costs and provide discussion of the results. Section 5 presents the dynamic
estimation of the internalization parameter. Section 6 goes into the counterfactual analyses, and

Section 7 concludes.

2 Analytical framework

In this section, I begin by introducing a static framework to illustrate how market power is exer-
cised in oil markets and explore its welfare implications when combined with another market fail-
ure—environmental externalities. Second, I formalize a dynamic structural model of resource extrac-
tion for a cartel, with a price-taking competitive fringe. Third, building on this dynamic model, I
go into the impact of the energy transition on the extraction problem, with a particular focus on the
role of carbon taxes in shaping overall emissions and the pace of emissions from oil extraction. I then

discuss the welfare implications of environmental policies within the context of oil extraction.

2.1 Market power in oil markets: static analysis

The presence of the Organization of the Petroleum Exporting Countries (OPEC)® cartel is a notable

feature of the oil industry. Although the cartel’s effectiveness is often debated (Baumeister and Kilian,

8For a more in-depth description of the OPEC cartel, I refer to Section 3.



2016; Lin Lawell, 2020), it has been found to withhold part of the production capacity, in order to
raise oil prices (Asker et al., 2019).

Figure 1 illustrates how a cartel can exercise market power for a homogeneous product in a static
setting. Consider a scenario where the cartel has low marginal costs, M Ceyrte1, while the fringe firms
in the market face much higher and more convex marginal costs, M Cf,ipge. Facing demand for oil D,
in a perfectly competitive market, the cartel could satisfy the full demand by producing gcart,q, leading
to a market price P,. The cartel, however, can increase its profits by withholding part of its production
capacity, reducing output to geertp. As a result, higher-cost fringe firms enter the market to meet the
remaining demand, bringing the total quantity supplied to @Qy. This benefits the infra-marginal fields
of the cartel, and raises its overall profits. In the new equilibrium, clearing prices are considerably
higher, increasing from P, to Pj.

The cartel’s strategic behavior leads to three welfare implications when compared to a perfectly
competitive market: changes in (i) productive inefficiencies (PI), (ii) deadweight loss (DWL), and (iii)
environmental damages (ED). These three effects are shown in Figure 1. First, productive inefficiencies
(PI) represent the additional overall production costs incurred due to the cartel’s market power, which
raises production costs above what they would be in a competitive market. As illustrated in Figure 1,
without the cartel’s strategic interventions, the demand could have been met by producing geert,« at
a lower production cost of M C\y ;. However, the cartel’s actions result in the exploitation of more
expensive fringe fields. The welfare loss due to productive inefficiency is the difference in production
costs between these two scenarios, represented by the shaded area (PI) in Figure 1 between the fringe
marginal cost curve M C'yinge and the cartel marginal cost curve MCeqyier. As noted by Hassler et al.
(2010), productive inefficiencies are a result from the fact that market power in the oil sector violates
the "Herfindahl rule’. This rule dictates the principle that cheaper resources are extracted before the
more expensive ones, in an exhaustible resource setting (Herfindahl, 1967).

Second, the cartel’s strategic behavior results in welfare losses due to the creation of deadweight
loss (DWL). As shown by the orange shaded area labeled DWL in Figure 1, the exercise of market
power raises prices, which in turn reduces the quantity of oil demanded. This decline in demand
generates a classic Harberger triangle, capturing the foregone gains from trade typically associated
with market power.

Third, both the consumption and production of oil is associated with negative externalities, in-
dicated by the line labeled "Externality’ in Figure 1. In my illustration, environmental externalities
are assumed to be homogeneous across oil fields. A third welfare implication of the cartel’s strategic

behavior is a reduction in environmental damages (ED), which results in a welfare gain. As shown



Figure 1: Welfare Implications of Market Power in the Oil Sector Compared to Perfect Competition
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Notes: A static illustration of how market power is exercised by the cartel in the oil market. The cartel,
characterized by lower maginal costs MC,artel, can exercise market power by reducing its production
capacity from gcart,a tO Qeart,p. This results in the entry of fringe oil fields, characterized by higher
marginal costs MCringe, resulting in total production quantity Q,. The cartel increases its profits by
creating an artificial scarcity, inflating prices from P, to P,. Strategic withholding by the cartel results in
three welfare changes. First, production allocation changes due to strategic production decisions, leading
to a welfare loss from productive inefficiencies (PI). Second, the lower equilibrium quantity results in a
deadweight loss (DWL). Third, at the same time, these lower quantities lead to lower emissions, resulting in
decreased environmental damage (ED). The overall welfare effect of market power in the global oil market

is ambiguous.



by the purple shaded area labeled ED in Figure 1 this gain arises from the decrease in externalities
associated with lower oil consumption and production. Thus, by withholding production capacity, the
cartel indirectly produces a welfare benefit through reduced emissions. This aligns with the argument
made by Dasgupta and Heal (1974) that “the monopolist is the conservationist’s best friend”. *
When considering these three effects together, the overall welfare impact of the cartel’s market
power is ambiguous. The net effect on welfare depends on the balance between productive inefficien-
cies, deadweight loss, and the value placed on environmental damages. If environmental damages are
substantial, the welfare gains from reduced extraction may outweigh the losses from decreased pro-
ductive efficiency and output. Conversely, if environmental damages are relatively minor, the implicit
carbon tax imposed by higher prices under market power could exceed the socially optimal level. Ad-
ditionally, the distributional effects of cartelization diverge significantly from a competitive market,
as the economic rents accrue disproportionately to cartel members rather than being passed on to

consumers as surplus in a more competitive environment.

2.2 Dynamic model of oil extraction: set-up

In this subsection, I describe a dynamic model of oil extraction in a cartel-fringe setting. Since
tomorrow’s oil reserves depend on today’s production decisions, a dynamic setting is appropriate. I
first formally derive the profit maximization problem of a cartel, complemented by a price-taking
fringe firm in a dynamic context, following Salant (1976). Next, I provide the necessary equilibrium

conditions for the cartel and fringe. A detailed derivation of the model can be found in Appendix B.

Model overview To model the dynamic extraction problem, I employ the framework of Salant
(1976) with a coherent cartel and a large group of price-taking fringe firms. My modelling approach is
motivated by the overarching goal of capturing extraction decisions in a parsimoneous way, while being
able to capture the main sources of welfare impact — deadweight loss, productive inefficiencies, and
environmental outcomes — of market power. While internal stability within the cartel could influence
production decisions, this parsimonious model does not explicitly address such dynamics.

The cartel owns a set of oil fields ¢ € Q2. Each field ¢ € 2 is associated with constant marginal
production costs ¢;; in year t € T, and an initial oil reserve R; g. The fringe fields j € J — all individual

price-takers — have constant marginal extraction costs c;; and, are endowed with initial reserve level

9Note, however, that in a dynamic setting, market power merely slows down extraction. Ceteris paribus, all resources
will still be exploited eventually, as noted by Hotelling (1931). Therefore, the cumulative emissions from oil will be the

same as in the perfectly competitive scenario. Further details are provided in Section 2.3.



Rjo. The cartel and the fringe simultaneously choose their production. Each fringe field takes the
price path as given and chooses a path of extraction, whereas the cartel takes the aggregate production
path of the fringe as given and determines a price path, and thereby its supply. The cartel realizes
the impact of its production levels on equilibrium prices. I assume a linear demand curve Dy(FP;) with
an exogenous choke price ;. The exogenous discount rate is denoted 3, and the same for all players.

The cartel’s problem is to maximize its net present value of profits over time by picking its optimal
sales path. I assume the cartel knows the linear inverse consumer demand curve P;(Q;) in each year
t € T, and the aggregate sales path of the competitive fringe Q{ . Since the cartel takes the aggregate
production path of the fringe as given, it can construct a path of excess demand curves (D; — Q{ ).
This parallel shift of the market demand curve indicates the amount of oil demanded, given the fringe
supply path. The bar over the forecasted fringe quantities indicates that it is taken as given by the
cartel. The cartel will then pick extraction levels ¢;; for each field ¢ € € in each year ¢ € T , such that
its net present value of profits are maximized while ensuring that it does not deplete its reserves in
any given field.

More formally, the cartel’s optimization problem is presented in Equations la - 1f. Equation la
outlines the objective function of a coherent cartel dynamically optimizing yearly profits by choosing
the production levels of each field g;;, subject to several constraints. The constraints shown in Equa-
tions 1b - 1c show the reserve constraint faced by the cartel for each of their fields ¢ € 2. Tomorrow’s
reserves depend on today’s reserves, current production levels, and future discoveries.'? Total reserves
of field i at time t, R;, should remain non-negative. Next, Equation 1d captures the yearly flow
constraint per field. This represents the idea that production levels are limited by well pressure, as
documented by Anderson et al. (2018). Hence, resource owners can only extract fraction a x;; of field
reserves each year.

Constraint le - 1f show that the cartel optimizes with respect to the excess demand it is facing,
defined as total demand Dy (F;) subtracted by the anticipated aggregate fringe production Qtf . Total
cartel quantity across all fields is denoted by Qf. Cumulative extraction along the optimal path will
always equal the total amount of economically recoverable reserves. Reserves are economically recov-

erable as long as their extraction costs are lower than the choke price, i.e. ¢j; < oy or ¢ < ay.

0The discovery term is added for completeness. Following Salant (1976), exploration and discovery are not a sep-
arate decision variable in this model. For the remainder of this paper, discoveries will be treated as exogenous, and
unanticipated to both the fringe and the cartel — therefore E(disc;t+1) = 0 for all years, for all fields of the cartel, and

fringe.
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At the same time, all fringe fields j € J, characterized by constant marginal extraction costs
cj¢ and reserves Rj; in year t, are optimizing their discounted profits as a price-taker. The cartel
announces a price path P, supported by cartel’s sales, with respect to which the fringe field will
optimize individually. Thus, each fringe firm j € J will maximize the objective function outlined by
Equation 2a, subject constraints 2b - 2e. The reserve constraints are denoted by Equation 2b - 2c.
The fringe fields will always fully exhaust their economically recoverable stock. Equation 2d captures
the yearly flow constraint dictated by well pressure. Aggregate fringe production Q{ in year t is the

sum of production across all fields J, as shown in Equation 2e.

T
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In equilibrium, any competitive field j € J, acting as a price-taker, maximizes its discounted profits

by adhering to the production path forecasted by the cartel. Simultaneously, the cartel maximizes

11



joint discounted profits by setting a production strategy that determines the market price path P;.
This equilibrium ensures that no player—whether within the cartel or the competitive fringe—has an
incentive to deviate from the prescribed production levels. I assume that the cartel’s output levels
are perfectly monitored by the fringe. This means that the fringe would always be able to react to
(unannounced) output changes, and thus price path changes, of the cartel. In the absence of shocks,
neither the cartel nor the fringe has an incentive to revise its optimal output path over time, as the

model is dynamically consistent for a single strategic player (Benchekroun and Withagen, 2012).!!

Key necessary conditions In equilibrium, both the cartel and the fringe are indifferent between
producing today and tomorrow, consistent with the classic model of Hotelling (1931). The cartel
balances its perceived marginal revenue from selling an additional barrel today against the discounted
marginal revenue from future sales, as shown in Equation 3. Similarly, the fringe evaluates its com-
petitive rent today relative to its competitive rent tomorrow, represented by Equation 4.

Equation 3 shows that marginal revenues — which include scarcity rents as in the Hotelling (1931)
model— minus production costs of the marginal barrel should raise at the rate of the exogenous discount
rate §. If scarcity rents rise faster than the discount rate, the cartel will have an incentive to postpone
extraction to a later period, as it is costless to leave oil unexploited for an additional year. Conversely,
if scarcity rents grow more slowly than the discount rate, the cartel has an incentive to accelerate

production today.

oP,
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The cartel’s first order condition, Equation 3, includes a internalization or conduct parameter
denoted 6 € [0,1], in contrast to the original Salant (1976) model. This conduct parameter allows
for a flexible representation of collusion among OPEC producers. Specifically, OPEC producers are
fully colluding if # = 1. If § = 0, they are not colluding. Any conduct parameter between 0 and
1 implies that the cartel is colluding, but in an ineffective way: they are leaving gains on the table.
Thus, 6 can in this context be interpreted as the actual market power of the cartel, as compared to
the maximum attainable market power.'? Thus, the marginal revenue of the cartel is composed of

the price of oil, P;, minus the perceived reduction in revenue on inframarginal units, Gt%Qf, due to
t

" As discussed in more detail by Kellogg (2024), the ” Open-Loop Nash-Cournot” equilibrium as described by Salant

(1976) is a Markov Perfect Equilibrium in the case of one strategic player.
12This is a somewhat reduced-form way to capture the complex industrial organisation dynamics in the oil cartel.
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the price decrease from additional production, and further reduced by the marginal production cost
of the marginal barrel, ¢;,¢.

There are several reasons why the cartel may fail to fully exploit its market power. First, the oil
market has historically been subject to significant geopolitical disruptions (Baumeister and Kilian,
2016), such as the 2003 Iraq War and more recently, the Russian oil price cap.'® Such events can
introduce frictions that hinder the cartel from adhering to its optimal production rule. Second, the
need to maintain cartel stability may also cause production levels to deviate from the first-order
condition described in Equation 3. These stability concerns are not explicitly incorporated into the
model, as doing so would compromise the tractability of the equilibrium. Third, actual realizations
of demand or extraction costs in any given year may differ from expectations, leading to deviations
from the optimal rule due to imperfect information.!* Finally, Andrade de S& and Daubanes (2016)
highlight that the presence of limit-pricing to deter potential entrants can result in behavior where
the monopolist appears to forgo opportunities for higher pricing.

Within the cartel, it is always optimal to extract fields according to marginal costs. To this end,
let us consider ordered available oil fields ¢ € €2 from the lowest to the highest cost. This implies that
if field ¢ produces in year t, it must be the case that field ¢ — 1 has produced no later than year t.
Each year is therefore characterized by a marginal field i;, such that the cartel is indifferent between
producing on additional barrel today or tomorrow — given the aggregate output of the fringe firms
Qtf. 15 The intertemporal production path of the forward-looking cartel can therefore be summarized
by a list of marginal fields in each year {i1, s, ...,i7}, following the notation of Asker et al. (2023).'6

Next, Equation 4 presents the first order condition for the competitive fringe. Similar to the cartel,

Corts (1999) and Reiss and Wolak (2007) note that especially in a dynamic game context, conduct can be endogenous
to e.g. investment or future competition, and can therefore vary depending on various factors. I try to address this
concern by allowing the internalization parameter to change over time in the empirical implementation. This however
does not mitigate the concern that conduct is not a truly structural parameter in the model. Further, as noted by
Reiss and Wolak (2007), there is no clear theoretical model underpinning various cases of 6 €]0, 1] when assuming a
coherent cartel. Miller and Weinberg (2017) have addressed these concerns by incorporating an ownership matrix in
the supply-side specification, where a parameter captures the extent to which firms internalize their price externality to
potential colluding parties, which can be interpreted as a conduct parameter under certain assumptions. They, however,

do also not provide a formal theory on why the coordination effects are taking place in this specific way.

3Further details are provided in the Data section.

14The assumptions regarding expectations are discussed in the Empirical Section.

15Note that inframarginal producing fields are always facing a binding capacity constraint.

160f course, there is also an intensive margin dimension to supply decisions: a marginal field does not necessarily
exactly supply at full capacity. I abstract away from it in this theoretical framework for simplicity. Note that the

empirical framework will take this into account.
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the competitive fringe compares the scarcity rent on a marginal barrel produced today, P, — cj,t With
the discounted scarcity rent if that barrel were exploited tomorrow P — ¢jit+1- Thus, the fringe’s
scarcity rents should rise according to the discount rate 5. However, unlike the cartel, the fringe
firms are price-takers and do not consider their influence on oil prices; therefore, no mark-up term is
included in their first order condition. If scarcity rents grow faster than the discount rate, the fringe
delays production. Conversely, if scarcity rents rise more slowly, the fringe has an incentive to increase
current production.

The fringe firms will always produce from cheapest oil field to most expensive one. Therefore, the
list of marginal fringe fields in each year {j1, jo, ..., jr} implies a production path. In the optimum,

for the marginal barrel of the fringe firms j; in year t, the following condition should hold,
Py — cjut = B E(Pr1 — Cjytv1) (4)

where cy,; indicates the marginal extraction costs of the marginal field f in year t. The bar over the
price variable indicates that the fringe firms take these as given.

In this model, no economically viable barrel remains untapped, either for the fringe or the cartel.
Thus, the key decision variable is the timing of extraction—determining when to produce. Additionally,
based on the respective oil reserve endowments of the fringe and the cartel, fringe fields may be fully
depleted before the cartel’s reserves are exhausted. In such a case, the cartel becomes the sole supplier

to the market.!”

2.3 Dynamic model of oil extraction: policy and welfare

Climate goals, carbon taxes and the green paradox In the absence of an energy transition,
standard resource extraction models predict that all reserves will eventually be depleted, regardless
of market conduct. Since cumulative fossil fuel extraction is the primary driver of global warming,
the complete exploitation of currently known fossil fuel deposits would exceed any established climate
target—whether it be 1.5°C, 2°C, or 2.5°C (Welsby et al., 2021). As a result, if countries aim to meet
the goals set by the Paris Agreement, policymakers must accelerate the transition away from fossil
fuels. A carbon tax represents the first-best policy tool to address the environmental externalities
associated with fossil fuel consumption.

A carbon tax has two primary environmental effects in the context of exhaustible resource extrac-

tion (Heal and Schlenker, 2019). First, it influences the cumulative amount of oil extracted over time.

"For a detailed analytical exposition of the various scenarios, see Benchekroun and Withagen (2012).
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Higher carbon taxes can render a greater share of oil reserves uneconomical to extract, thereby reducing
cumulative emissions. Under a constant carbon tax, barrels remain untapped if their marginal extrac-
tion cost, including the tax, exceeds the choke price. This effect can be analytically illustrated with a
simple demand formulation. Let the yearly linear demand curve be given by P, = ay — 8 (Q{ + QY),
where « is the choke price. Both fringe firms and the cartel face a constant carbon tax 7, so their
marginal extraction costs at time t are cj; 4+ 7 for the fringe firms Vj € J, and ¢;z + 7 for the cartel
Vi € 1. Consequently, fields for which ¢;; +7 > a4 and ¢j; + 7 > oy can never be profitably exploited,
leaving the oil in the ground. If all fields had identical marginal extraction costs, this would result
in an all-or-nothing outcome. However, this paper allows for heterogeneity in extraction costs across
fields.

Second, carbon taxes also affect the speed of extraction in the oil sector. In the standard Hotelling
framework, Dasgupta et al. (1980) demonstrate that virtually any desired pattern of resource extraction
can be achieved by adjusting the trajectory of (carbon) taxes. Intuitively, if carbon taxes are expected
to rise over time, firms have an incentive to accelerate extraction, as future production becomes less
profitable. This highlights the critical role of expectations regarding taxation in a dynamic context.
Analytically, consider a modification to the equilibrium condition for the cartel to incorporate time-
varying carbon taxes 7¢, as shown in Equation 5. When 7; increases over time, future marginal revenues
must rise even faster to justify delaying extraction. Given the same backstop price, this necessitates

a complete adjustment to both the price and extraction path.

OP;
0Qct

OPi11

P + 6 90
ct+1

*  Qet — Cipt — Tt = B E (Pt+1 + Ot 41 * Qet+1 — Cipt41 — Tt+1) (5)

This second effect suggests that future carbon taxes can unintentionally increase current emissions,
a phenomenon termed the ”Green Paradox” by Sinn (2008). Anticipating stricter future climate
policies, resource owners may accelerate the extraction of resources, leading to a short-term increase
in environmental damage from oil production. As a result, environmental regulation, intended to
reduce emissions, may temporarily have the opposite effect. The extent and significance of the Green
Paradox depend on several factors, including the type of environmental policy implemented, extraction
costs, demand elasticity, market conduct, and the distribution of oil reserves, as discussed by van der
Ploeg and Withagen (2012a).
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Market power, and the run for the last barrel The cartel exercises market power by withhold-
ing production capacity, thereby creating artificial scarcity to elevate prices. However, in the context
of increasingly stringent environmental policies, this strategy may become less attractive. Specifically,
the profitability of delaying production diminishes as carbon taxes rise over time. In response, the
cartel may shift its strategy by frontloading production to earlier periods, thereby reducing the extent
to which it withholds capacity. Given the cartel’s relatively lower marginal costs, this frontloading
strategy could displace production from higher-cost fringe producers (Benchekroun et al., 2019). Con-
sequently, the trajectory of carbon taxes influences not only the quantity of oil produced but also who
produces. This acceleration in production, aimed at avoiding stranded assets, may be likened to a
'race for the last barrel of oil’ that remains economically viable to extract.

An increasing carbon tax can incentivize the cartel to frontload its production rather than withhold
capacity. This shift impacts the three welfare effects from market power discussed in Section 2.1: (i)
productive inefficiencies (PI), (ii) deadweight loss (DWL), and (iii) environmental damages (ED).
First, a higher carbon tax can mitigate productive inefficiencies associated with market power. By
pushing production forward from lower-cost fields and crowding out higher-cost fringe fields, the
cartel’s production allocation moves closer to the Herfindahl principle, which prioritizes extraction
from the lowest to the highest cost fields (Herfindahl, 1967). Consequently, a carbon tax—intended
to address environmental externalities—can also reduce welfare losses due to imperfect competition.

Second, the effect of an increasing carbon tax on deadweight loss is ambiguous. In a static frame-
work, implementing a carbon tax would reduce production and thus amplify deadweight loss due to
market power. Conversely, in a dynamic context, a rising carbon tax might induce a temporary in-
crease in production which could reduce deadweight loss in the short term. The overall impact of the
carbon tax on the net present value of deadweight losses over time depends on the interplay between
these effects and is influenced by the tax’s specific design and magnitude. Consequently, the equilib-
rium quantities and associated deadweight losses can vary in complex ways, making the welfare effect
ambiguous.

Third, while an increasing carbon tax is expected to reduce cumulative emissions over time, it
may also trigger a Green Paradox—a temporary surge in emissions from the oil sector that could
temporarily exacerbate environmental damages. The net welfare effect of such a paradox depends on
the magnitude of the short-term emission increase and the valuation of future environmental damages
(Heal and Schlenker, 2019). Specifically, Gerlagh (2011) distinguishes between two types of Green
Paradoxes: a weak Green Paradox and a strong Green Paradox. A weak Green Paradox refers to a

situation where emissions increase temporarily but the overall welfare impact remains favorable over
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the long term, as the cumulative environmental damage is still mitigated. Conversely, a strong Green
Paradox occurs when the carbon tax leads to a net increase in the present value of environmental
damages over time, indicating that the increase in emissions outweighs the benefits of the future
reduction in emissions. Hence, the total welfare effect of a carbon tax on environmental damages is
ambiguous in the context of exhaustible resources.

In sum, a carbon tax, designed to correct the market failure of environmental externalities, may
also influence the welfare losses arising from another significant market failure—namely, the cartel’s
anticompetitive behavior. The overall welfare impact remains ambiguous, contingent on factors such
as resource endowments, production costs, demand conditions, market conduct, and the specific im-

plementation of the carbon tax.

3 Data sources and institutions

Production, cost and reserve data The main dataset is obtained from the the Norwegian en-
ergy consultant Rystad, covering virtually the entire upstream oil industry. It provides comprehensive
field-level data from 1990 to 2019, including annual production, reserves, and costs, along with geo-
logical and extraction technology details such as oil type, location, and whether the field is onshore
or offshore. A field represents a distinct oil production area, which may comprise multiple wells and
vary significantly in size. For instance, the ’Ghawar Uthmaniyah’ field in Saudi Arabia had reserves of
72,036 million barrels (mB) and produced 611 mB in 1990, whereas the 'Rostovitskoye’ field in Russia
had a reserve capacity of just over 1 mB and reported no production in the same year. The dataset
encompasses a total of 20,569 producing fields, which are employed in the primary analysis.

Ideally, the most accurate measure of reserves would be obtained by observing the entire production
lifecycle of a field until depletion, with the total extracted oil representing the maximum reserve.
However, since most fields in the dataset have not been fully exploited, I rely on reserve estimates
provided by Rystad Energy. Reserves are classified by the oil industry into three probability levels:
P90 (or P1), representing the quantity recoverable with a 90% probability given current technical and
economic conditions; P50 (or P1 + P2), indicating reserves recoverable with a 50% probability; and
P10 (or P1 + P2 + P3), corresponding to reserves with a 10% probability of recovery. These estimates
are sensitive to fluctuations in oil prices. In this study, I use P50 reserves, assuming an oil price of 60
USD per barrel (in 2021 dollars), which approximates the historical average price of oil. Panels A and
B in Table 1 display the distribution of field-level oil reserves in millions of barrels (mB) for the years

1990 and 2019, respectively. The final column in each panel shows the total reserves across all active
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fields for the corresponding years.
Cost data is observed at the field-level. To construct the marginal cost of oil extraction cy; of
field f during year t, I leverage the detailed information on production costs in the dataset, following

Asker et al. (2019). I divide the total cost of production across spending categories h by their annual
reported production quantities: cy; = 2p Bap e;‘jnmeh’f L. The spending categories include h = { Well

Capital, Facility Capital, Abandonment cost, Production Operating, Transportation Operating, and

SGA}. Field-level marginal costs are displayed in Table 1 across different percentiles. Overall, the
5th percentile extraction costs are about 7 times smaller than the 95th percentile extraction costs—
an observation which is persistent throughout both Panels. The last column shows the production-

weighted marginal costs for 1990 in Panel A, and 2019 in Panel B respectively.

Additional datasets 1 employ various supplementary datasets. For data on yearly oil prices, I use
the EIA imported crude oil price.'®, following Asker et al. (2023). The evolution of the oil price is
shown in Figure 2. Further, I download the GDP deflator from the US Bureau of Economics Analysis,
from the Gross Domestic Product Implicit Price Deflator series. Third, I use global GDP data from
the World Bank for OECD and non-OECD countries.

The upstream oil cartel The Organization of the Petroleum Exporting Countries (OPEC) was
established in 1960 by five founding members: Iran, Iraq, Kuwait, Saudi Arabia, and Venezuela.
Over time, 11 additional states joined the organization: Qatar (1961), Indonesia (1962), Libya (1962),
United Arab Emirates (1967), Algeria (1969), Nigeria (1971), Ecuador (1973), Angola (2007), Gabon
(1975), Equatorial Guinea (2017), and Congo (2018).! OPEC’s stated objective is to ”coordinate
and unify petroleum policies among member countries, in order to secure fair and stable prices for
petroleum producers”.?’ In Table 1, OPEC members are defined as the countries listed above. Fol-
lowing the shale boom of the 2010s, OPEC entered into a Declaration of Cooperation in 2016 with 10
non-OPEC countries, collectively referred to as "OPEC plus,” aiming to "help rebalance the market,
and support oil market stability.” The OPEC+ member states include Azerbaijan, Bahrain, Brunei,
Kazakhstan, Malaysia, Mexico, Oman, Russia, South Sudan, and Sudan. The upstream oil industry

consists of oil companies that are either (largely) state-run enterprises, or independent enterprises.

8Source: www.eia.gov/outlooks/steo/realprices/, downloaded in January 2023.
9Qatar terminated its membership in 2019. Indonesia suspended its membership in 2009, rejoined in 2016 and left

later that year. Ecuador left in 2007 and rejoined in 2020. Gabon left in 1995, and rejoined in 2016.
208ource: opec.org
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The state-run (nationalized) companies can be split into those that are run by OPEC, and those that
are from non-OPEC states. Every OPEC country has its own nationalized company, which controls
production.?! For example, Saudi Aramco is the national oil company of Saudi Arabia, and the Nige-
rian National Petroleum Company operates in Nigeria. The largest independent companies are the ’5
oil majors’, i.e. ExxonMobil, Chevron, BP, Royal Dutch Shell and Total. In my analyses, these will
be part of the fringe production.

As shown in Table 1, OPEC countries held just over half of global oil reserves in 1990. By 2019,
this share had slightly declined to 45%. In that year, total global reserves amounted to 866,580 mB.
OPEC countries generally possess larger oil fields, including some of the richest fields like Ghawar
in Saudi Arabia and Kirkuk in Iraq. In terms of production, OPEC’s market share has remained
relatively stable at around 40% since the 1990s, as depicted in Figure 2. Saudi Arabia’s market share
has also remained constant over the 1990-2019 period, holding steady at 15%. In contrast, the U.S.
has seen a significant increase in its market share, particularly in the last decade.

The field-level extraction costs are on average lower for OPEC countries. In the last Column,
these are weighted by observed production levels of the respective years. There, it shows that OPEC
extracts oil on average at roughly half the cost, compared to non-OPEC countries. This considerate
efficiency difference between OPEC and non-OPEC members in oil extraction is persistent throughout
the years. In 1990, the average marginal extraction cost of OPEC countries was 6.68 USD, while it was
12.23 USD for non-OPEC countries. The discrepancy is slightly larger in 2019, where the marginal
OPEC extraction costs amounts to 5.61 USD, and the non-OPEC costs amount to 12.89 USD.

21Sometimes however, they contract with independents to operate specific facilities
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Table 1: Summary Statistics in 1990 and 2019

p5  p25 p50 P75 P95 Aggregate

Panel A: Summary Statistics in 1990
Reserves (mB) .07 1.62 9.14 4495 352.28 1 248 796.80
OPEC 18 3.12 1435 77.06 977.31 669 159.71
non- OPEC .07 1.49 852 41.49 304.79 579 636.80
Production (mB) .00 .04 25 120 11.36 22 563.49
OPEC .00 .13 711 277 32.68 8183.61
non- OPEC .00 .04 21 1.01 9.00 14 739.82
Marginal Cost (USD/bbl) 450 7.08 9.43 13.83 30.97 10.22
OPEC 4.36 7.24 9.41 13.61 26.81 6.68
non- OPEC 4.52  7.05 9.44 13.88 31.86 12.23

Panel B: Summary Statistics in 2019
Reserves (mB) 0.00 0.03 1.01 11.54 170.98 866 580.28
OPEC 0.00 0.00 0.62 11.99 404.68 389 508.42
non- OPEC 0.00 0.04 1.07 11.53 153.42 477 071.86
Production (mB) 0.00 0.02 0.17 1.02 9.22 29 141.80
OPEC 0.00 0.03 0.23 1.67 23.12 10 570.29
non- OPEC 0.00 0.02 0.16 0.95 8.00 18 571.51
Marginal Costs (USD/bbl) 3.76 6.56 9.30 14.28 27.84 10.25
OPEC 3.76  6.24 8.78 13.21 26.92 5.61
non- OPEC 3.75  6.60 9.40 14.51 27.95 12.89

Notes: Unit of observation is oil field in a given year. Reserves and production are expressed in million
barrels. Dollar values are deflated by US GDP deflator of 2021. The table summarizes the data for 1990
and 2019 in Panel A and B respectively. I use the 20.569 active fields from 1990 - 2019. In the Columns,
the 5th, 25th, 50th, 75th, and 95th percentiles are shown. For reserves and production, the last Column

’Aggregate’ shows the sum across all fields.

For marginal costs, the Column ’Aggregate’ displays the

production-weighted average across fields. Countries are included OPEC in all years if they had ever had

active membership between 1990 and 2019.



Figure 2: Market Shares and Oil Price
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Notes: Market shares (left axis) and oil prices (right axis) across the sample period. Market shares (OPEC,
Saudi Arabia and US) are expressed in percentages, the real oil price in 2021 USD per barrel. From the
1990s onwards, OPEC market shares remain stable at 40%, as does Saudi-Arabia’s market share at roughly

15%. The US market share has undergone a steep incline during the last decade.

4 Empirical Analysis: Cost and Demand

The objective of this section is to recover key primitives for marginal costs and demand, which will
serve as inputs for the dynamic model presented in Section 2.2. First, I estimate marginal costs by
leveraging annual field-level data on production and expenditures, allowing me to infer marginal costs
with minimal structural assumptions. Second, I estimate global oil demand using an instrumental
variable (IV) approach, where the instrument exploits variation in the aggregate oil supply curve to

identify the slope of demand. My demand estimates reveal the highly inelastic nature of global oil

consumption.
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4.1 Marginal costs
4.1.1 Approach

The cost data in this analysis is structured at the field-year level, as outlined in Section 3. Specifically,
production costs are reported for each year that a field is actively producing oil. However, for fields
that are not producing in a given year, cost data is unavailable. Since environmental regulation can
influence the extraction sequence of fields, it is necessary to estimate production costs for these non-
producing (but discovered) fields. To address this gap, I assume that firms minimize production costs
subject to the observed level of output. This cost-minimization framework allows for the estimation
of costs even in years when a field is idle, ensuring a more comprehensive understanding of the cost
structure across both producing and non-producing fields. Hence, the Leontief production function is

given by

qre = min{op Ko, YLt } (6)

s.t.
gt < Ry, Rpyp=Rp1 —qpi—1, Rpp >0

where K represents the fixed inputs (e.g. drilling equipment, pipes), and L the variable inputs (e.g.
production worker, energy) of production. Ry represents the reserves of field f, which could be both
either owned by the cartel, or the fringe, i.e. f = {i,;j}.?> The technology parameters « st and vy are
allowed to vary at the field-level. I assume that the price of capital units is given by r;, and the price
of the variable input by wy;. All input prices are exogenous in this framework. Hence, field-level costs

can be summarized as

w T
Cyi(q) = <%J:: - a’;) q. (7)

Following Asker et al. (2019), I put additional structure on the process that governs the evolution
of the ratio of the input price and technology parameters. I assume both ratios evolve according to a

common process jif; within a field, while allowing for Hicks-neutral productivity shocks across time.

22To ease notation, I am abstracting away from the yearly capacity constraint that fields are facing due to well
pressure constraints, i.e. &% Ry¢. This additional constraint, however, does not affect the conceptual framework of the

cost specification.
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Analytically, this process looks as follows

w w r r
It = *fﬂft and It = l#ft (8)
Ve Vf afe af

Let ps be governed by an exogenous martingale process, such that E(pfeix|pire) = ppe, VA > 1.
Intiutively, the p captures long-run technological progress in oil extraction, changes in the costs of
inputs, or technology-specific parameters.

Hence, Equation 7 can be rewritten as Equation 9, where ¢y = (:—f + %) Unit costs of production
are constant within a field f, within a given year t, up to their capacity constraint. This results in the
following marginal cost function for field f in year t,

crppe i g < Ry
cre = MCyi (q) = ACy (q) =

400, otherwise.

9)

Marginal (or average) costs of field f at time ¢, i.e. ¢y, can be decomposed in three elements. First,
time-invariant marginal costs cy, e.g. due to geology. Second, a technology-year-ownership specific
cost shifter piq, where ppy = pgexp(es). Note that this differs from the specification of Asker et al.
(2019), as their cost shifter is not ownership-specific. In total, I consider 5 technologies, that is (i)
offshore deepwater oil, (ii) offshore shelf oil, (iii) oil sands, (iv) shale/ tight oil, (v) other onshore oil —
as classified by Rystad. Ownership is defined as OPEC or non-OPEC.?3 Hence, a shock jus; will hit e.g.
all non-OPEC oil sands fields during a certain year. Third, the marginal costs contain measurement

error exp(es:). Thus, the unit cost can be rewritten in terms of these three elements, that is,

cft = cppipe = cppsiexp(eft) (10)

In my model, oil extraction by field f at time t occurs at cost cyuy; per barrel. The technology-year-

ownership specific cost shifter, i.e. g, is estimated as follows

In(fisr) = ppiln(cy) (11)

fes

where py; is the quantity-weight of a field in a given year’s total output, equal to ps; = Zfif:th' The
time-invariant marginal cost, cy, is then estimated, using the following (within-field) regression using
weighted least squares,

In(cpe) — In(pise) = In(Cr) + €pe (12)

23In total, there are 5x2 categories s. These consist of five technologies groups, each with 2 ownerships classes.
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To account for potential estimation error in both the field fixed effects, c¢, and the technology-
year-ownership shocks, ps:, I employ a bootstrap procedure to estimate the standard errors of the cost
estimates. The bootstrapped standard errors are derived through a two-step process. In the first step,
I resample the full dataset with replacement k times to obtain M’;t- In the second step, within each
field, I resample the field-year observations to estimate c’}, using the ,uAl;t estimates from the first step.

In total, I use 50 bootstrap iterations.

4.1.2 Findings

Marginal costs and market power The cartel can exercise market power by withholding efficient
production capacity. As described in Section 2.1, this artificial scarcity will spur the less efficient
fringe firms to start producing. This mechanism increases oil prices, to the benefit of the infra-marginal
capacity of the cartel. This behavior is enabled by the fact that the cartel can produce at lower marginal
cost of extraction. Figure 3 shows the marginal extraction costs in 2019 for all remaining reserves.
The shape of the line is highly convex, indicating a large heterogeneity in production extraction costs
across fields. Larger OPEC fields, indicated with orange circles on the graph, are characterized by
lower marginal costs than non-OPEC fields. The steeper part of the extraction curve consists out of
mostly fringe fields.

Figure 4 presents the naive static price-cost margins for Saudi Arabia, Canada, and the United
States, calculated as M, where P is the oil price and cy; represents the marginal cost of pro-
duction. Note that these ?zaive margins include inframarginal rents and hotelling rents. The dashed
line represents the 75th percentile price-cost margin in each year, while the dotted line indicates the
margin at the 90th percentile of production costs. Saudi Arabia, shown in purple, consistently exhibits
margins exceeding 90% for both the 75th and 90th percentile, reflecting its position as a low-cost pro-
ducer. In contrast, margins in the U.S. and Canada, both non-OPEC countries, are significantly lower.
The U.S., in particular, displayed the lowest margins during the 1990s, though these margins have
steadily increased over time. A notable feature for the U.S. and Canada is the wider gap between the
75th and 90th percentile margins, indicating greater heterogeneity in production costs within these
countries. The spike in oil prices in the early 2010s led to relatively high margins across all three
countries. The evolution of the 75th and 99th percentile of production costs throughout the years for

the same countries is shown in Figure 10.
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Figure 3: Marginal cost of OPEC and fringe fields (2019)
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Notes: Cumulative reserves are shown according to their marginal extraction costs in 2019. Largest
(>800mB reserves) OPEC and fringe fields are indicated by the circles along the marginal cost line. Large
OPEC fields are characterized by lower marginal costs, while the larger fringe fields tend to position

themselves at the more convex part of the cost curve. Marginal costs are expressed in 2021 USD.

The carbon budget Emissions of greenhouse gases, such as carbon dioxide (CO3), are a primary
driver of global warming. The Intergovernmental Panel on Climate Change (IPCC) published that
the best estimate of the remaining carbon budget is 500 Gt C'Os-eq for a 50% likelihood of limiting
global warming below 1.5 °C, and 1150 C'Oz-eq for a 67% likelihood of limiting global warming to 2
°C as of 2020 (IPCC, 2023). In 2019, yearly anthropogenic emissions were estimated at 59 Gt of C'Os-
equivalent, 54% higher than in 1990. Given that cumulative emissions determine climate outcomes, this
suggests that, under a business-as-usual scenario, the 1.5°C threshold would be surpassed within eight
years of 2020. Fossil fuel combustion has been the largest contributor to greenhouse gas emissions in
recent decades, with the fastest growth occurring in this sector (IPCC, 2023). The International Energy
Agency (IEA) reports that global emissions from fossil fuel combustion reached 34 GtC'Os-equivalent

in 2019.?* Approximately 30% of emissions from fossil fuel combustion, or about 11GtC'Os-equivalent

241n this paper, I focus on the carbon dioxide equivalent emissions. This includes methane (CHy), which is a greenhouse

gas that is associated with oil production with a much higher ability to trap heat in the atmosphere, as compared to
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Figure 4: Price-cost margin evolution (Saudi Arabia, US, Canada)
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Notes: Naive price-cost margins ( tTft) throughout the years for Saudi Arabia, US, and Canada.

The dashed lines represent the 75th perctentile of the margin computed for each country. The dotted line
represent the margin for the 90th percentile of marginal cost of production during each year. Saudi-Arabia
has consistently large, and stable margins. Canada and US production has lower margins, and experiences
more volatility throughout the years.

annually, are attributable to oil combustion.?®
I compute that only around 86 GtCOs from the remaining global carbon budget can be ”allocated”
to oil combustion if the 1.5°C target is to be achieved, assuming the current fossil fuel usage ratios

remain constant.?® It is important to note, however, that this calculation is purely illustrative, as it

CO2. Methane, however, breaks down to CO2 after 7-12 years in the atmosphere — which will remain in the atmosphere
for hundreds years or more, according to NASA (climate.nasa.gov/vital-signs/methane/?intent=121). According to the
TEA, the emissions associated with oil production amounted to at least 52 Mt CHy in 2019 , the equivalent of 1,275
MtCO2. While the climate consequences of methane and carbon dioxide vary widely, all emissions will be expressed in
COs-equivalents to reduce complexity.

253ource: iea.org /data-and-statistics/data-tools/greenhouse-gas-emissions-from-energy-data-explorer

26This estimate is based on approximately 500 % % 0.3 GtCOz of allowable oil combustion within the 500 GtCOa2-
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Figure 5: Marginal cost of global oil reserves and the carbon budget (2019)
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Notes: Cumulative reserves are shown according to their marginal extraction costs in 2019. The vertical
lines indicate the 1.5°C (50% probability) and 2°C (67% probability) global warming limit respectively,
under the assumption that relative ratios within the carbon budget are constant. The 1.5°C line equals
a budget of 86 GtC O, assigned to oil combustion, while the 2°C line indicates a 198 GtCO2, assuming a

uniform 0.544tC'O2 emission per barrel. Marginal costs are expressed in 2021 USD.

is unlikely that the current proportions of fossil fuel use will remain constant throughout an energy
transition. Figure 5 plots the total 2019 reserves of active oil fields, ranked by their marginal extraction
costs (as described in Section 4.1). The green line represents the estimated 1.5°C oil carbon budget,
while the orange line corresponds to the 2°C threshold, both following the IPCC’s 2020 calculations and
assuming a constant share of oil in the carbon budget. These projections emphasize that a substantial
portion of current oil reserves would need to remain untapped in order to comply with global climate
goals.

There is strong marginal cost heterogeneity across oil fields, as shown by the highly convex marginal

cost curve in Figure 5. The fields that can be exploited under the constraint of a 1.5°C carbon budget,

equivalent carbon budget for a 50% probability of staying below 1.5°C.
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could all be extracted at the very low marginal cost of under 5 USD. Thus, different resource owners
face various risks of ending up with stranded assets. The resource owners that have oil fields that are
characterized by lower marginal cost, are less likely to become redundant in the face of the energy
transition. Figure 6 shows asset at risk as a share of GDP per country, based on their marginal
extraction costs, if the 2°C carbon budget were to be imposed, and fields would be tapped according
to marginal costs.

OPEC countries, on average, have lower marginal production costs. At the same time, however,
the fossil fuel industry is often an important part of the economy of OPEC countries. Hence, even
though for Saudi Arabia only 4.5% of its total reserves are at risk, their stranded assets as share of
the country’s GDP amounts to 65%. The US is facing one of the largest risks in absolute terms: 149
390 mB — equal to 98% of their total reserves. However, the value of these reserves is only 45% of
their current GDP. For Russia, 86% of total barrels would be stranded, amounting to 97 507 mB of oil
— equal to a value almost quadruple their GDP. The figure shows that most European countries are
not importantly affected by stranded assets in the oil sector. The share of stranded assets, relative to

total current reserves is shown in Figure 12 in the Appendix.

4.2 Demand
4.2.1 Approach

The global oil demand curve is an input into the dynamic oil extraction model. Following Asker et al.

(2023), I estimate a linear demand curve for oil, specified in Equation 13

Qt :a—i-ﬁPt—i-'yGDPt—i—g(t)—i—et. (13)

In this specification, @); represents the annual quantity of extracted oil, and P, denotes the annual
crude oil price.?” The regression specification includes world GDP (GPD;) as a control variable to
account for the influence of global economic activity on oil prices (Kilian, 2009). Additionally, a
fourth-order polynomial time trend, g(t), is included to control for macroeconomic trends. The error
term is denoted by €;, and « represents the time-invariant constant.

A first main coefficient of interest is the price coefficient 3, denoting the slope of the linear demand

curve. Second, the constant term, GDP and time trend coefficients will jointly allow me to construct a

2"In practice, there is inherent heterogeneity among oil barrels due to differences in composition (e.g., heavy versus
light oil), which can lead to variability in oil prices. However, the Rystad data is standardized to reflect the energy

equivalent of a single Brent crude oil barrel, thereby largely mitigating the impact of compositional heterogeneity.
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year-specific intercept of the demand curve. However, estimation of Equation 13 using ordinary least
squares (OLS) may yield biased coefficients due to the endogeneity of oil prices. This endogeneity
arises from simultaneity issues, as oil prices are determined in direct relation to total oil extracted. To
obtain unbiased estimates, I employ an instrumental variable (IV) approach.

Specifically, I use a supply shifter as an instrument for oil prices. The identification of the slope of
the demand curve relies on shifts in the supply curve, exogenous to oil demand. I track annual shifts
in the global oil supply curve using detailed information on field-level marginal production costs. By
ranking all oil barrels from lowest to highest marginal production cost, I can pin down the production
cost of the Qth barrel of oil each year, where Q is set at 15 billion barrels—exceeding the annual
minimum production. The marginal production cost of this Qth barrel serves as a valid instrument
because it reflects shifts in the aggregate supply curve throughout the years and is correlated with oil
prices. Furthermore, since the marginal cost of the Qth barrel is independent of global oil demand,
the exclusion restriction is satisfied.

A threat to identification is the fact that energy prices are an input to marginal extraction costs,
and therefore these costs would not be independent of global oil demand. To address this concern,
the expenditure category associated with energy costs, i.e. 'Production Operating’, can be dropped
from the cost estimation. Hence supply shocks not driven by energy prices can be captured, in order

to identify the slope of o0il demand.

4.2.2 Findings

The estimation results of demand Equation 13 are presented in Table 2. Column (1) reports the results
using OLS, while the remaining columns employ an Instrumental Variable (IV) approach, where oil
prices are instrumented using the cost shifter, as outlined in Section 4.2.1. The F-statistic across all
specifications indicates that the cost shifter is a strong instrument for oil prices. As expected, the OLS
estimation in Column (1) shows an upward bias in the price coefficient due to the simultaneity between
prices and quantities. Specifications (1), (3), and (4) include a polynomial time trend and world GDP
as controls. In Column (2), I replace the polynomial time trend with decade-specific dummy variables
to account for time-varying demand shifts. In the final specification, I extend the time series from
1990-2019 to 1970-2019. The price coefficient remains largely unchanged, but the precision of the
estimate improves. First-Stage results are reported in Appendix C. The alternative instrument — a

cost-shifter that does not include operating expenses — does not impact the results, as shown in Table
7.
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Table 2: Demand Estimation Results

Dependent Variable: Quantities (mB)

SORN ) (3) (4)
OLS IV v v
Price -5.05 -48.84 7101 -69.66

(9.21)  (9.90) (54.66)  (12.22)

Controls v v v v
2SLS v v v
N 30 30 30 50
F-statistic 34.26 69.61 41.53
Mean elasticity -0.01  -0.11 -0.16 -0.16

Notes: The IV specification relies on the cost shifter IV computed using a production level of 15 billion
barrels, as described in section 4. Controls in (1), (3), (4) include a polynomial time trend, and world gdp.
In Column (2), the time trend is replace by a dummy variable for each decade. In the last Column, the
time series starts already in 1970. All reported standard errors are computed correcting for heteroskedas-
ticity and autocorrelation using Newey-West, with a small sample correction, and rely on a 1 period lag

autocorrelation structure. The 1st stage Stock and Yogo F-statistic is reported.

The estimated implied elasticity ranges from -0.11 to -0.16, indicating that oil demand is highly
inelastic. This finding is consistent with the existing literature, as summarized by Kilian (2022)
and Caldara et al. (2019), which often rely on structural VAR models. Figure 13 in the Appendix
illustrates the evolution of oil demand elasticity over the 1990-2019 period. The elasticity remains
relatively stable and highly inelastic throughout, with only slight variation. During the 2008-2012
period —the financial crisis— , demand becomes marginally more elastic, though the estimates remain

comfortably above -0.3. The dashed lines in Figure 13 represent the 95% confidence intervals.

5 Empirical analysis: dynamic model of oil extraction

In the second step of the empirical implementation, I estimate the internalization parameters within
the framework of the dynamic structural model described in Section 2.2. This process builds on

the demand and cost estimates obtained in Section 4. First, I outline the inference approach used to
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identify the cartel’s conduct. Next, I detail the assumptions regarding expectations for future demand,
costs, and reserves. Third, I discuss the model’s parametrization. Finally, I provide a brief overview

of the estimation algorithm employed to obtain the internalization parameters.

5.1 Approach

Simulated method of moments In the dynamic optimization model, I estimate the cartel inter-
nalization (or conduct) parameter ¢ using the simulated method of moments (SMM). The parameter
0 captures the degree of effectiveness in the cartel’s production decisions, where # = 1 indicates full
coordination among cartel members, and 8 = 0 implies no collusion. Intermediate values of 8 reflect
varying levels of effectiveness of cartel behavior.

The estimation follows an indirect inference approach, as in Gowrisankaran et al. (2024), where I
search over potential values of 8 to identify the one that aligns the model’s predicted outcomes with
key empirical moments. To implement this, I use the demand and cost estimates obtained in Section
4 as inputs for the dynamic model. I simulate annual production decisions for both the cartel and the
competitive fringe, based on the cartel-fringe model from Section 2.2. The SMM procedure minimizes
the distance between simulated and actual moments in the data, providing an estimate of 6. Hence,

the objective function of the SMM estimation is the following:

6 = argming g(ﬁ,f,Xt)/Wg(H, faXt) (14)

where g(.) captures the mean differences in moments between the observed data (X;) and the
simulated data, as governed by the internalization parameter #. In my main specification, the objective
function is estimated using three key moments: (1) annual oil prices, (2) quantities produced by the
fringe, and (3) total yearly extraction levels.?® Each moment reflects the difference between the statistic
predicted by the model and the corresponding value observed in the data (X;). The simulations are
based on the estimated demand and cost parameters, I = {ay, B , Cyt}, which were obtained in Section
4. The matrix W represents the weights assigned to each moment, determining the relative importance
of different moments in the estimation process. I employ a weighting matrix based on the inverse of the
variance-covariance matrix of the moments, which is a standard choice to ensure efficient estimation.
This approach gives more weight to moments with less variability, thus improving the precision of the

conduct parameter 6 estimation.

28In alternative specifications, additional moments such as the square of quantities or market shares were included.

Results are shown in Appendix C.
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Expectations on Demand, Costs, and Reserves The cartel and the fringe form expectations
about the future in order to decide on their optimal production paths. Specifically, expectations are
formed on marginal extraction costs, demand, and reserves.

First, I follow Asker et al. (2019) by assuming that future cost shocks are unanticipated by market
participants. Specifically, I model p;; as following a martingale process, such that E(pek | pit) = it
for k > 1. The term u;; captures both long-term technological trends and variations in the absolute or
relative costs of inputs or technology. This process is treated as exogenous, consistent with the partial
equilibrium framework adopted in this paper. In a general equilibrium context, both input prices and
technological progress could be endogenously determined by production decisions.

Next, market players form expectations on future demand. In the baseline model, I adopt the
assumption that firms’ perceptions of the demand levels D; evolves according to a first-order Markov
process, specified as Dy = (1+ p)Dy—1 +vy. Here, p > 0 reflects the anticipated average annual growth
in demand and vy is an iid shock with zero mean and constant variance. This specification implies
that firms expect a consistent, exogenous upward shift in demand over time, reflecting factors such
as population growth and economic expansion. Accordingly, the expected future demand is defined
E(Dyy| D) = (1 + p)k~1D; for k > 1. In my simulations, I set p equal to the historical growth rate
in oil demand from 1990 to 2019, which is 1% per year.

Third, resource owners form expectations regarding future oil discoveries. In this paper, oil ex-
ploration is treated as exogenous to the model. In the main specification, I assume that firms do not
anticipate any future discoveries when making production decisions; thus, any future discoveries are
considered unanticipated.

In the dynamic estimation, after the realization of extraction costs, demand, and oil discovery
shocks in year t, both the fringe and the cartel have the opportunity to re-optimize their production

levels for each subsequent year until year T

Conduct specification In practice, cartel conduct may not be constant over time, as demand
fluctuations can influence the incentives to collude. Green and Porter (1984) suggest that negative
demand shocks may lead to more competitive behavior, while Rotemberg and Saloner (1986) find that
price wars are more common during economic booms. To account for these dynamics, I allow for

time-varying cartel conduct by specifying the following model:
0; = 6° + ' Demand Shift, (15)

This specification permits the internalization parameter to vary over time with shifts in demand.
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A positive estimate of 8! indicates that collusion intensifies during periods of high demand, whereas
a negative 6! suggests that the market becomes more competitive following positive demand shocks.
If 6 is not significantly different from zero, demand shift do not have a meaningful impact on the
effectiveness of the cartel.

The identification of the conduct parameter §° is based on the extent to which the cartel strate-
gically withholds capacity, given observed demand and cost conditions. Specifically, #° captures the
degree of market power exerted by the cartel, where higher observed price-cost margins correspond to
a higher estimated level of % as described by the first-order conditions outlined in Section 2.2. Next,
temporal exogenous variation in demand provides the key source of identification for time-varying
internalization parameter, 8. For instance, following a positive exogenous demand shock, a more re-
strictive output regime by OPEC would indicate procyclical cartel behavior, reflecting a higher degree
of collusion during periods of high demand. The supply response to demand shifts is thus critical for
understanding the strategic behavior of the cartel. However, while exogenous demand shocks serve as
the primary source of variation, it is important to recognize that #' may also be influenced by unob-
served factors correlated with demand, such as technological advancements or geopolitical events. In
such cases, ' could capture not only the response to demand shifts but also the effect of these omitted
factors.

Standard errors are obtained by bootstrapping the cost estimates, as described in Section 4.1. For
each bootstrap procedure s € S, a conduct parameter 6* is estimated by the inference method explained
above. Repeating the estimation exercise S times , I obtain a vector of estimated structural parameters
észl,észz, m,és:s . Standard errors are calculated based on my S=50 bootstrapped internalization

parameter estimates.

Parametrization Some auxiliary parametrizations are needed to fully specify the model. First,
since simulating the production path requires intertemporal optimization, a joint annual discount
factor is needed. This is set at § = 0.95 in the main specification. Further, the final time period is set
at 2150, such that |T| = 160.%

Second, the members of the Organization of the Petroleum Exporting Countries (OPEC) must
be exogenously assigned by the researcher, as they are not inferred directly from the model. In this
analysis, I focus on the core members of OPEC in the main specification, which primarily includes
countries from the Arabian Peninsula: Saudi Arabia, Kuwait, the United Arab Emirates, Algeria,

Libya, Iran, and Qatar. This allows the analysis to concentrate on OPEC countries that tend to

29The time period is set sufficiently large, such that extraction is close to zero during the final periods.
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comply with agreed-upon production quotas.>® These core members jointly control 80.2% of the total
oil reserves of all OPEC members active at any point between 1990 and 2019.

Oil fields face an annual flow constraint on oil extraction, as emphasized by Anderson et al.
(2018), due to the technical limitations of well pressure. Oil reserves cannot be extracted all at
once. In the model, this constraint is represented by the parameter k; = k * R;. Additionally,
other market frictions—beyond market power—may prevent wells from consistently operating at full
technical capacity. I calibrate x;; based on the observed extraction behavior of fringe firms. The data
indicate that x = 0.053, implying that resource owners are able to extract just over 5% of reserves
annually, on average. !32 The flow constraint  is calibrated using only the behavior of fringe firms,
as it could be confounded by market power incentives if cartel data were used. An implicit assumption
in the model is that both the cartel and fringe face the same annual flow constraint.

To reduce the computational burden of optimizing across 20,569 assets over approximately 160
years (1990-2150), I group fields into bins based on their time-invariant marginal costs cy, their ex-
traction technology, and ownership. The time-invariant component of marginal costs is estimated
using the methodology outlined in Section 4.1. It is then rounded to the nearest integer to con-
struct cost-technology-ownership bins. The ownerships considered are OPEC and non-OPEC. The
five technologies considered are deepwater offshore, shelf offshore, oil sands, shale field, or all other
onshore. For example, the field "Hawtah” in Saudi Arabia is classified into the segment "c; = 37—
?OPEC”—"onshore”. Each technology will experience a distinct year-specific shock to extraction costs,
as described in Section 4.1. This binning process results in 140 classification bins, significantly reducing

computational complexity while preserving most of the relevant information.

Estimation Algorithm The estimation procedure proceeds through two nested loops: an outer
loop and an inner loop. The outer loop begins by selecting candidate values for the structural param-
eters, 0, from a predefined grid of possible parameter values. These candidate parameters serve as
inputs into the cartel optimization problem in the inner loop.

The inner loop then iterates over the sample years (1990-2019). For each year, the model updates
the information set and expectations, and the dynamic cartel-fringe game is solved for the remaining

years, following the methodology outlined in Section 2.2. In this setting, the cartel and fringe resource

30For a historical overview of OPEC compliance, see Ghoddusi et al. (2017).
3! Engineers estimates find that in theory, x = 0.1 should be feasible. In reality, however, this technical level of capacity

is often not reached.
32To make sure wells can get fully extracted eventually, I always allow a minimum of 10 extracted barrels per bin.
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owners engage in a best-response game, iterating until no player can profitably deviate from their
strategy. The optimum is solved with JuMP (Julia) using the Gurobi solver. Following Asker et al.
(2023), the collection of fringe firms is modelled as a social planner maximizing the sum of producer
and consumer surplus given cartel output, which is equivalent to modelling each fringe field as a
price-taking competitive player. In the estimation, I abstract away from environmental damages in
the optimization problem. A more detailed description of the inner loop is given in Appendix D.

After completing the iterations across all sample years, the algorithm returns to the outer loop to
select the next candidate parameter 6 from the grid. The inner loop is then re-executed for this new
candidate. As a result, for each candidate parameter, the algorithm generates a vector of simulated
prices, cartel extractions, and fringe extractions.

In the final step, these simulated outcomes are compared to the actual observed data. The es-
timated parameter 0 is identified as the value that minimizes the distance between the simulated

moments and the corresponding moments in the data.

5.2 Findings

The internalization or conduct parameter 6 captures the effectiveness of the OPEC cartel in exerting
market power. A value of § = 1, signifies that the cartel is fully profit-maximizing, acting cohesively
to optimize joint profits. In contrast, § = 0 implies that the cartel members are not colluding. Ceteris
paribus, a higher 6 leads to higher expected initial oil prices and lower initial quantities produced by
the cartel. As the cartel becomes more effective in coordinating output at higher levels of 8, it secures
greater profits through enhanced market power.

Under the assumption of a constant level of conduct, the estimated internalization parameter is
0 = 0.17, as shown in the first column of Table 3. This indicates that the cartel operates at roughly
one-fifth of its potential effectiveness in coordinating joint output, in line with the findings of Lin
Lawell (2020). Despite the relatively low conduct parameter, the cartel still manages to substantially
impact market share and prices compared to a perfectly competitive market, as demonstrated in Figure
16. My findings are robust to alternative discount factor and moment specifications, as reported in
Appendix C.

Several factors may contribute to limited cartel effectiveness. First, geopolitical frictions prevalent
in the oil market can impede cohesive action among cartel members. Second, concerns about cartel
stability—though not explicitly modeled in this framework—can significantly influence the output

decisions of individual member states, preventing perfect profit optimization. Third, the cartel’s
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Table 3: Internalization Parameter Results

(1) (2) 3) (4) (5) (6)

Conduct (6°) 017 016 020 016 015  0.19
(0.005)  (0.005) (0.006) (0.007) (0.006) (0.007)
Demand Shift, (6') (mB) 0.005  0.003  0.004

(0.000)  (0.000)  (0.000)

N 30 30 30 30 30 30
Mean Conduct 0.17 0.16 0.20 0.19 0.17 0.21

Notes: SMM estimation results, N= 30 for all estimations. Column (1) - (3) assumes a constant level of
the cartel’s internalization parameter. In Column (4) - (6) the conduct is allowed to vary with the level
of demand. In Column in (1) and (4), the baseline demand slope specification is used, i.e. B = —69.66.
In Column (2) and (5), the I use the lower bound estimate of the slope of demand in the estimation. In

Column (3) and (6), the upper bound is used. Standard errors are computed using 50 bootstrap iterations.

pricing strategy may be influenced by limit-pricing considerations; by avoiding excessive price increases,
the cartel deters fringe firms, which leads them to not fully exploit their potential influence on market
prices (Andrade de Sa and Daubanes, 2016).

As shown in Column (4)-(6), the cartel colludes more effectively during periods of high demand,
echoing the findings of Green and Porter (1984). These findings suggest that if overall potential gains
are larger (i.e. demand is higher), players are more inclined to collude. This is indicated by the
significantly positive coefficient ', suggesting that higher demand levels are associated with increased
cartel conduct. Demand shifts are measured as deviations in million barrels of oil from average
demand. Given that demand has generally risen over the sample period, the results imply that the
cartel’s effectiveness has strengthened over time. This trend is illustrated in Figure 7 , where the
internalization parameter increases from approximately 0.16 in the early 1990s to 0.22 by the end of
the sample period.The dashed lines represent the 95% confidence interval. The positive coefficient on
the demand shift parameter may also capture other confounding factors correlated with demand over
time, such as technological changes or geopolitical events that affect the degree of collusion.

The simulated moments from the model align well with the observed data moments. Figure 14
compares the actual oil prices and extraction quantities to those generated by the simulation of my

parsimonious model. In Figure 14a the dashed line represents the simulated oil prices, while the solid

36



line depicts the realized price data. The model successfully captures the main price trends; however, it
underestimates price volatility during the 2010s, particularly around the financial crisis. As a result,
the simulated quantity response to the financial crisis is stronger than what is observed in the data, as
shown in Figure 14b. This discrepancy is especially pronounced for fringe producers, indicated by the
green line in Figure 14b. One possible explanation is the presence of startup frictions in reality. In the
model, it is costless to turn oil wells on or off. In practice, firms may be reluctant to adjust production
levels rapidly due to startup costs or the difficulty of halting production once a well is operational, as
discussed by Anderson et al. (2018). Additionally, the financial crisis may have increased uncertainty,
discouraging resource owners from accelerating extraction of their reserves. In Figure 15, I compare
the yearly extraction of the cartel across different levels of conduct, confirming the good fit of the
model to capture cartel behavior.

In terms of producer surplus, both the cartel and the fringe benefit from cartelization. This
phenomenon is known as the umbrella effect in the literature on partial cartelization (see Bos and
Harrington (2010)). I compare the profits in 2019 under two scenarios: a perfectly competitive market
and a cartel-fringe market with a internalization parameter of §# = 0.17. For the cartel, compared
to the perfectly competitive scenario, static profits increased by 50%, as shown in Table 10. For the
cartel, on the other hand, profits more than doubled due to cartelization, indicating that both parties

gain from the artificially elevated prices.

6 Counterfactual analysis

In this section, I conduct counterfactual analyses to examine the impact of introducing carbon taxes
in the oil sector starting from 2020, within the framework of an energy transition. I utilize the
cartel-fringe model described in Section 2.2, employing as inputs (i) the estimated demand, cost,
and internalization parameters derived from observed behavior in Section 4 and 5 and (ii) data on
remaining oil field reserves, extraction costs, and ownership structures.

In the first counterfactual scenario, I assess the effects of implementing progressively increasing
carbon taxes on the oil sector. The objective is to investigate the existence and magnitude of the
Green Paradox, which posits that higher future carbon taxes might initially lead to lower oil prices
and increased current emissions, thereby worsening environmental outcomes in the short term (Sinn,
2008; Heal and Schlenker, 2019). For this analysis, I impose a starting carbon tax equal to USD
50, following the 2021 Biden Administration, and allow it to escalate along various trajectories. The

model enables me to evaluate the impact of increasing carbon taxes under different market structures,
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namely perfect competition and the cartel-fringe setting. This approach allows for a comparison of
productive inefficiencies across different carbon tax paths, highlighting how increasing carbon taxes
may mitigate the cartel’s incentive to withhold capacity. As discussed in Section 2.3, more strin-
gent future environmental policies could align the cartel’s extraction trajectory more closely with the
competitive benchmark.

In the second counterfactual scenario, I explore the design of a welfare-maximizing carbon tax
in an imperfectly competitive market. Specifically, I compare the overall welfare under a first-best
setting—characterized by perfect competition and a carbon tax equal to the social cost of carbon—with
various carbon tax policies in the second-best setting of a cartel-fringe market. I examine the optimal
initial level and growth rate of the carbon tax in this context. While a rapidly escalating carbon
tax might reduce the cartel’s market power incentives, it could also lead to a short-term increase in
emissions due to the Green Paradox, generating negative welfare effects in the near term. This analysis

aims to identify a carbon tax trajectory that balances these considerations to maximize overall welfare.

6.1 Carbon Taxes and the Green Paradox

Implementation To assess the impact of carbon taxes within the context of an energy transition, I
simulate a global carbon tax by imposing a per-unit tax rate 7+ on oil production. This tax increases
the marginal production costs for all producers, such that the marginal cost becomes c¢;; + 7; for cartel
fields ¢ € €2 at time t, and cj; + 7 for fringe fields ¢ € J at time t. The carbon tax is homogeneous
across all fields,?® but I consider different temporal trajectories for the tax, including constant and
increasing rates over time.

In the counterfactuals, resource owners fully anticipate the entire future path of the carbon tax,
allowing them to adjust their extraction strategies accordingly. I conduct these simulations under two
market structures: (1) a perfectly competitive market where all producers are price-takers, and (2) a
cartel-fringe market as described in Section 2.2, where non-OPEC countries act as price-taking fringe
producers.

In the baseline scenario, following Heal and Schlenker (2019), I consider three carbon tax trajecto-
ries. The first is a constant tax over time (7! = 0.00), The second involves a tax increasing annually
at a rate of 5 percent (7' = 0.05), representing a moderately escalating policy. The third trajectory
features a tax increasing annually at a rate of 10 percent (7! = 0.10), reflecting a more aggressive

policy stance. In all scenarios, the tax rate evolves according to 7 = 7% % (1 + 71)!~! where the initial

33In reality, carbon emissions vary across fields. For an analysis of emission heterogeneity, see Asker et al. (2024).
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tax level is set at 70 = 50 USD per tCOqeq, consistent with the Biden Administration’s social cost
of carbon at the time. Using an average carbon content of 0.544 ¢tC'Ozeq per barrel of oil (Masnadi
et al., 2018), this translates to an initial tax of 27.2USD per barrel extracted. The simulations begin
in 2019—the final year of observed data. The simulation runs until T =2150.

Green paradox Figure 8 illustrates the projected oil prices and total extracted quantities under
different carbon tax trajectories imposed from 2019 onward. In both panels, the dashed lines represent
the perfectly competitive scenarios, while the solid lines depict the outcomes under the cartel-fringe
model. The different colors correspond to the various carbon tax evolution scenarios: constant, 5
percent annual increase, and 10 percent annual increase. All scenarios start with a base carbon tax
rate of 70 = 50 USD per tCOs.

Figure 8a shows that a more steeply increasing carbon tax initially decreases oil prices. Despite the
carbon tax being systematically higher in the scenarios with a 5 percent or 10 percent annual increase
compared to the constant tax, prices are lower during the first 15 years. This outcome arises because
firms anticipate more stringent future climate policies and accelerate extraction to take advantage of
lower current tax rates. This frontloading of extraction is depicted in Figure 8b. Notably, introducing
a more rapidly increasing carbon tax leads to higher pollution in the short run. This finding confirms
the possibility of the Green Paradoz, a phenomenon coined by Sinn (2008), which posits that the
anticipation of stronger future environmental policies can worsen environmental outcomes in the near
term. However, in the long run, the carbon tax reduces overall extraction by making a portion of the
oil reserves economically unviable, as shown in Figure 17. In Figure 8b, this effect is illustrated by

extraction quantities declining to zero shortly after 2050.
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Figure 8: Carbon tax impact under perfect competition and cartel-fringe
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Notes: Oil prices and extracted quantities under perfect competition (dashed line) and cartel-fringe model
(full line). In 2020, I impose a carbon tax of 50 USD which is constant (green), increasing at 5% (orange)
or increasing at 10% (purple) yearly. The internalization parameter € is set to 0.17 in the cartel-fringe

scenario with market power. Note that the simulation runs until 2150 in all cases.

The prices under perfect competition are lower than those in the cartel-fringe scenario for the
same tax rates, as shown in Figure 8a. However, the price gap narrows more quickly under the
10 percent tax increase rate (purple line) compared to the constant tax scenario (green line). The
anticipation of tighter future environmental regulations prompts the cartel to expedite the extraction of

its economically viable reserves. Consequently, the incentive to exercise market power by withholding
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capacity to elevate future prices diminishes. As a result, the outcomes under the perfectly competitive

scenario and the cartel-fringe model become more similar.

Figure 9: Cartel extraction quantities with an increasing carbon tax under perfect competition and

cartel-fringe
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Notes: Cartel extraction under perfect competition (dashed line) and cartel-fringe model (full line). In
2019, T impose a carbon tax of 50 USD which is constant (green), increasing at 5% (orange) or increasing
at 10% (purple) yearly. This is a result of the cartel shifting production forwards to avoid stranded assets.
The internalization parameter 6 is set to 0.17 in the cartel-fringe scenario. Note that the simulation runs
until 2150.

This ”race to the last barrel” dynamic is particularly pronounced when examining the cartel’s ex-
traction behavior in Figure 9. In the perfectly competitive cases (dashed lines), the cartel’s extraction
is relatively consistent across the different carbon tax trajectories. The largest differences between the
competitive scenarios occur by the end of the extraction period, where the more steeply increasing
taxes result in an earlier final extraction period. In these scenarios, most of the additional production
is undertaken by fringe firms. The opposite pattern emerges in the cartel-fringe cases. Under mar-
ket power, the steeper the carbon tax increase, the greater the market share captured by the cartel.
This is because delaying production becomes less profitable when the carbon tax escalates rapidly,

incentivizing the cartel to extract more in the short term.

Productive inefficiencies Productive inefficiencies represent the welfare losses resulting from devi-

ations from a cost-minimizing production allocation. When market power is exercised by withholding
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efficient production capacity, higher-cost fields must be used to meet demand, generating productive
inefficiencies. The introduction of carbon taxes can influence the allocation of production between the
cartel and the fringe. As shown in Figure 9, a steeper increase in the carbon tax brings the cartel’s
extraction path closer to that of a perfectly competitive market. As a result, we expect the welfare
losses from productive inefficiencies to decrease. In a perfectly competitive market, resource owners
always extract from the lowest-cost fields first, eliminating productive inefficiencies. Therefore, as the
production profiles of the cartel-fringe model and the perfectly competitive case converge, productive
inefficiencies decline.

Table 4 compares the productive inefficiencies resulting from different tax structures, specifically an
increasing carbon tax versus a flat tax with the same quantity-weighted average. The inefficiencies are
measured by comparing the net present value (NPV) of total production costs in a perfectly competitive
market to those in a cartel-fringe market. In all cases, the NPV of production costs is higher under
market power, indicating productive inefficiencies for both flat and increasing tax regimes. In Columns
(1) and (2), I compare the effects of a carbon tax starting at 50 USD per tCO2 and increasing at 5%
annually (Column 2) with a flat tax of 156 USD per tCOy (Column 1). The results show that
productive inefficiencies are 30.5% lower under the increasing tax. This occurs because the cartel
accelerates production, aligning more closely with the perfectly competitive outcome. The incentive to
withhold capacity and maintain high prices is diminished under the increasing tax structure. Columns
(3) and (4) replicate the analysis for a steeper tax increase. In Column (4), a carbon tax starts at
50 USD per tCOy and rises by 10% annually, while Column (3) applies an equivalent flat tax of 206
USD per tC'Os. Under this steeper tax regime, the cartel has even less incentive to delay production,
resulting in a further reduction in productive inefficiencies by 73.9%.

The key takeaway from Table 4 is that carbon taxes can mitigate the welfare losses from productive
inefficiencies, addressing two market failures simultaneously. In the following section, I will discuss the
optimal levels of carbon taxes. It is important to note that in my model, productive inefficiencies arise
solely from the misallocation of production between the cartel and the fringe. In practice, productive
inefficiencies may also exist within the cartel and within the fringe firms, as documented by Asker
et al. (2019).3* Moreover, the anticipation of future carbon taxes could potentially reduce productive
inefficiencies within these groups. Therefore, the estimates presented here should be interpreted as a

lower bound.

34Modeling internal frictions within the cartel and the fringe is beyond the scope of this paper.
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Table 4: Impact of Carbon Taxes on Productive Inefficiencies

Moderate Tax Increase

Steep Tax Increase

Carbon Tax Design
Tax base (7°) 156

Tax increase (71) 0%

Total Production Costs (b USD)
Cartel-Fringe Model (A) 4,371
Perfect Competition Model (B) 4,116

Productive Inefficiency (b USD)
(A) - (B) 144.2
% Difference

50
5%

4,885
4,784

100.3
-30.5%

206
0%

4,198
4,006

192.5

50
10%

4,455
4,405

50.1
-73.9%

Notes: This table presents the net present value (NPV) of production costs under different carbon tax

trajectories. Columns (1) and (2) compare production costs between a moderately increasing carbon tax

(5%) and an equivalent flat tax. Columns (3) and (4) provide the same comparison for a steeply increasing

carbon tax (10%) and its corresponding equivalent flat tax. The equivalent flat taxes are computed as the

quantity-weighted averages of the increasing tax scenarios. Efficiency loss is defined as the difference in

the NPV of production costs between the perfectly competitive model and the cartel-fringe model (with

0 =0.17). A steeper tax increase results in a lower productive inefficiency.

6.2 The Optimal Carbon Tax

Implementation The optimal carbon tax maximizes social welfare, defined as the sum of producer

surplus, consumer surplus, environmental damages, and government revenue. In the absence of market

power, the optimal carbon tax equals the social cost of carbon, which represents the monetized value

of future net damages from an additional ton of CO2 emissions (Carleton and Greenstone, 2022). In
2020, the U.S. Environmental Protection Agency (EPA) estimates the social cost of carbon at 190

USD per tCO2eq.?> Under a first-best scenario with perfect competition, a carbon tax of 190 USD is

levied, and since marginal environmental damages rise with emissions, the tax is expected to increase

over time.

When market power is present, two key adjustments to the optimal carbon tax are necessary, as

described in Section 2.3. First, in a static setting, market power reduces equilibrium quantities, so

35Source: epa.gov/environmental-economics/scghg, accessed August 2024.
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a lower carbon tax is required to reach the social optimum. Since firms with market power already
restrict output, the tax can be lower than the social cost of carbon, and in some cases, a lower or no
tax could improve welfare (Asker et al., 2024). Second, in a dynamic setting, market power affects
the optimal growth rate of the tax. While rising carbon taxes in a competitive market accelerate
production due to the Green Paradox, the slower extraction pace under market power means that a
more rapidly increasing tax can encourage the cartel to accelerate production, thus reducing productive
inefficiencies and increasing welfare.

In this counterfactual exercise, I aim to determine the optimal carbon tax trajectory in the presence
of market power, representing a second-best scenario. I evaluate two cases: one with observed cartel
behavior, where the internalization parameter 8 = 0.17, and another with a fully effective cartel, where
6 = 1. The tax is modelled using the function form 7, = 7°(1 + 71)!~1, where 7y is the base tax level,
and 6! is the annual growth rate.

In the first-best scenario with perfect competition, the optimal tax equals the social cost of carbon,
set at 79 = 190, and 71 = 0.03, following the EPA’s 2023 report. For robustness, I also consider an

alternative specification with a lower social cost of carbon,7yp = 100 while keeping 7 = 0.03.

The welfare-maximizing carbon tax Table 11 presents the welfare-optimizing carbon tax trajec-
tories across three scenarios: (1) the first-best case of perfect competition, (2) an imperfect cartel-fringe
market with = 0.17 , and (3) a fully effective cartel-fringe market with @ = 1. In Panel A, the social
cost of carbon is set at USD 190, with an annual growth rate of 3%. In the perfectly competitive
case (Column 1), the optimal tax trajectory follows 73 = 190(1 4 0.03)!~!, and total environmental
damages are estimated at 5.878 b USD for the period 2019-2150. By construction, tax revenues equal
environmental damages in this case. In my main counterfactual, the demand curve slope is assumed
constant. An alternative assumption is that the demand curve flattens over time as alternative energy
sources become more substitutable. Results for this alternative approach are shown in Appendix E.

Column (2) of Panel A shows the optimal tax in the presence of an imperfect cartel (6 = 0.17).
The optimal initial carbon tax is reduced to 173 USD but increases at a faster annual rate of 3.3%.
This steeper growth incentivizes the cartel to accelerate production, thereby eroding its market power.
However, the NPV of tax revenues is lower than total environmental damages. While both the cartel
and fringe benefit slightly from cartelization, consumers lose surplus, leading to a modest welfare loss
in this second-best setting.

In Column (3), I explore the optimal tax in the case of a fully effective cartel (§ = 1). Here, the

optimal carbon tax is significantly lower, starting at 50 USD, but the growth rate is much steeper, at
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5.5% annually. The rapid increase in the tax partially offsets the cartel’s market power, but producer
surplus is substantially higher than in the previous cases. The main welfare loss stems from reduced
government revenues, as cartel profits capture a larger share of rents that would otherwise accrue to
the government through taxes.

Panel B performs the same analysis under the assumption that the social cost of carbon is lower,
at 100 USD per tCOs. In this case, welfare is generally higher due to lower environmental damages.
Producers —both cartel and fringe— benefit from lower carbon taxes, while consumer surplus increases
across all cases. The difference in optimal taxation between conduct levels is more pronounced when
the social cost of carbon is lower. For the imperfect cartel scenario (Column 2), the initial tax decreases
by 16%, from 100 USD to 84 USD. In the fully effective cartel case (Column 3), the optimal tax drops
sharply by 89%, to 11 USD, with an annual growth rate of 6.0%, nearly double that of the social cost of
carbon. As in Panel A, government revenues are largely transferred to producer surplus, and consumer

welfare decreases by 5.2% in the fully effective cartel case compared to the first-best scenario.
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Table 5: Optimal carbon tax under different market conducts

First Best Imperfect Cartel Perfect Cartel

Panel A: High Social Cost of Carbon

To 190 173 50

Tax increase (%) 3 3.3 5.5

CS 6.428 6.368 6.671
PS fringe 0.697 0.928 2.917
PS cartel 0.586 0.711 1.636
Tax Revenue 5.878 5.562 2.331
Env Damage 5.878 5.868 5.964
Total Welfare 7.713 7.703 7.592

Panel B: Medium Social Cost of Carbon

To 100 84 11

Tax increase (%) 3 3.5 6.0

CS 7.093 7.014 6.720
PS fringe 2.047 2.072 4.047
PS cartel 1.436 1.441 2.346
Tax Revenue 3.245 3.483 0.547
Env Damage 3.245 3.278 3.207
Total Welfare 10.578 10.572 10.454

Notes: The first column displays the optimal tax rates by assumption in a first-best setting, and the NPV
welfare distribution. The second column shows the case of an imperfect (§ = 0.17) cartel-fringe case. The
third column shows the optimal carbon tax when the cartel would operate fully effectively (6 = 1), and
its implied welfare consequences. In Panel A, the social cost of carbon is assumed to be 190 USD, while it
is assumed to equal 100 USD in Panel B. I assume that the marginal NPV of damage of carbon increases

3% yearly in both cases.
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7 Concluding remarks

To meet the climate goals set forth in the Paris Agreement, a substantial portion of existing oil reserves
must remain untapped. This prospect may incentivize firms to accelerate production, anticipating
more stringent future environmental regulations. Concurrently, the global crude oil market is heavily
influenced by the Organization of Petroleum Exporting Countries (OPEC), an international cartel
that exerts market power by restricting production to elevate prices. Consequently, climate policy,
when applied in a market governed by a cartel, has the potential to mitigate environmental harm
while also dampening the cartel’s incentives to restrict output.

This paper aims to assess the welfare implications of climate policy within the context of the oil
market, where an oil cartel is present. To achieve this, I develop a dynamic structural model that
captures the underlying mechanisms driving the production decisions of both the cartel and fringe
producers. The model is estimated using comprehensive field-level data on production costs and
reserves from the universe of oil fields spanning 1990 to 2020. Leveraging these estimates, I conduct
counterfactual analyses under various climate policy scenarios to evaluate their welfare effects.

The global upstream oil market suffers from two major market failures: the exercise of market
power and environmental externalities. Market power leads to welfare losses as it distorts produc-
tion levels and causes productive inefficiencies, with oil often extracted out of a cost-minimizing se-
quence. Simultaneously, environmental externalities incentivize over-extraction, depending on the
relative strength of market power and the extent of environmental damage. In this context, stringent
climate policies—such as increasing carbon taxes—can address both issues. First, higher carbon taxes
raise extraction costs, rendering some fields uneconomical to exploit and thereby reducing cumulative
emissions. However, in the short term, these policies may increase emissions, a counterintuitive effect
known as the green paradox. Second, because the cartel has less incentive to reduce production, some
output shifts from higher-cost fringe producers to the cartel, improving productive efficiency. This
reallocation partially mitigates the inefficiencies caused by market power, aligning extraction more
closely with cost-minimizing production.

In this study, I develop a dynamic structural model that captures key features of the upstream oil
industry. Recognizing oil’s exhaustible nature, the model incorporates dynamic extraction decisions,
where producers weigh the opportunity cost of current versus future production in line with Hotelling
(1931). I extend the dynamic cartel-fringe framework of Salant (1976) to account for OPEC’s influence
on equilibrium prices, while allowing for potential frictions, such as geopolitical factors, that might

limit OPEC’s ability to fully exercise market power.
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Using granular data on field-level costs from Rystad Energy (1990-2019), I estimate marginal costs,
upstream demand, and OPEC’s internalization parameter. Marginal costs and demand are estimated
following the approach of Asker et al. (2023), and serve as an input to the dynamic estimation. The
internalization parameter, dynamically estimated via simulated method of moments (SMM), reflects
OPEC’s effectiveness and how it responds to demand cycles. I find that the cartel could be roughly
five times as effective, and that cartel collusion is pro-cyclical. This approach provides a framework
for analyzing market power dynamics and the potential efficiency gains from counterfactual climate
policies in the global oil market.

The counterfactual analysis highlights two main findings. First, anticipating stringent climate
policy can induce a green paradox, with short-run emissions rising as producers accelerate extraction
in response to future carbon taxes. In the cartel-fringe setting, introducing a 50 USD carbon tax
in 2020 that rises over time reduces long-run emissions but also reallocates production from fringe
producers to the cartel, as the tax weakens the cartel’s incentive to withhold output. This reallocation
improves productive efficiency, reducing inefficiencies by 30.5% comparing a 5% increasing tax to a flat
tax. Second, an optimal carbon tax can jointly address market power and environmental externalities.
Assuming a social cost of carbon of 190 USD, the initial tax in a cartel-fringe setting should be slightly
lower than in a first-best scenario, as the cartel already restricts output. However, to counteract the
cartel’s market power, the tax should rise more steeply, leading to further production reallocation from
the fringe to the cartel. While this approach reduces both environmental damages and inefficiencies,
it results in lower tax revenues, with surplus shifting to both the fringe and cartel producers.

This paper sheds light on the interplay between climate policy and market power in resource
markets, emphasizing the implications of cartel behavior for policy effectiveness. The analysis suggests
that optimal climate policy must account for the strategic incentives of an oil cartel to mitigate both
environmental externalities and welfare losses from market distortions. By aligning producer incentives
with environmental objectives, such policies can more effectively reduce emissions while enhancing
allocative efficiency. These findings indicate that recognizing and addressing market power dynamics

is crucial for designing policies that support a more efficient and sustainable energy transition.
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A Additional Cost Descriptives

Figure 10 compares the marginal production cost of Saudi-Arabia with the median production cost of
the US and Canada throughout the years. The dashed lines represent the 75th percentile of extraction
costs of producing fields. The dotted line shows the 99th percentile. The thick line indicates the
yearly oil price. The Figure shows that that the 99th percentile production costs of Saudi Arabia, the
leading member state of OPEC, is still considerably lower than the 75th percentile of production cost
of important fringe countries, such as the US and Canada. The Norwegian production costs are the
highest of the three countries, as their fields are mostly offshore. Offshore fields typically have higher
production costs than conventional onshore shelf oil sources — the main production source of Saudi
Arabia.

Another notable fact on Figure 10 is that production cost for Saudi have been remarkably stable
throughout the time period of 1990 - 2019. This is in contrast to the production cost of the fringe
countries US or Canada. Their production costs, especially in the higher percentiles, experience more
fluctuations throughout the years. Figure 11 shows the aggregate production for OPEC and fringe
countries during the 1990- 2019 period, together with the total incurred production costs. The Figure
shows that production levels of both OPEC countries and fringe countries have been steadily growing
since 1990. Production costs, however, show a much more volatile profile. This is, however, only true
for the fringe countries. Total OPEC oil production costs have been much more stable throughout the

years.
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B Cartel and fringe maximization problem

A more detailed derivation of the optimality conditions of the fringe and cartel are provided in this
Section. For simplicity, I assume that the cartel operates effectively for this derivation exercise, i.e.
0 = 1. This assumption can be adjusted in a straightforward way by changing the marginal revenue
first order condition. I follow the model of Salant (1976), as described in Section 2.2.

B.1 Fringe Optimization problem

In my setting, fringe fields are perfectly competitive. Hence, they take the price — as announced by
the cartel as given when optimizing their surplus. Hence, for the competitive fringe fields, indexed
by j, the objective is to maximize the present discounted value of their profits over time, treating the
price as exogenous.

The Lagrangian formulation for the fringe fields j is:

T
L= B'E[Pgj— cuan — il — rje) = ve(Rjer — aje — Ryu) + pj Ry r] (16)
t=1
Where:

e P,: The market price at time t, treated as given by the fringe.

e ¢;i: Production of fringe field j at time ¢.

e c;;: Marginal production cost for fringe field j.

e kj;: Capacity limit of fringe field j, and 1 is the Lagrange multiplier for the capacity constraint.

e Rj;: Resource stock remaining in field j at time ¢, with ~;; as the multiplier for the stock

depletion constraint.

e u;: Multiplier for the terminal condition at 7', ensuring the final resource level R; 7 is economi-

cally viable.
As with the cartel fields, the fringe fields are subject to:
1. Capacity constraint: Fringe production cannot exceed k;t, the capacity of field j.

2. Resource stock constraint: Resource stock depletes over time, Rj; = Rj;—1 — qj.
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3. Terminal condition: Ensuring that resources at the end of the time horizon T are either fully

extracted or economically unrecoverable.

The first-order condition for production gj; for optimality for fringe fields can be derived as follows:

JL
=P —cip — i —~ig =0 17
aqjt t it — Vit — Vit (17)
For producing fringe fields, the marginal revenue (which is simply the price P; in this case, since
fringe firms take prices as given) equals the marginal cost of production, adjusted for capacity and
resource constraints (¢j; and ;).

If (non-empty) fringe field j is not producing, then:

oL
— <0 for t=1,....,T (18)
0q;t

The Lagrange multiplier 1);; ensures that the production from any fringe field j does not exceed

its capacity r;t:

oL

R 19
Dy Kjt — djt (19)

As with the cartel fields, this constraint binds for all non-marginal fringe fields producing at
capacity.

The shadow price v;; reflects the value of the remaining resource in each fringe field. For fringe
fields that are marginally producing (i.e., not constrained by capacity), Equation 20 can be rewritten

as 21 — scarcity value should rise at the rate of interest.

oL
@:_'th‘i‘ﬁ'yjﬁ—i-l:o for t=1,....,7—1 (20)
Py — cjt = B(Piy1 — cjt+1) (21)

This ensures that the marginal fringe fields are indifferent between extracting now or later, as the

shadow price of the resource increases at the rate of interest
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At the end of the time horizon, fringe fields must account for the remaining resources, ensuring
that they are either fully extracted or economically recoverable. This gives the following condition for
the final period T

oL
OR;r

= —y7+up; =0 (22)

The fringe firms optimize their production based on the exogenously given market price. The
first-order conditions highlight that, for the fringe, the trade-off is simply between the current price
and the opportunity cost of production, subject to capacity and resource constraints. The scarcity
rent increases at the rate of interest, and the final resource extraction decision at T' depends on the

terminal value of the remaining stock.

B.2 Cartel Optimization Problem

The cartel optimizes its production decisions over time, taking into account the market demand,
aggregate fringe production, production costs, capacity constraints, and the resource reserve dynamics.
The cartel’s objective is to maximize the present discounted value of its profit over a finite time horizon
T, while adhering to both capacity and resource constraints.

The Lagrangian formulation of the cartel’s problem is given by:

T
L=> BE P(Q]. QHQ5 - > " (cirqit + Cirlgin — ki) + Yie(Rig—1 — qie — Rir) + piRi.p) (23)
t=1 i€Q

Here, the key terms represent:

e [3: Discount factor.

Pt(@{ ,Qf): Market price as a function of total output, where Q{ is the output from the com-

petitive fringe, and Qf is the cartel’s output.

¢;+: Production from cartel field 7 in period t.

e c;;: Marginal cost of production for field ¢ at time t.

kit: Capacity limit of field 4, and 1) is the Lagrange multiplier for the capacity constraint.
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e R;: Resource stock remaining in field ¢ at time ¢, with 7;; being the multiplier for the stock

depletion constraint.

e s;: Multiplier for the terminal condition, where R; 7 is the stock remaining at the end of the

time horizon.
The Lagrangian incorporates the following key constraints:
1. Capacity constraint: Production from any field 7 cannot exceed its capacity ;.

2. Resource stock constraint: The stock of resources depletes over time as production occurs,

so Ryt = Ri -1 — qit-

3. Terminal condition: The stock of resources in the final period 7" must either be zero (if fully

extracted) or economically unrecoverable.

The Kuhn-Tucker theorem provides the necessary conditions for optimality. These include the

following first-order condition for production ¢;; for producing fields:

—=hF+ @Qit —Cit — Vit — Vit =0 (24)

This condition states that, for a producing field, the marginal revenue (price plus the price effect of
additional output) must equal the marginal cost of production, adjusted for the capacity and resource
constraints (represented by 1 and ;).

If non-empty field ¢ is not producing, we have:

JOL

<0 for t=1,...,T 25
9qit — (25)

The Lagrange multiplier v;; is associated with the capacity constraint, which ensures that production

does not exceed the field’s capacity k;:

L _
M

This constraint is binding for all non-marginal fields that are producing at full capacity. At most

Kit — it =0 (26)

one producing field can have a slack capacity constraint (i.e., not producing at full capacity) at any

point in time.
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The shadow price v;; reflects the value of the remaining resource in each field. Equation 27 implies
that for marginally producing fields (fields not facing binding capacity constraints), the marginal

revenue should increase at the rate of interest, as shown in Equation 28.

oL
= —vit + Bvitr1 =0 for t=1,...,T—1 (27)
OR;; ’
0P, 0P,
P+ =g — it = B(Piy1 + i1%’t+1 — Cit+1) (28)
0qit 0qit+1

This implies that the cartel is indifferent between extracting today or delaying extraction to future
periods for marginally producing fields. The shadow price of the resource grows at the rate of interest,
reflecting the increasing opportunity cost of delaying extraction.

At the end of the time horizon, the stock of resources in each field must either be depleted or

economically recoverable, represented by the following condition for the final period T"

oL
OR;

= —Yir +p; =0 (29)

This ensures that any remaining resources at the end of the horizon are valued appropriately and

extracted optimally.
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Table 6: First-stage Demand Estimation Results

Cost Shifter;

Controls

N
F-statistic

Dependent Variable: Prices (USD)

(1) (2) 3) (4)
19.65 19.64 7.94 5315
(4.23)  (4.09) (5.06)  (1.19)

v v v v

30 30 30 50
34.01 34.26 69.61 41.53

Notes: the First-Stage results of the estimation of Equation 13. In Column (1), GDP is the only control variable. In
Column (2), a dummy variable is added for each decade. In Column (3) and (4), I a polynomial time trend, and world
GDP. In the last Column, the time series starts already in 1970. All reported standard errors are computed correcting

for heteroskedasticity and autocorrelation using Newey-West, with a small sample correction, and rely on a 1 period lag

autocorrelation structure. The 1st stage Stock and Yogo F-statistic is reported.
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C Alternative specifications empirics

C.1 Demand

Table 7: Demand Estimation Results — Alternative Instrument

Dependent Variable: Quantities (mB)
U @ 6 1)
OLS v v v
Price -5.06  -51.41  -65.68 -68.57
(9.21) (12.45) (92.67)  (12.10)

Controls v v v v
2SLS v v v
N 30 30 30 50
F-statistic 25.10 63.60 39.67
Mean elasticity = -0.01 -0.12 -0.13 -0.15

Notes: The IV specification relies on the alternative cost shifter IV, which does not include operating expenses. 1
compute the shifter for a production level of 15 billion barrels, as described in Section 4. Controls in (1), (3), (4) include
a polynomial time trend, and world gdp. In Column (2), the time trend is replace by a dummy variable for each decade.
In the last Column, the time series starts already in 1970. All reported standard errors are computed correcting for
heteroskedasticity and autocorrelation using Newey-West, with a small sample correction, and rely on a 1 period lag

autocorrelation structure. The 1st stage Stock and Yogo F-statistic is reported.
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C.2 Internalization Parameter Estimates

Table 8: Robustness check internalization parameters: discount rates

(1) (2) (3)

Conduct () 017  0.21 0.16
(0.005)  (0.006)  (0.005)

N 30 30 30
Discount rate 0.95 0.93 0.97

Notes SMM estimation results, N= 30 for all estimations. Column (1) assumes a discount rate of 0.95, which is the
baseline specification. Column (2) displays the result for a discount rate of 0.93, while Column (3) shows the results for

a 0.97 discount rate.

Table 9: Robustness check internalization parameters: moment selection

1n (@ (3) (4)
Conduct (6y) 0.17 021  0.017  0.17
(0.005) (0.006)  (0.006)  (0.005)

N 30 30 30 30
Discount rate 0.95 0.95 0.95 0.95

Notes SMM estimation results, N= 30 for all estimations. Column(1) shows the baseline specification, where prices,
total output and fringe output are targeted moments. In Column (2) I target cartel market share as a moment, instead
of fringe quantity. In Column (3), I add squared fringe and total quantities to the main targeted moment. In Column

(4), I target the baseline moments, squared fringe and total quantities, and cartel market share.
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Table 10: Comparison of Profits in 2019: the Umbrella-Effect

Perfect Competition Cartelization % Change
Cartel Profits (in b$) 798 1,244 55%
Fringe Profits (in b$) 2,134 6,395 199%

Notes: The table compares cartel and fringe NPV profits before and after cartelization in 2019, expressed in billion USD.
Both the fringe, as well as the cartel gain from cartelization, known as the umbrella-effect. The first column shows profits

under perfect competition, the second column under an imperfect cartel, i.e. § = 0.17.

D Computational details

D.1 Algorithm Cartel-Fringe game

This section outlines the estimation algorithm. The outer loop searches over a predefined grid of
values. Within each iteration, an inner loop calculates the best responses for the cartel and fringe,

repeated annually to incorporate updated information.

1. Construct a predefined grid of potential values for @, denoted as § = 6',...,64. Begin by

selecting an initial value #° from this grid.

2. Given #°, initialize the information and expectation set for the first year, t = 1. Specify an
initial guess for the fringe production path Q% and the cartel production path Q%€ across all

subsequent time periods.

3. Based on the initial fringe production guess Q%/, solve the cartel’s optimization problem with
respect to excess demand using mixed integer programming, ensuring that Equation 3 holds for
the marginal field, following a similar approach as in Asker et al. (2023).3% The output includes

the cartel’s extraction path Q¢ and the associated equilibrium price path P1:<.

4. Using the cartel production path Q'¢, compute the competitive fringe’s response, as outlined in
Asker et al. (2023). This step yields the fringe’s output path @/ and price path P/,

5. Check if the resulting price paths satisfy |[P1/ — P1¢| < tol. If they do, proceed to the next step.

If not, update the quantity guesses moderately and return to step 3.

36 Alternatively, an artificial maximization problem formulation may be employed, as in Salant (1982).
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6. Update the information set for the following year, and repeat the steps from 2 onward for each

subsequent period through 1991-2019. Keep track of reserves.

7. After solving for all time periods in the sample, return to step 1, select the next value #+! from

the grid, and repeat the process.

Algorithm 1 Pseudocode of the Cartel-Fringe Game

Initialize guess < zeros(2,T)

Set iter < 1
Set crit < 10000
while iter < maxiter and crit > tol do
oldguess < guess
for n € {c, f} do
newguess[n| < arg maxg, Zthl 1L, (gn, guess_p)
end for
crit < ||newguess — guess||
JUESS < newquess
iter < iter + 1

end while
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E Additional Counterfactual

Figure 17: Cumulative emissions (GtC'O2) from the oil sector under different carbon tax regimes
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Notes: The cumulative emissions with under different carbon tax regimes, where the baseline is 7° = 50 USD. The

market is modelled as a cartel-fringe game, where § = 0.17. The annual increase of the carbon tax matters for emissions
in the long run.
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Table 11: Robustness checks: Optimal carbon tax

First Best

Imperfect Cartel

Perfect Cartel

Panel A: Increasingly elastic demand

T 190
Tax increase (%) 3
CS 3.523
PS fringe 0.058
PS cartel 0.123
Tax Revenue 3.670
Env Damage 3.670
Total Welfare 3.704

175
3.4

3.470
0.203
0.191
3.455
3.637

3.684

100
6.0

3.790
0.725
0.209
2.538
3.725

3.538

Notes: In this robustness check, the demand curve rotates, such that the slope of the demand becomes 5% more elastic
each year. The first column displays the optimal tax rates by assumption in a first-best setting, and the NPV welfare
distribution. The second column shows the case of an imperfect (6 = 0.17) cartel-fringe case. The third column shows
the optimal carbon tax when the cartel would operate fully effectively (6 = 1), and its implied welfare consequences.

The social cost of carbon is assumed to be 190 USD,and I assume that the marginal NPV of damage of carbon increases

3% yearly.

F Additional Figures
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Figure 6: Oil Reserves at Risk as a Share of GDP Under a 2°C Carbon Budget

0% 40% 80% 120% +200%

Notes: Stranded oil reserves by country when imposing a 2°C carbon budget as of 2019, as a percentage
of GDP. To compute this measure, I assume that oil is extracted according to marginal costs of the fields.
Oil is valued at 65 USD per barrel. Saudi-Arabia faces a risk of 65% of their GDP, while the Russia’s and
the US’ risk is 370% and 45% of their 2019 GDP respectively. In absolute terms (million barrels of oil),
Russia and the US are facing the largest risks. Only active fields are included. I assume that the share of

oil within the carbon budget remains identical.
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Figure 7: Yearly Cartel Internalization Parameter

Notes: Yearly implied conduct level with the estimates of Table 3, i.e. 6§ = 6y + 61 Demand Shift;. In
this figure, the changes in conduct are driven by demand shifts. A perfect cartel would imply that 6 = 1.

The dashed lines show the 95% confidence interval, computed from 50 bootstrap iterations.
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Figure 10: Oil Price and Marginal Cost Evolution (Saudi Arabia, US, Canada)
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Note: The thick line shows the yearly real oil price. The dashed lines indicate the 75th percentile of marginal cost of
production, the dotted line the 99th percentile of Saudi Arabia, US and Canada.
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Figure 11: Total Production and Total Costs 1990- 2019
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Notes: Yearly production (mB, left axis) and yearly overall production costs (USD, right axis) are shown for OPEC
and fringe countries. The production of both OPEC and non-OPEC countries are fairly stable throughout the years.
Production costs are much more volatile for non-OPEC countries than OPEC countries. Total production costs are

calculated by multiplying the marginal extraction costs with produced quantities, at the field-level.
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Figure 12: Percentage of reserves (%) at risk by country at a 2 degree carbon budget
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Notes: Stranded oil reserves (% of total reserves) by country when imposing a 2°C carbon budget as of 2019, and
extracting according to marginal costs of the fields. Saudi-Arabia only has 4.5% of reserves at risk, while 98% of US oil
reserves would be stranded. In absolute terms (million barrels of oil), Russia and the US are facing the largest risks.

Only active fields are included. I assume that the share of oil within the carbon budget remains identical.
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Figure 13: Yearly Demand Elasticity (1990-2019)
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Notes: Yearly implied demand elasticity with an estimated oil price coefficient of B = —48.84. Demand for oil remains

highly inelastic throughout the considered time period from 1990 -2019. The 95% confidence interval is given by the
dashed lines, as computed correcting for heteroskedasticity and autocorrelation using Newey-West, with a small sample

correction.
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Figure 14: Model fit key moments 1990 - 2019
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Notes:  Figure presents the key moments from the data and the model simulated at the estimated

parameter values. In the ”data” lines, I use the observed prices and quantities. In the ”simulated” lines,
I apply the time varying 6 = 6y + 61 Demand Shift; following the estimates of Table 3. The left hand
panel shows yearly oil prices. The right hand panel shows total extracted quantities (orange, Q:), and

total fringe quantities (teal, Q{) In the simulation, the final period T is set to 2150.

Figure 15: Yearly extraction oil barrels by the cartel (1990-2019)
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Notes: Yearly cartel quantity under different levels of conduct. The stronger the cartel effectiveness, the lower the

extracted quantities by the cartel. In reality, however, § = 0.17 captures the reality best.

73



Figure 16: Yearly oil prices (1990-2019)
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Notes: Yearly oil prices under different levels of conduct. The stronger the cartel effectiveness, the higher oil prices.
Note that in perfect competition, shocks seem to be more smoothed out, as compared to the case where § = 1. Despite

the relatively low internalization parameter, the influences on oil prices is important.
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