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This study introduces a novel quantitative method to assess 
the willingness to pay for emerging technologies, such as 
hydrogen, as substitutes for fossil fuels in industrial pro-
duction. A three-step framework is developed to derive the 
willingness-to-pay function based on industrial competition 
and market entry theory, relying exclusively on pre-entry 
market information. First, a system of equations is specified 
linking domestic consumption, production, and prices to 
fossil input prices, which proxy marginal production costs. 
Second, the market equilibrium parameters required for 
numerical willingness-to-pay estimation are empirically 
estimated using industry-level data. Third, an industrial 

competition model incorporating entry by producers adopt-
ing new technology is constructed, allowing willingness to 
pay to be expressed as a function of conventional input 
costs, operational efficiency, and demand conditions. The 
framework is applied to hydrogen use in ammonia produc-
tion, using consumption and trade data from 2000–24 for 
16 major fertilizer-producing countries across four regions. 
The results highlight substantial cross-country heterogeneity, 
a binding hydrogen price threshold for large-scale adoption, 
and the limited effectiveness of carbon policies in acceler-
ating hydrogen uptake.
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1 Introduction

Global economies are undergoing a profound transformation as industries adapt to techno-

logical change and intensifying climate constraints. Geopolitical tensions, resource supply

uncertainties, and mounting environmental pressures challenge continued reliance on fossil

fuels and accelerate interest in alternative feedstocks and production technologies (Philib-

ert, 2017; International Energy Agency, 2021; International Renewable Energy Agency,

2023; Sachs et al., 2022). Yet, while incumbent producers face energy price volatility and

tightening regulatory constraints, prospective adopters of new technologies confront unre-

solved questions regarding affordability, competitiveness, and infrastructure requirements.

As a result, debates over the economic rationale for adopting emerging technologies per-

sist, particularly given the nascent state of these markets and the resulting uncertainty

surrounding long-run profitability and market viability.

The present study aims to address a central methodological gap in this debate by

developing an explicitly market-based, industry-structure-driven approach to estimating

willingness to pay (WTP) for emerging production technologies. It derives long-run WTP

as a function of downstream demand conditions, the marginal costs of incumbent domestic

and international competitors, and key competition parameters. The resulting WTP

estimates are central to investment decisions, entry and exit dynamics, and the pace of

technological diffusion (Tonelli et al., 2023; Rosa and Gabrielli, 2023). By grounding

WTP in observable market fundamentals rather than ad hoc assumptions, the framework

provides a transparent basis for assessing when and where new technologies can become

commercially viable.

Building on theoretical foundations from industrial organization and international

trade, the paper integrates competition, technological substitution, and demand charac-

teristics into a unified entry framework for new technologies (Markusen and Venables,

1998; Melitz, 2008; Chavas et al., 2020; Peneder and Unterlass, 2024). The model syn-

thesizes three strands of literature: (i) entry and strategic interaction in industries with

asymmetric marginal costs (Fudenberg and Tirole, 1985; Hall and Khan, 2003; Ellison

and Ellison, 2011; Gaudin, 2025); (ii) markup variation and cost heterogeneity (Shapiro

and Walker, 2018; Markusen and Venables, 1998; Melitz and Ottaviano, 2008); and (iii)

demand elasticity and inter-input substitution (Pindyck, 1979; Jones, 1995; Steinbuks,

2012). The objective is to capture core industry dynamics while remaining sufficiently

parsimonious to allow implementation with limited but realistic data.

To illustrate the empirical relevance of the approach, the framework is applied to

hydrogen adoption in the ammonia industry, a hard-to-abate sector with well-defined

global trade linkages. Using production, consumption, and trade data for fifteen major

economies, the empirical analysis extends existing work on ammonia decarbonization by

explicitly incorporating market structure, trade exposure, and competitive positioning

(Burrell, 1989; Roberts and Schlenker, 2013; Vogl et al., 2018; Armijo and Philibert,

2020). The analysis examines how a country’s role as a net importer or exporter, along
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with its degree of market concentration, shapes WTP for clean hydrogen and thereby

influences the scale and timing of adoption.

Based on estimated WTP functions, the paper conducts numerical simulations to

assess how market conditions and policy interventions, such as carbon pricing, affect

hydrogen uptake. Across all markets, widespread hydrogen off-take requires hydrogen

prices to fall into the $2–$3/kg range, broadly consistent with recent policy benchmarks

and techno-economic assessments. At higher prices, adoption remains limited and highly

localized: for example, at $3/kg, hydrogen-based ammonia production could reach on

the order of 200,000 tons annually in Europe and roughly 50,000 tons in North America,

while remaining negligible in regions with abundant low-cost natural gas. Sensitivity

analysis further indicates that fossil fuel price trajectories dominate carbon pricing in

shaping WTP: a 50% increase in natural gas prices produces substantially larger upward

shifts in hydrogen demand than plausible increases in carbon prices, even in regions with

established emissions trading systems. These results underscore the central role of market

structure, input cost differentials, and demand conditions in determining when and where

clean hydrogen technologies can become commercially viable, and clarify when regulatory

incentives are sufficient to induce entry and when adverse market conditions may delay

adoption despite favorable technology costs (Stoneman and Diederen, 1994; McKibbin

and Wilcoxen, 2002; Epstein and Roy, 2003).

The paper contributes to several strands of existing research. First, it complements

the literature on technology adoption and innovation by emphasizing the role of product-

market competition and demand conditions, which are often abstracted from applied en-

ergy studies (Aghion et al., 2001; Gilbert, 2006; Akcigit and Kerr, 2018; Jo and Kim, 2024).

Second, it contributes to the emerging economic literature on hydrogen adoption. While

existing studies predominantly assess hydrogen competitiveness using techno-economic

models that estimate levelized production costs or evaluate policy-driven deployment sce-

narios (e.g., Egerer et al., 2024; Mingolla and Rosa, 2025; Smith and Torrente-Murciano,

2025; Chyong et al., 2025), this paper derives the demand-side WTP directly from in-

dustry equilibrium conditions and observed market fundamentals, embedding hydrogen

adoption within a realistic competitive environment. Third, it relates to work on market

structure, trade exposure, and carbon leakage by highlighting how global competition

and demand elasticity mediate the effectiveness of environmental policy (Sutton, 1991;

Schmalensee, 1992). More broadly, the framework is readily extendable to other hard-to-

abate sectors, including steel, chemicals, and shipping, where similar competitive forces

shape adoption incentives.

The remainder of the paper is organized as follows. Section 2 introduces the modeling

framework and derives the WTP function. Section 3 presents the data, background on

the ammonia industry, and empirical strategy. Section 4 reports the estimation results

and simulation outcomes. The conclusion discusses policy implications, limitations, and

directions for future research.
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2 Analytical approach to WTP analysis

In this section, we develop the framework for the quantitative willingness-to-pay analysis

of a new technology leveraging pre-entry industry and market information. Formally,

WTP is defined as the maximum price a firm is willing to pay for the use of a technology.

In a cost-minimizing, profit-maximizing setting, this maximum price corresponds to a

marginal-cost threshold, i.e., the highest input cost at which adopting the new technol-

ogy yields non-negative profits relative to the incumbent technology. This interpretation

follows the industrial and energy economics modeling, where the value of an input, fuel

switch, or abatement option is measured by the shadow price or avoided marginal cost of

the displaced technology (Bushnell et al., 2008; Kneebone and Fattouh, 2023; Zheng et al.,

2026). Accordingly, in the case of hydrogen, we define the WTP of industrial buyers as

the marginal cost mcH2(qH2), at which using qH2 quantity of hydrogen to produce output

Q yields a non-negative profit.

We consider the technology adopter as an entrant in an oligopolistic industry rep-

resented by profit-maximizing firms, i ∈ N , with asymmetric marginal costs, mci(Q),

competing to satisfy market demand. Without loss of generality, we assume that both

costs and demand functions are piecewise linear. Referring to previous studies of the

ammonia industry, we use a Cournot competition model in which industrial producers

optimize their quantities and invest in capacities, accordingly.1 While our empirical spec-

ification relies on this assumption, it can be adapted to reflect other strategic interaction

behaviors, for instance, a differentiated Bertrand competition, without altering the fun-

damental structure of our framework (see Appendix A).

Importantly, our model rests on three other critical assumptions:

Assumption 1: Industrial technologies, established and emerging, are character-

ized by the Leontief production function, with input-to-output efficiency γ and the

governing (scarce) input, such as fossil fuels or hydrogen, denoted f2:

Q = min

[
qf
γf

,
qother
γother

, ...

]
≡

qf
γf

, f ∈ {.., H2, ..}. (1)

Assumption 2: All input factor prices, including the price of hydrogen, are exoge-

nous and not affected by the level of consumption by the given industry,

Assumption 3: Information is symmetric, namely the aggregate market outcomes,

i.e., industrial output prices and total market consumption, are commonly observed

by all market participants, including the prospective adopters of the new technology.

1The assumption of Cournot competition in the ammonia market is supported by empirical and
theoretical studies, including Chavas et al (2020), Yuan (2019), Vogl (2018), and Burrel (1989).

2For details underpinning the quasi-fixed input proportions assumptions for ammonia industry, see
Levi and Cullen (2018) and CRS (2022). For a more general discussion on the Leontief function applicable
to our analysis, see Nakamura (1990) and Griffin et al. (1987).
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The first assumption allows us to establish the relationship between input and output

quantities; for example, to calculate the amount of hydrogen required for a given output

level: qH2 = Q · γH2 . The second assumption becomes necessary in empirical analysis

settings, whereas input prices that drive marginal costs and their variation are observable

at the market level. The last assumption is adopted to facilitate structural inference using

aggregate market data. Positing common knowledge allows the analysis to abstract from

informational frictions and learning dynamics (beyond the scope of this paper), focusing

instead on cost heterogeneity, competition, and demand conditions as the primary drivers

of entry and technology adoption.

Using these assumptions, we present our approach through the three steps:

I. Solve for the pre-entry market equilibrium, expressing the market price and expected

consumption as functions of firms’ marginal costs,

II. Use the derived functions and pre-entry industry information to estimate the de-

mand, competition, and other necessary parameters,

III. Formulate the WTP, based on the entry conditions and post-entry market equilib-

rium, and use parameters estimated in step II to quantify the WTP.

To illustrate the approach and develop intuition, we consider a simplified duopoly case

before turning to the generalized industry model.

2.1 Stylized duopoly case

Following the outlined steps, we begin by modeling the pre-entry Cournot competition

for N = 2. For the linear inverse demand function P (Q) = α − β · Q, we formulate the

duopolist’s profit maximization problem as:

max
qi

Πi = qi · (P (Q)−mci) = qi · (α− β · (q1 + q2)−mci) , i ∈ 1, 2. (2)

Solving the system of first-order conditions, we derive the pre-entry market price and

consumption:

Qpre(mc1,mc2) =
2α−mc1 −mc2

3β
=

N(α− m̄c)

(N + 1)β
(3)

P pre(mc1,mc2) =
α+mc1 +mc2

3
=

α+N · m̄c

(N + 1)
(4)

Hence, the equilibrium, determined by (3) and (4), can be defined either in terms of

individual firm marginal costs or through the industry average marginal cost, m̄c =
mc1+mc2

2 , with the choice depending on data availability, as discussed in the next section.3

3In the Appendix, we also present stylized model results for a capacity-constrained case, illustrating
how the market equilibrium and the corresponding functional form of the model change in this setting.
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In the second step, we estimate the demand parameters, α and β, along with the

number of firms, N , which captures competitive pressure and is essential for quantifying

WTP. Since there are three unknown parameters, we require a system of at least three

equations. When market consumption data and individual firms’ marginal costs are avail-

able, estimating the three coefficients of function (3), the intercept and the two marginal

cost coefficients, provides sufficient equalities to identify these parameters. However, given

that firm-level marginal cost data are often sparse, an approach based on industry average

costs may be preferable. In this case, both functions (3) and (4) need to be estimated to

recover the parameters.

Formally, we specify regression equations for market price and consumption, using

industry average cost data as:

Qpre = cq0 + cq1 · m̄c+ ϵq (5)

P pre = cp0 + cp1 · m̄c+ ϵp (6)

The above identification relies on exogenous variation in m̄c, primarily driven by global

natural gas price shocks. Ammonia production accounts for less than 2% of global natural

gas consumption, so fluctuations in ammonia output are unlikely to influence input prices.

Consequently, variation in m̄c reflects external energy market shocks rather than endoge-

nous responses to ammonia demand. Evidence supporting this assumption is discussed

in the following section.

The coefficients in equations (5) and (6) form a system that enables identification of

the required parameters:
cq0 =

Nα
(N+1)·β

cq1 = − N
(N+1)β

cp1 =
N

(N+1)

⇒


α = − cq0

cq1

β = − cp1
cq1

N =
cp1

1−cp1

(7)

With these estimated parameters, we proceed to the third step, deriving the WTP

expression. Specifically, we formulate and solve the profit maximization problem for the

new technology adopter:

max
qH2

ΠH2 = qH2 (α− β · (q1 + q2 + qH2)−mcH2) . (8)

We obtain the entrant’s optimal output by solving the updated system of first-order

conditions:

QH2(mc1,mc2,mcH2) =
α+mc1 +mc2 − 3mcH2

4β
=

(α+N · m̄c− (N + 1)mcH2)

(N + 2)β
(9)

Under Assumption 1, the resulting WTP reflects the entrant’s production scale, demon-

strating that a higher level of production or more intensive use of the technology reduces
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the costs necessary to remain competitive:

qH2(m̄c,mcH2) =
γH2 · (α+N · m̄c)

(N + 2)β
− γH2 · (N + 1)

(N + 2)β
·mcH2 (10)

WTP : mcH2 =
(α+N · m̄c)

(N + 1)
− qH2 ·

(N + 2)β

γH2(N + 1)
(11)

Furthermore, inspection of expression (11) reveals that the intercept is equivalent to P pre

and that, as the number of incumbents increases, the approximation error of the linearized

WTP expression declines. For N >> 5, the approximation error drops below 15% (see

Appendix for an illustration of how the error term decreases with N), so we rewrite:

mcH2 ≃ P pre(m̄c)− qH2 ·
β

γH2

(12)

While the WTP is expressed in terms of the marginal costs industrial producers are

willing to bear to deploy the new technology, in the case of hydrogen, expressing WTP

directly in terms of input price pH2 may prove more practical (Vinardell et al., 2023).

Defining the marginal costs by the quantity of input used and a cost scale parameter

η, we account for non-technical cost components such as transportation fees (η > 1) or

subsidies (0¡η < 1), the WTP expression can be modified accordingly:

for mcH2 = η · pH2 · γH2 ⇐⇒ (13)

pH2 =
P pre(m̄c)

η · γH2

− qH2 ·
β

η(γH2)
2

(14)

≃ cp0 + cp1 · m̄c

η · γH2

+ qH2 ·
cp1

cq1 · η · (γH2)
2

(15)

The WTP expression given by (14) explains the necessity of the parameter estimations

outlined in Step II . By replacing P pre(m̄c) and the demand slope parameter with the

estimated pre-entry equilibrium price and quantity relationships from equations (7), we

obtain equation (15). This final expression enables quantification of the WTP under any

given market conditions and provides rich intuition about new technology deployment

and the influence of market factors. Notably, given our regression specifications, whereas

cQ1 < 0, scaling up the technology requires reducing marginal costs, or equivalently, the

price of hydrogen. This cost-reduction pressure intensifies in more competitive markets,

i.e., where the number of firms N , and thus the coefficient cP1 , are larger.

On the other hand, as expected, increases in the costs of incumbent technologies lead

to an upward shift in the WTP. For instance, rising fossil fuel prices drive marginal costs

as m̄c = ηf ·pf ·γf and producers may also face carbon emission, e, penalties linked to the

carbon price pCO2 · e. Similarly, improvements in conversion efficiency γ and reductions

in associated (e.g., with infrastructure costs) η can elevate the WTP.

Finally, market growth or increases in the maximum willingness to pay for the indus-

trial product, captured by cp0 = α/(N + 1), represent additional incentives for adoption.
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Expression (15) implies that even with very low competitors’ costs m̄c → 0, adoption

may occur if the market is sufficiently large to accommodate an additional producer.

Moreover, when the market size or consumer willingness to pay α is sufficiently high,

both established and new technologies can coexist. This is evident from the market share

expressions and the conditions under which the share approaches unity:

sH2 =
QH2

Q
=

1

N + 1
+

(N + 2)(m̄c−mcH2)

(N + 1)(α− m̄c)
(16)

if N +M >> 5 and mcH2 → 0, then sH2 → 1 ⇐⇒ m̄c → α

2

In sum, while simple, the presented model effectively demonstrates how the WTP can

be estimated and how the derived results facilitate systematic analysis of the effects of

market conditions and policy instruments on technology adoption. Having outlined this

methodology, we now proceed to present a generalized model that accommodates more

complex market environments.

2.2 Generalized model

I. Pre-entry industry dynamics In the generalized case, we model Cournot compe-

tition among N domestic producers from the home country (denoted h) and M foreign

competitors from the rest of the world (denoted w). As in the baseline specification, we

keep a (piecewise) linear inverse demand function for both the home and foreign markets,

but allow for differentiation to capture factors such as supply security risks or contractual

rigidities:

P h = αh − βhh
∑

n∈N Qhh
n − βwh

∑
m∈M Qwh

m (17)

Marketed production and other attributes are indexed, using the first subscript for the

country of production and the second for the market served: for example, Qm
wh - represents

the output of foreign firm m sold in the home country market.

Following the steps detailed in the previous subsection, we formulate profit-maximization

problems for all market suppliers as:

max
Qhh
n

Πh
n = Qhh

n ·
(
P h({Qhh

n }n, {Qwh
m }m)−mchn

)
(18)

max
Qwh
m

Πw
m = Qwh

m ·
(
P h({Qhh

n }n, {Qwh
m }m)−mcwm

)
(19)

To avoid cumbersome notation, we assume that marginal costs are specified to include

both capital servicing costs, such as interest and depreciation, and variable costs. The

first-order conditions are then derived and solved, giving the Cournot-Nash equilibrium
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as before, in terms of the industry average marginal costs:

m̄ch =

∑
nmchn
N

, m̄cw =

∑
mmcwm
M

Separating the effect of a change in domestic versus the rest of the world marginal

costs, we write down the market price and consumption:

P h−pre =
αh +N · m̄ch +M · m̄cw

(N +M + 1)
(20)

Qh−pre =
∑
n

Qhh
n +

∑
m

Qwh
m =

(Nβhh +Mβwh)αh

(N +M + 1)βhhβwh
− N · [βhh(N + 1)− βwhN ]

(N +M + 1)βhhβwh
· m̄ch

− M · [βhhM − βwh(M + 1)]

(N +M + 1)βhhβwh
· m̄cw (21)

Next, we proceed to show how all parameters needed to quantify the WTP function can

be estimated from pre-entry industry information.

II. Estimating pre-entry parameters The generalized model may require a reformu-

lation of the empirical price and quantity equations, depending on the specific pre-entry

market assumptions. For the equilibrium defined by equations (20) and (21), we specify

corresponding regression models:

P h−pre = ch,p0 + ch,p1 · m̄ch + ch,p2 · m̄cw (+Ih · ch,p3 · phCO2
) + εh,p (22)

Qh−pre = ch,q0 + ch,q1 · m̄ch + ch,q2 · m̄cw (+Ih · ch,q3 · phCO2
) + εh,q (23)

Note that the baseline specifications can be extended to incorporate a carbon-emission

related penalty, pCO2 , which can be viewed as the demand shifter. We introduce an

indicator variable Ih = 1 for countries with carbon emission regulations, and assign Ih = 0,

otherwise.

Estimating the coefficients {cpi , c
q
j} allows us to validate the assumed functional forms

and competitive behavior, while simultaneously deriving parameters essential for the

WTP analysis:

ch,p0 = αh

(M+N+1)

ch,p1 = N
(N+M+1)

ch,p2 = M
(N+M+1)

ch,q1 = −N ·[βhh(N+1)−βwhN ]
(N+M+1)βhhβwh

ch,q2 = −M ·[βhhM−βwh(M+1)]
(N+M+1)βhhβwh

⇒



αh =
ch,p0

1−(ch,p1 +ch,p2 )

βhh =
ch,p1 ·ch,p2

ch,p1 ·ch,q2 −ch,p2 (ch,p2 ·ch,q1 −ch,p1 ·ch,q2 )

βwh = ...

N = ...

M = ...

(24)

Note that we utilize only five out of the six equations stemming from the regression

estimations, selecting those that allow for a more tractable solution form. However,
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depending on the specifications of (22) and (23), the model complexity may increase,

requiring the use of all the equations.

III. Entry and the WTP With the pre-entry market equilibrium parameters esti-

mated, the third step of our approach is modeling the behavior of a potential adopter of

the new technology and the associated willingness to pay (WTP) for hydrogen. Note that

questions related to the production and cost formation of hydrogen itself lie outside the

scope of this study. Instead, we focus on the scale at which an entrant would be willing to

deploy hydrogen-based technology for a given, exogenously specified hydrogen price, pH2 .

In this setting, we consider the entry of a hydrogen-using producer whose marginal cost

of industrial output is given by equation (13). Then, the WTP characterizes the range

of acceptable hydrogen prices or the cost of hydrogen deployment in production and the

corresponding volumes of hydrogen that the entrant would be willing to purchase.

In the absence of clear evidence on the feasibility of hydrogen-based product differen-

tiation, we specify the updated demand function under the assumption that the entrant

is located in the home country:

P h = αh − βhh(
∑
n∈N

Qhh
n +Qhh

H2
)− βwh

∑
m∈M

Qwh
m (25)

Deviations from βhh or the effects of product differentiation can be further explored via

comparative statics or sensitivity exercises, as suggested by Sacco and Schmutzler (2011).

Analyzing the effect of entry, we formulate the entrant’s profit maximization and

derive the optimal output as a function of own and average industry marginal costs, as

well as the identified market parameters:

max
Qhh
H2

ΠH2 = Qhh
H2

·
(
P h

(
{Qhh

n }n, {Qwh
m }m, Qhh

H2

)
−mchH2

)
(26)

Qhh
H2

(
m̄ch, m̄cw,mchH2

)
=

αh +M · m̄cw +N · m̄ch − (N +M + 1) ·mchH2

(N +M + 2)βhh
(27)

Then, using the production function, namely the relation between hydrogen input and

the volume of output, and pre-entry price expression (20), we arrive at the willingness-

to-pay for hydrogen in the industrial production by the entrant:

WTP : mchH2
=

αh +M · m̄cw +N · m̄ch

(N +M + 1)
− qH2

γH2
· (N +M + 2)βhh

(N +M + 1)
(28)

≃ P h−pre(m̄ch, m̄cw)− qH2

γhH2

· βhh (29)

≃ ch,p0 + ch,p1 · m̄ch + ch,ph2 · m̄cw − qH2

γhH2

· cp1 · c
h,p
2

ch,p1 · ch,q2 − ch,p2 (ch,p2 · ch,q1 − ch,p1 · ch,q2 )
(30)

Hence, we obtain an expression for the WTP, similar to the ones derived from the stylized

model. Assuming (N+M+2)/(N+M+1) → 1, we simplify the expression, revealing how
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the slope of WTP is driven by efficiency γH2 and demand parameter βhh. In countries

with highly concentrated markets, where the number of players is small, a correction

should be made to the formula in (30) and sensitivity tests should be run on the number

of potential entrants.

The resulting WTP expression is suitable for numerical implementation and can be

adapted to the available data that characterize pre-entry industrial market dynamics.

In the next section, we show how marginal costs can be approximated from fossil fuel

prices and, in combination with output prices and consumption data, used to calibrate

the hydrogen WTP function.

3 Background for empirical analysis

To apply the analytical model developed in the previous section to real-world willingness

to pay analysis requires the empirical data, allowing to: (i) verify an oligopolistic market

structure, for example through sizable mark-ups as an indicator of market power; (ii)

represent marginal costs as a key driver of output prices; and (iii) estimate industrial

prices together with the demand slope parameter βhh. This section describes the dataset

assembled to meet these requirements and outlines the econometric procedure used to

estimate the WTP parameters for the ammonia industry.

Ammonia is a core component of mineral fertilizers, typically synthesized from nitro-

gen extracted from air and hydrogen mainly derived from natural gas reforming, with the

chemical formula NH3. Ammonia production is highly energy- and hydrogen-intensive,

accounting for approximately 2% of global energy consumption and generating nearly

450 million tons of CO2 annually. The industry is dominated by natural gas-based steam

methane reforming (SMR) technology, which, despite improvements in efficiency, con-

tinues to produce substantial carbon emissions (Worrell and Blok (1994); Rafiqul et al.

(2005); Tun̊a et al. (2013); Levi and Cullen (2018); Liu et al. (2020)). So, growing envi-

ronmental pressures have prompted the exploration of alternative technologies. Hydrogen

derived from non-fossil resources has emerged as the most environmentally preferable and

technically feasible solution to reduce fossil fuel dependency (Boerner (2020)). Given that

fertilizer production is critical to global food supply, assessing whether hydrogen-based

technology can meet growing ammonia demand in an economically sustainable way makes

the WTP analysis both imperative and a useful practical application (Ma et al. (2023)).

3.1 Data

To support the analysis, we use multiple sources to compile a panel dataset covering the

period. Our sample focuses on major ammonia-producing and -consuming countries and

includes 15 economies grouped into four regions: North America (NAM), South America

(SAM), Europe (EU), and Asia–Pacific and Middle East (APME). By including China,

which alone accounts for roughly 30% of global ammonia output, together with India, the

10



Russian Federation, Saudi Arabia, and Japan, we account for close to 60% of the world

production. Adding Argentina, Brazil, Belgium, France, Germany, Italy, Poland, Spain,

the United Kingdom, Canada, Mexico, and the United States raises the total coverage to

almost 75% of the current global ammonia consumption.

For each country, we include the variables allowing to estimate the willingness-to-pay

parameters, as summarized in Table 1.

Table 1: Data and sources used in the ammonia industry analysis.

Variable Notation [Units] Data sources

National ammonia prices Ph
t [

USD
ton ] UN Comtrade, UN FAO

Installed capacity Kh
t [106ton]∗ GlobalData

Domestic production Y h
t [106ton] UN Comtrade, UN FAO

Total export Qh,X
t [106ton] UN Comtrade, UN FAO

Total import Qh,M
t [106ton] UN Comtrade, UN FAO

Consumption Qh
t [106ton] = Y h

t −Qh,EX
t +Qh,IM

t

Natural gas prices phng,t [
USD

MMBtu ] BP Energy Institute, IEA, U.S. EIA, WB

CO2 prices phCO2,t
[USD

ton ] Eurostat

GDP per capita
GDPh

t

Poph
t

[USD] IMF Statistics

Output efficiency γH2 ∈[200, 300] kg H2

NH3 ton Ghavam et al. (2021), Saygin et al. (2023)

Next, we review these data and discuss how they are used to validate the modeling

assumptions and to underpin the empirical WTP estimations presented in Section 4.

3.2 Industry analysis

Analyzing the ammonia industry provides a natural empirical foundation for the mod-

eling assumptions introduced in Section 2. In particular, the technological rigidity of

ammonia production, the scale of input markets relative to fertilizer demand, the trans-

parency of market outcomes, and evidence of persistent, regionally heterogeneous markups

inconsistent with price-taking behavior jointly support key assumptions underlying the

willingness-to-pay framework.

Both engineering evidence and industry practice well support assumption 1 (Leontief

production technology). A growing body of life-cycle assessment (LCA) and techno-

economic research demonstrates that ammonia output is tightly linked to natural gas

consumption and can be well captured by a Leontief-type production structure (Saygin

et al. (2023); Chavas et al. (2020); Mingolla and Rosa (2025); Tonelli et al. (2024)).

Material-flow analyses and feedstock conversion studies further confirm a stable relation

between (natural gas-derived or non-fossil-based) hydrogen and ammonia output (Levi

and Cullen (2018)), which we summarize as:

Qt ≃ qng,t/γng,t (31)
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Furthermore, historical data and macro-level statistics indicate gradual improvements

in production efficiency, with estimated technological progress on the order of 2%-3%

per year (Worrell and Blok (1994); Rafiqul et al. (2005); Tun̊a et al. (2013); Levi and

Cullen (2018); Liu et al. (2020)). While a detailed engineering-level assessment is beyond

the scope of this study, we incorporate efficiency variation by assigning each country a

normalized conversion parameter, γngt , which evolves with changes in installed capacity,

K:

γhng,t = γhng,t−1 ·max

[
1,

Kh
t−1

Kh
t

]
+ (1 + i) · γhng,t−1 ·

max[0,Kh
t −Kh

t−1]

Kh
t

(32)

Assumption 2 (exogenous input prices) is also well justified in the context of ammonia

production. Natural gas markets are large, diversified, and driven primarily by demand

from power generation, residential heating, and broad industrial use. Fertilizer production

accounts for only a small share of total natural gas consumption in all regions considered

in this study. As a result, shocks to ammonia demand—whether from domestic con-

sumption or trade—are unlikely to exert a material influence on economy-wide natural

gas prices, particularly at an annual frequency. This scale separation implies that the

reverse-causality channel, whereby ammonia output would feed back into gas prices, is

quantitatively negligible for the purposes of long-run market analysis.

Fertilizer use and agricultural economics literature emphasizes that ammonia demand

and prices are strongly linked to macroeconomic fundamentals, particularly population

growth and income levels (Chavas et al. (2020); Our World in Data (2023); McArthur

and McCord (2014)). Recognizing that common macroeconomic or policy shocks may si-

multaneously affect both energy prices and fertilizer demand, the empirical specifications

explicitly include GDP per capita,
GDPh

t

Popht
, as a control variable in our empirical model.

GDP per capita captures broad demand-side conditions that influence fertilizer use while

also proxying for unobserved economic factors correlated with energy prices (Figure 1).

To the extent that residual endogeneity may remain, it is addressed through extensive ro-

bustness and sensitivity analyses in later sections. Importantly, the primary contribution

of the paper is methodological—demonstrating how willingness-to-pay can be structurally

recovered from pre-entry market information—rather than causal identification of short-

run price elasticities. The maintained exogeneity of input prices, therefore, represents a

disciplined and empirically defensible approximation rather than a restrictive behavioral

claim.

Further analysis reveals that in countries with relatively slow changes in GDP per

capita, including EU member states, deviations from the baseline price–consumption re-

lationship may be driven by policy interventions. In the EU, the adoption of decarboniza-

tion targets and the introduction of carbon pricing in 2005 through the EU Emissions

Trading System (EU ETS) have increased cost pressures on the agricultural sector and

contributed to a negative shift in fossil-derived fertilizer use. To capture that effect, we
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Figure 1: Historical ammonia production and consumption dynamics.

include the regional carbon price, pCO2 , as an additional demand shifter.

Collecting these modeling considerations, we express the pre-entry equilibrium price

and quantity as functions of regional demand shifters, policy variables, domestic and

foreign marginal costs, and capacity:

P h−pre = F h

(
GDP h

t

Popht
, phCO2,t, p

h-eff
ng,t , p

w-eff
ng,t ,K

h

)
(33)

Qh−pre = Gh

(
GDP ht

Popht
, phCO2,t, p

h-eff
ng,t , p

w-eff
ng,t ,K

h

)
(34)

Assumption 3 (symmetric information) is particularly appropriate for the ammonia

industry. Production volumes, trade flows, capacity additions, and benchmark prices

are extensively documented and publicly available through international statistical agen-

cies, industry reports, and commodity exchanges. The same data sources used in this

study—covering national production, trade, prices, and capacity—are readily accessible

to market participants at very low cost. Given this high degree of market transparency, it

is reasonable to assume that aggregate market outcomes, such as total consumption and

prevailing prices, are commonly observed by incumbents and prospective entrants alike.

Finally, we specify the marginal cost function to analyze industry mark-ups and vali-

date the oligopolistic competition assumption. In the absence of firm-level marginal-cost

data, we refer to established approaches and empirical evidence from IEA, OECD, and
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Figure 2: Changes in the net trade of ammonia products over time.

USDA/ERS, indicating that 70%–85% of ammonia production costs stem from natural

gas and that ammonia prices are strongly cointegrated with regional natural gas prices,

with long-run elasticities close to the gas cost share. Therefore, we model the marginal

cost as a linear function of an efficiency-adjusted regional hub natural gas price:

m̄cht = ch0 + ch1 · ph-efft , where ph-efft = phng,t · γhng,t (35)

The parameters of the cost function (35) capture other non-energy operating costs,

such as labor, minor raw material shares, and facility costs, as well as the degree of cost

pass-through from fuel prices, conditional on efficiency and technology (Huang, 2007; IEA,

2021).

Although regional hub prices serve as robust proxies for domestic marginal costs,

ammonia is extensively traded and many countries rely on imported volumes. Examina-

tion of trade patterns reveals that comparative feedstock cost advantages strongly shape

inter-regional ammonia flows (Figure 2). To account for external competitive pressure,

we construct a variable representing exporters’ marginal costs, m̄cwt (p
w
ng,t), using volume-

weighted natural-gas prices in major supplying regions. This variable enters our empirical

price and consumption equations as a measure of international competition faced by do-

mestic producers.

Consistent with the Cournot framework, marginal costs, approximated by regional

natural gas prices, emerge as the primary driver of ammonia price dynamics (Figure 3).

Apart from that, the joint evolution of output and input prices suggests that shifts in

demand and changes in market structure introduce additional fluctuations and noise into

the direct price–cost relationship.

Turning to markup analysis, we follow the empirical industrial organization literature

14



Figure 3: Historical ammonia and natural gas price dynamics.

(Hall, 1988; Levinsohn, 1993; Domowitz et al., 1988; Waldmann, 1991; Corhay et al., 2020)

and compute the Lerner index (the relative price markup over marginal cost) as a practical

indicator of oligopoly power. The resulting regional markups and their responses to

increases in natural gas prices provide evidence of persistent pricing strategies (Figure 4),

which supports our assumption of oligopolistic competition in the ammonia industry

and is consistent with recent industry assessments (Fischer et al. (2024); TSR (2023);

Mordor Intelligence (2023)). The considerable cross-country heterogeneity and temporal

variability in markups motivate a closer investigation of the demand-side dynamics of

ammonia markets.

3.3 Econometric procedure

The econometric objective is to recover the parameters of the long-run price and quantity

relationships embedded in the structural functions F h and Gh, which are then used to

construct willingness-to-pay (WTP) measures following equations (28-30) in Section 4. In

particular, our empirical strategy is designed to identify a statistically reliable long-run

ammonia price function and the domestic demand slope parameter governing equilibrium

behavior in each market. Given that the compiled dataset is limited to at most 25

annual observations per country over 2000–2024, with further reductions once shocks

and structural breaks are accounted for, conventional econometric methods can produce
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Figure 4: Estimated regional ammonia price markups dynamics.
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unreliable results. Moreover, in such cases, assumptions underlying standard unit-root,

cointegration, and ECM procedures can be violated, so inference may be sensitive to test

choice and sample window. Acknowledging the limitations, we complement estimations

with targeted robustness and sensitivity analyses rather than relying on a single canonical

specification.

Previous studies have documented strong co-movements between natural gas prices,

carbon prices, and macroeconomic indicators in energy and fertilizer markets, raising mul-

ticollinearity concerns in reduced-form ammonia price equations (Beckman and Riche,

2015; Etienne et al., 2016; Wongpiyabovorn and Hart, 2024). Consistent with this evi-

dence, our correlation matrices (Figure 5) show substantial collinearity among regressors

in many countries. To mitigate this, the empirical specification uses efficiency-adjusted

natural gas costs, ph-effng,t , rather than raw hub prices, which reduces collinearity for regional

energy prices and other variables. In specifications where high variance-inflation persists,

ridge regression is used as a regularized alternative to the conventional OLS method,

stabilizing coefficient estimates while preserving the linear structural form implied by the

Cournot model.

Figure 5: Correlation matrices for the key regression variables.

To select the appropriate regression framework, we test the dependent and explanatory

variables for unit roots, allowing for structural breaks, and cointegration. Stationarity is

assessed using ADF, KPSS, Hadri, and Zivot–Andrews tests, while cross-sectional depen-
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dence and non-stationarity in the regional panels are examined with CIPS-type tests. In

doing so, we follow established practice in energy demand and price pass-through stud-

ies, where non-stationary series and structural breaks are pervasive.4 Based on the test

results, we proceed according to the three cases summarized in Table 2.

Table 2: The choices for econometric approaches.

Case Time-series characteristics Regression Approach
1. Stationary OLS or Ridge regression
2. Non-stationary & cointegrated ECM regression
3. Non-stationary & non-cointegrated Regression on first differences

Thus, when all variables are stationary, we estimate long-run price and quantity equa-

tions using OLS or Ridge regression (Case 1). In the case of non-stationary but cointe-

grated variables, we use a long-run equation in levels and complement it with an Error

Correction Model (ECM) to capture short-run equilibrium adjustments (Case 2). Finally,

if neither stationarity nor cointegration can be reliably established, we apply a reduced-

form model in first differences, characterizing the market short-run dynamics (Case 3).5

Structural breaks complicate our testing and may lead to conflicting or inconclusive out-

comes, especially given the small size of our samples. Therefore, our model selection is

guided by both statistical evidence and the need to preserve economically interpretable

long-run relationships.

According to the literature on energy and macroeconomic development, breaks and

shifts in time series should be expected around the 2008–2009 global financial crisis and

the 2021-2022 global energy supply shock. We test for breaks in GDP, time trends, and

capacity utilization, kht = Qh
t /K

h
t , using Bai–Perron procedure detecting unknown break

dates in short panels and implemented in the Python package xtbreak (Ditzen, 2025).

The engineered capacity utilization variable captures trade exposure and the sensitivity

of domestic markets to global versus local natural gas conditions, improving the inter-

pretability of our results. The identified breaks, as short-panel structural-break methods

dictate, are then used to define estimation windows and guide robustness checks (Narayan

and Smyth, 1993; Apergis and Payne, 2012; Hirth, 2015).

Combining the above-presented arguments, for countries falling under Case 1, we

estimate the long-run market relationships:

P h-pre
t = ch,p0 + ch,p1 · GDP h

t

Popht
(+ch,p2 · phCO2,t) + ch,p3 · ph-effng,t + ch,p4 · pw-eff

ng,t + ϵh,pt (36)

To estimate the domestic demand slope parameter βhh, we use the equilibrium condition

4For applications in energy demand and price transmission, see e.g. recent surveys and empirical
studies using similar combinations of ADF/KPSS, break tests, and cointegration approaches (Ozturk,
2010; Payne, 2010; Apergis and Payne, 2010; Lean and Smyth, 2010).

5In this case, however, estimating the structural demand slope from ∆Ph-pre and ∆Qh-pre regressions
generally requires additional identifying assumptions, such as that the short-run elasticity coincides with
the long-run elasticity. Consequently, the WTP results for the corresponding markets should be interpreted
with caution.
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implied by the structural model:

P h-pre
t = ch,q0 + ch,q1 · GDP h

t

Popht
(+ch,q2 · phCO2,t) + ch,q3 ·Qhh

t + ch,q4 ·Qwh
t (37)

+ ch,q5 · pw-eff
ng,t · kht + ϵh,qt (38)

When cointegration is detected, we estimate ECM specifications in the standard form:

ECT h,p
t−1 = ϵh,pt−1 (39)

∆P h−pre
t = Ch,p

0 + Ch,p
1 ∆

GDP h
t

Popht
+ ...+ λECT h,p

t−1 + uh,pt (40)

P h-pre
t = Ch,q

0 + Ch,q
1 ∆

GDP h
t

Popht
+ ...+ λECT h,q

t−1 + uh,qt (41)

The differenced regressors depend on the outcome of the cointegration tests. Considering

the small size of our sample, we include only economically essential controls and evaluate

alternative transformations of GDP (levels, logs, growth rates) to ensure model stability.

While the country-level regressions yield directly interpretable long-run relationships,

they rely on short annual samples and, therefore, are vulnerable to small-sample dis-

tortions. To validate the country estimates and assess the robustness of equilibrium

pricing behavior, we also estimate regional panel regressions on stacked country–year ob-

servations. This panel approach exploits cross-country variation in income effects and

marginal cost pass-through while allowing for country-specific slope heterogeneity. This

avoids the restrictive pooling implicit in conventional fixed or random effects specifications

and preserves a structural interpretation of the marginal cost coefficients.

We adopt a specification in which each country h in region r is assigned own income

elasticity and cost sensitivities through interactions with country dummies:

P h
t = cr0 +

∑
h∈r

cr1hD
h · GDP h

t

popht
+

∑
h∈r

cr2hD
h · ph-efft · kht +

∑
h∈r

cr3hD
h · pw-eff

t · kht + ϵht (42)

For the EU, where carbon pricing is a central policy instrument, we include country-

specific carbon cost pass-through terms,
∑

h∈EU cEU
4h Dh ·phCO2,t, allowing for heterogeneity

in policy exposure and potential carbon-leakage.

Given the presence of common shocks, from global LNG and oil markets or envi-

ronmental regulations, and heteroskedasticity across countries, we complement our OLS

estimates with generalized least squares (GLS) estimations.6 We find that the standard

two-way fixed effects and random effects are not appropriate in our setting. The former

can absorb the variation in fuel costs and, thereby, weaken the identification of long-

run pass-through parameters, whereas the latter would impose slope homogeneity across

structurally different national markets. We also disregard Driscoll–Kraay corrections, use-

6For more detail see Driscoll and Kraay (1998) and Hansen (2000).
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ful for cross-sectional dependence, because their performance deteriorates in short panels

with pronounced structural breaks. As a result, for a robustness check on the OLS long-

run coefficients, we use feasible GLS (FGLS) model. We implement feasible GLS with

AR(1) terms using the GLSAR routine in python package statsmodels, estimating:

P h
t = βh ·Xh

t + ϵht , where ϵht = ch · ϵht−1 + uht (43)

Such a specification is numerically equivalent to estimating separate country regressions

within a unified stacked framework, improving numerical stability while retaining country-

specific structural slopes.

Stationarity and break diagnostics indicate that inference can be sensitive to test

choice and effective sample length, particularly around the 2008–2009 and 2020–2022

energy shocks. These features exacerbate small sample instability in ECM estimators,

affecting both the error-correction coefficient and long-run slopes. Consequently, we treat

ECM specifications as diagnostic and robustness tools rather than primary inputs into

the WTP calibration. Since WTP simulations depend mainly on long-run slope parame-

ters, our main results rely on level specifications interpreted as trend-stationary long-run

relationships, with FGLS used to assess robustness to alternative error structures.

4 Results

This section presents the empirical results in two steps. First, we estimate the pre-entry

price and quantity relationships that characterize equilibrium behavior in ammonia mar-

kets. These estimates recover the demand and competition parameters required to con-

struct the WTP function derived in Section 2. Second, we use the estimated parameters

to simulate hydrogen adoption thresholds under alternative market conditions, focusing

on the role of fossil fuel prices, carbon policies, and technological efficiency.

4.1 Pre-entry market analysis results

Table 3 reports the regional panel OLS and FGLS estimates (for country-level estimates,

see the Appendix). Despite the relatively short time dimension of the data, the pro-

posed specifications explain a substantial share of ammonia price variation, and the core

price–cost relationships are robust across estimators and regions. Domestic and foreign

efficiency-adjusted natural gas prices enter positively and significantly in most cases, con-

firming the pass-through of input costs into equilibrium ammonia prices.

The estimated coefficients imply substantial cost pass-through from natural gas to

ammonia prices across all regions, consistent with engineering evidence that natural gas

typically accounts for 70–85% of ammonia production costs. Consequently, fluctuations

in natural gas prices translate directly into variations in marginal production costs and

output prices, providing the primary source of identifying variation used to recover the

structural demand parameters underlying the WTP function.
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The estimated demand slope parameters characterize how equilibrium quantities re-

spond to price changes in each regional market. Regions with steeper demand (lower

demand elasticity) exhibit higher equilibrium markups and therefore higher potential

willingness-to-pay for alternative production technologies. Conversely, regions with more

elastic demand face stronger competitive pressure, which reduces the price premium that

producers can charge and lowers the corresponding WTP for hydrogen.

Table 3: Panel OLS and FGLS regression results by region.

region APME EU NAM SAM

model OLS FGLS OLS FGLS OLS FGLS OLS FGLS

column (1) (2) (3) (4) (5) (6) (7) (8)

Ph-pre ≃ Fh

(
GDPh

t

Popht
, pEU

CO2,t
, ph-effng,t , p

w-eff
ng,t , kh

)
Intercept -136.01∗∗∗ -165.20∗∗∗ -309.83∗∗∗ -317.10∗∗∗ -252.86∗∗∗ -253.77∗∗∗ -371.36∗∗∗ -390.94∗∗∗

GDP/pop 0.16 -0.26 -0.84 -1.01 2.95∗∗∗ 2.95∗∗ 8.57∗∗ 9.75∗

pEU
CO2 0.69∗∗∗ 0.63∗∗

khph-eff 1.03∗∗∗ 0.86∗∗∗ 0.06∗∗∗ 0.06∗ 0.39∗∗∗ 0.35 0.48∗∗∗ 0.51∗∗∗

pw-eff 1.18∗∗∗ 1.28∗∗∗ 3.37∗∗∗ 3.43∗∗∗ 1.40∗∗∗ 1.41∗∗∗ 1.69∗∗∗ 1.70∗∗∗

N obs. 76 75 133 132 57 56 38 37

R2 0.76 0.82 0.89 0.88 0.80 0.79 0.87 0.87

F − stat 229.57∗∗∗ 107.40∗∗∗ 2560.34∗∗∗ 234.87∗∗∗ 47.55∗∗ 63.14∗∗∗ 4.20 73.91∗∗∗

Qh-pre ≃ Gh

(
GDPh

t

Popht
, pEU

CO2,t
, ph-effng,t , p

w-eff
ng,t , kh

)
Intercept 32.10 -36.48∗∗ -1.71∗ -0.16 -6.63 -0.23 -1.48∗ -1.86∗∗

GDP/pop -1.37∗∗ 2.12∗∗∗ 0.08∗∗∗ 0.04∗∗∗ 0.30∗∗∗ 0.24∗∗∗ -0.04∗∗ -0.04∗∗∗

pEU
CO2 -0.016∗∗ -0.007∗∗∗

khph-eff -0.37∗∗∗ -0.02 0.00 -0.001∗∗ 0.03 0.02∗ -0.004∗∗∗ -0.004∗∗∗

pw-eff 0.01 -0.03∗∗∗ -0.001∗∗ -0.000 -0.001 -0.006∗ 0.001 0.001∗∗∗

N obs. 72 71 78 77 54 53 36 35

R2 0.64 0.45 0.55 0.26 0.58 0.46 0.75 0.73

F − stat 30.51∗∗∗ 13.22∗∗∗ 488.11∗∗∗ 4.89∗∗∗ 177.33∗∗∗ 13.99∗∗∗ 5.19 20.42∗∗∗

Significance codes: ∗ for p ≤ 0.1, ∗∗ p ≤ 0.05, ∗∗∗ p ≤ 0.01.

As expected under Cournot-type behavior, domestic ammonia prices and natural gas

costs are negatively related to domestic consumption, reflecting the downward-sloping in-

verse demand pattern. Individual economies with large (and increasing) export or import

volumes, however, may exhibit a positive correlation between domestic consumption and

(global or domestic) energy prices. This pattern is consistent with tight domestic capacity

conditions: greater integration with external markets increases competitive pressure for

domestic products, raising local prices when capacity is constrained. Other mechanisms,

such as changes in trade policy or inventory behavior, may also contribute and likely

interact with these effects.

Across regions, GDP per capita, treated as an income and demand proxy, is generally
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positively associated with ammonia prices. Direct empirical evidence on links between

fertilizer prices and GDP per capita remains limited, but existing work shows that higher

income levels are associated with greater fertilizer use and higher land productivity, im-

plying an ambiguous net effect on prices through demand and efficiency channels.7 Inter-

preting GDP per capita as a reduced-form shifter of pricing conditions in the pre-entry

ammonia market is therefore consistent with the broader fertilizer literature.

Note that including both domestic and global energy prices and trade helps us de-

velop a deeper understanding of the results. Existing studies typically focus on domestic

input or import prices in isolation, whereas explicitly comparing domestic and foreign gas

price effects within a unified framework allows for a more nuanced interpretation of the

estimated coefficients. Thus, we uncovered the role of carbon pricing in the regional re-

gressions. For the EU, higher carbon prices are associated with upward shifts in ammonia

prices and downward pressure on fossil-based fertilizer use, consistent with the intended

effect of the EU ETS. At the individual country level, however, some estimates suggest

carbon leakage patterns, with carbon prices occasionally showing weaker or even negative

price effects and positive demand responses, indicative of shifts in production and trade

rather than purely domestic abatement.

Overall, the regional panel estimates complement the country-level regressions by pro-

viding a coherent picture of long-run price formation under heterogeneous cost, income,

trade, and policy conditions. While more granular data and additional controls, e.g.

detailed crop composition, input substitution possibilities, or forward-looking expecta-

tions, would be needed to pin down adjustment speeds and demand reallocation more

accurately, our results provide a structurally justified and tractable foundation for the

willingness-to-pay simulations, which rely primarily on the estimated long-run slope coef-

ficients rather than short-run dynamics. Next, we proceed with the estimated parameters

and proceed with numerical simulations consistent with the WTP function specified in

equation (28).

4.2 The WTP analysis

Following the developed methodology, we estimate the WTP function parameters and

illustrate the relationship between hydrogen price and the regional aggregate volumes that

industrial producers would be willing to acquire, anticipating the corresponding ammonia

sales (Figure 6). We calibrate the model to 2025 market conditions, which we consider

a baseline, anchoring the global average natural gas benchmark at close to $9/MMBtu,

with sensitivity analysis to the future natural gas price shocks and efficiency gains.

The depicted WTP curves represent the maximum hydrogen price allowing for prof-

itable (financially viable) market entry by a hydrogen-based ammonia producer under the

given market conditions. This threshold is driven by three core factors: (i) the pre-entry

output price determined by incumbent producers, (ii) the ammonia demand slope, which

7For recent discussions, see for example Paudel (2025) and McArthur and McCord (2017).
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governs how output expansion affects prices, and (iii) the conversion efficiency of hydro-

gen in ammonia production. So the differences in market structure and input costs across

regions translate into heterogeneous hydrogen adoption thresholds.

Figure 6: The WTP for clean hydrogen in the ammonia industry by region.

The regional WTP figures confirm that industrial hydrogen off-take critically depends

on hydrogen prices falling below current benchmarks, such as those estimated by S&P

Global. The estimated WTP values align well with references in the U.S. Inflation Reduc-

tion Act, the European Union’s Renewable Energy Directive, Japan and the Republic of

Korea’s Contracts for Difference (CfD) and Clean Hydrogen Portfolio Standard (CHPS),

as well as other national hydrogen development strategies, which cite $2–$3/kg as a

benchmark price necessary to incentivize industrial hydrogen use.

However, a closer examination of the solid blue curves representing baseline WTPs

reveals that ammonia producers in North America and Europe may be poised to adopt

hydrogen-based ammonia production targeting domestic markets even at higher price

levels. At a hydrogen price of $3/kg, Europe could potentially deploy up to 200,000 tons

of green ammonia capacity, while North American producers might initiate smaller-scale
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projects slightly exceeding 50,000 tons. It is important to note that the attractiveness of

a hydrogen transition may shift with changes in long-term natural gas price outlooks or

technological advances.

Currently, North America’s relatively high GDP per capita contributes to consumer

resilience to fluctuations in ammonia prices, while abundant and inexpensive natural gas,

priced at three to five times lower than in Europe, exerts downward pressure on the will-

ingness to pay for non-fossil alternatives. In contrast, motivated by rapid economic growth

fueled by relatively cheap energy, notably from Russian and Middle Eastern natural gas

supplies, the Asia-Pacific region requires lower hydrogen prices to consider green ammo-

nia as a viable alternative to conventional fossil-based production. At a hydrogen price

of $2/kg, Asia-Pacific’s industrial hydrogen consumption could surpass both Europe and

North America, driven by a larger population and growing agricultural fertilizer demand.

However, a lower hydrogen price is not the only condition for producers to adopt

new technologies and overcome the competition with fossil fuel-based producers, making

hydrogen-based products more attractive to final customers. The upward-shifted green

and gold dashed lines indicate that technological improvement and a rise in fossil fuel

prices may also increase the competitiveness of hydrogen-deploying producers. However,

the extent to which industrial demand expands depends on the responsiveness of the

demand and the maximum market size for industrial products.

Consistent with the varied responses observed to domestic versus global natural gas

price fluctuations, some countries, such as China, may increase hydrogen demand driven

by anticipated economic growth and rising energy and fertilizer needs in agriculture.

Conversely, countries in the European Union may reduce consumption of both hydrogen

and fossil fuel-based products as industrial product prices increase. Beyond changes in

substitute costs, shifts in demand parameters and efficiency, other factors may also drive

the WTP upward or downward.

Focusing on the marginal cost, we abstract from the detailed analysis of financial

costs, which could similarly influence WTP through the efficiency parameter. Due to

limited data, understanding how evolving industry concentration and heterogeneity in

hydrogen adopter costs affect WTP is deferred for future research. Although conceptu-

ally, our model suggests that these effects play a minor role. We also find that market

structure likely shapes technology adoption: in more concentrated industries, producers

retain greater pricing power and can sustain higher markups over marginal cost, thereby

increasing the potential WTP for hydrogen-based production. In contrast, in more com-

petitive markets, producers have limited ability to pass higher production costs on to

consumers, which lowers the feasible hydrogen price threshold for entry. This mecha-

nism underscores the importance of industrial organization in determining the economics

of low-carbon technology adoption. Finally, the WTP for hydrogen is highly sensitive to

fossil fuel price trajectories, and countries endowed with abundant low-cost fossil resources

generally require lower hydrogen prices to justify market entry.

Next, to put the WTP results into the context, we aggregate the estimated regional
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Figure 7: The aggregate effect of hydrogen entry.

WTPs and assess the potential of hydrogen-based ammonia production relative to the

2024 ammonia market size (Figure 7). Aggregation across numerous countries reveals an

emerging constant elasticity of demand pattern and heterogeneous sensitivity to natural

gas price increases. Specifically, at a hydrogen price near $1/kg, the increase in hydrogen

use under a 50% rise in natural gas prices nearly doubles compared to the increase observed

when hydrogen is priced around $3/kg.
Examining market share dynamics, we observe that while the Asia-Pacific-Middle

East region—dominated by China—has the largest volume potential at any given hy-

drogen price, its displacement of conventional natural gas-based production lags behind

the European Union and South America regions. The low domestic natural gas prices in

APME impede hydrogen’s market penetration, even as hydrogen prices decline. Similarly,

North America benefits from abundant and affordable natural gas, which limits significant

growth in the hydrogen market share.

In contrast, regions heavily reliant on expensive natural gas and fertilizer imports are

expected to support the expansion of hydrogen market shares alongside overall market

growth. Import-dependent areas, particularly Europe and South America, face strong

incentives to replace imported natural gas and ammonia with domestically produced,

low-cost hydrogen and hydrogen-based products. In Europe, unprecedentedly high fossil

fuel prices and stringent carbon pricing policies have already led to the retirement of fossil-

based producers while enhancing the competitiveness of hydrogen-based technologies.

To accelerate the displacement of fossil fuel-based production further, however, con-

sideration of markups that cover upfront investment costs is necessary. The presented

Lerner index dynamics have indicated that in regions, like Europe, producers may strug-

gle with charging the markup required for investments in new technology to break even.

The gap between estimated levelized and operational costs provides further insights into

incumbents’ advantage (Saygin et al., 2023). Moreover, differences in perceived risks and
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uncertainties between established fossil fuel technologies and emerging hydrogen tech-

nologies often translate into disparities in financing costs. Therefore, even regions with

market growth and likely low hydrogen prices, such as North America, require policies

that provide financial support, like the Inflation Reduction Act (IRA), or incentives for

fossil capacity retirement, similar to those observed in coal-based power generation.

Figure 8: The effect of carbon price on the European hydrogen WTP.

European ammonia markets face additional pressures from carbon pricing and related

regulations. The Carbon Border Adjustment Mechanism (CBAM) has been introduced

to mitigate carbon leakage by imposing carbon costs on imports from regions without

comparable climate policies. In our simulations, CBAM is modeled as an increase in the

marginal costs of fossil-fuel-based producers. The results indicate that this mechanism

can raise the willingness to pay (WTP) for hydrogen-based production by improving the

relative competitiveness of low-carbon technologies. Figure 8 illustrates these effects on

the regional WTP schedule.

Country-level estimates suggest that unilateral carbon pricing may generate policy

spillovers through increased imports from less-regulated markets, resulting in only mod-

est shifts in WTP. While CBAM partially offsets this leakage channel, the simulations

reveal that fossil fuel price dynamics remain the dominant driver of hydrogen competi-

tiveness. In particular, a 25% increase in natural gas prices shifts the EU WTP curve

upward by an amount comparable to that of CBAM implementation. Conversely, declines

in natural gas prices can offset the incentives created by carbon pricing. These results

highlight the central role of energy market conditions in shaping incentives for indus-

trial decarbonization and suggest that fossil-fuel cost differentials may influence hydrogen

adoption more strongly than carbon pricing alone.

We conclude our simulation-based WTP analysis by observing that, while local carbon

policies help to elevate the WTP, a critical threshold of approximately $2.5/kg of hydro-
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gen is required to trigger significant industrial off-take. This threshold reflects hydrogen-

associated operational costs for producers, rather than final investment decisions or lev-

elized hydrogen costs. Comparison of aggregated WTP curves across scenarios suggests

that hydrogen deployment is likely to follow a phased trajectory: sectors and regions with

the highest WTP, driven by locally elevated fossil fuel prices, operational efficiencies, or

environmental policies, will lead early adoption at relatively high hydrogen prices but

low volumes. Broader industrial-scale deployment will depend on scale economies and

technological learning effects, which collectively can drive down hydrogen prices and yield

cost savings over time. As these benefits accrue, industries with initially lower WTP can

progressively enter the market, accelerating the transition to hydrogen-based production.

Given the pronounced sensitivity of hydrogen WTP to fossil fuel prices, long-term

hydrogen off-take contracts indexed to natural gas or coal benchmarks could mitigate

fuel-switching risks, akin to contractual structures that facilitated early LNG trade. In

regions with persistently low fossil fuel prices, particularly in Asia-Pacific and the Middle

East, policy makers may need to incentivize the retirement of legacy fossil assets or restrict

new fossil capacity additions to enable hydrogen market entry.

A lack of harmonized carbon pricing or border adjustments, along with regional dis-

parities in carbon costs and fossil fuel prices, will persist, perpetuating competitive im-

balances and hindering large-scale hydrogen adoption. Therefore, coordinated policy

frameworks—including long-term contracts, regulatory pathways for the retirement of

carbon-intensive assets, and robust border carbon measures—are essential to align pri-

vate investment incentives with public climate objectives and expedite the clean hydrogen

transition.

5 Conclusions

We developed and demonstrated the validity of a novel three-step approach for quanti-

tative WTP estimations. The presented study advances empirical and theoretical under-

standing of willingness-to-pay for non-fossil hydrogen in hard-to-abate industrial sectors,

focusing specifically on ammonia production. The proposed methodology is particularly

well-suited for capturing cross-country variability in willingness-to-pay for industrial out-

puts and, by extension, the input resources required to substitute fossil-based technologies.

Our analytical framework, designed to capture the observed industry dynamics and

market relationships as functions of fossil fuel input prices, enables econometric estima-

tions using sector-level data from major economies. Using a multi-equation approach,

we identify industry competition and trade exposure reflecting parameters that inform

market entry and the input (hydrogen) price formation. Finally, we leverage dynamic nu-

merical simulations to examine hydrogen adoption under diverse scenarios, systematically

capturing the effects of competitive pressure and input cost differentials.

The empirical results demonstrate substantial heterogeneity in WTP across regions.

Ammonia producers operating in oligopolistic markets require considerable reductions
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in hydrogen prices, from current levels to the $2–$3/kg range, to achieve commercially

viable market penetration without significant regulatory intervention or subsidy support.

While local adoption may occur at levels near $4-$5/kg, widespread scale-up can only be

anticipated at considerably lower price points. The regional differences, shaped by access

to affordable natural gas and persistent market concentration, underscore the transmission

of fossil fuel price volatility into industrial product prices and the critical importance of

markups for covering the financial costs of new technology deployment.

Further sensitivity analyses reveal that competition with fossil fuel resources currently

dominates over pressures from carbon pricing. Although carbon pricing is gaining promi-

nence in policy discussions, it remains insufficient as a standalone mechanism to accelerate

hydrogen adoption rapidly. In regions such as Europe, where carbon policies are among

the most advanced, the persistence of carbon leakage risk underscores the critical impor-

tance of border adjustment mechanisms like CBAM.

Our comparative analysis further confirms that environmental targets and isolated

carbon pricing instruments cannot independently drive the transition at scale. Achiev-

ing effective decarbonization in ammonia production necessitates a coordinated policy

framework, including long-term hydrogen supply contracts indexed to fossil fuel bench-

marks, structured regulatory pathways for the retirement of carbon-intensive assets, and

anti-leakage measures such as CBAM. These interventions must be carefully tailored to

sector-specific market structures and international competitiveness to maximize their ef-

ficacy.

The findings and inherent limitations of our approach highlight several avenues for

future research. Expanding the modeling framework to accommodate alternative produc-

tion functions, potentially required for other sectors, and incorporating industrial product

differentiation are necessary for broader applicability. Moreover, a deeper understanding

of the dynamic evolution of industrial product demand, especially its relationship with

macroeconomic growth, will refine projections for future technology adoption. As hydro-

gen markets mature, integrating financial cost modeling with market structure analysis

will become increasingly important for accurate forecasting and strategic policy making.
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Appendix A. Capacity-constrained Cournot competition

In this Appendix section, we present the Cournot duopoly solution for the situation when

one of the producers is temporarily capacity-constrained. This case might be critical

for understanding historical ammonia market dynamics. To help the intuition, we as-

sume that home producer with marginal costs mch faces a capacity constraint Kh, while

competing with the world supplier, characterized by marginal costs mcw.

Adopting other assumptions and the model setup from Section 2, we find that the

home firm may serve the market as a monopolist as long as:

mcw ≥ a− b ·Kh ⇐⇒ Qw = 0 and Qh = Kh. (44)

Namely, when the outside high-cost firm cannot profitably produce given the home firm’s

capacity.

Alternatively, depending on the capacity of the home firm and the rival’s costs, the

market equilibrium may be given by:

P pre(mch,mcw,Kh) =


a+mch+mcw

3 if Kh ≥ a−2mch+mcw
3b

a+mcw−bKh
2 if Kh < a−2mch+mcw

3b

(45)

Qpre(mch,mcw,Kh) =


2a−mch−mcw

3b if Kh ≥ a−2mch+mcw
3b

a−mcw+bKh
2b if Kh < a−2mch+mcw

3b

(46)

So, we obtain that expressions (5) and (6) may need to be reformulated to include installed

capacities to test the hypothesis of capacity-constrained countries.
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Appendix B. Differentiated Bertrand competition

In this Appendix, we characterize the entry in the case of differentiated Bertrand com-

petition, demonstrating that our WTP approach can be adapted to other market en-

vironments beyond the Cournot model. We start by expressing the equilibrium price

and market size as functions of the marginal costs mci for i ∈ N firms, producing a

differentiated product. Following the linear demand assumption, we write:

Qi(.., pi, .., pN ) = a− b · pi + d ·
∑
j ̸=i

pj (47)

where b > 0 represents the sensitivity to firm’s own price, d > 0 is the degree of product

substitutability, with d → 0 representing a local monopoly case.

We adopt the standard assumption of profit maximization and solve

max
pi

Πi = (pi −mci) ·Qi(.., pi, ..) = (pi −mci) ·

a− b · pi + d ·
∑

j∈N\i

pj

 (48)

The system of equations formed by the first-order conditions yields the Bertrand-Nash

equilibrium price and quantities expressed as:

P pre
i (..,mci, ..) =

a(2b+ d) + b · d ·
∑

i∈N mci + b · (2b− d(N − 1)) ·mci

(2b+ d)(2b− d(N − 1))
(49)

Qpre(..,mci, ..) =
∑
i∈N

Q∗
i =

b
(
a ·N − (b− d(N − 1)) ·

∑
i∈N mci

)
2b− d(N − 1)

(50)

Again, one may easily observe that the above expressions allow for the formulation of

empirically testable hypotheses in a form similar to the one presented in Section 2 by (5)

and (6):

P pre
i =cp0 + cp1 · m̄c+ cp2 ·mci + ϵp (51)

Qpre =cq0 + cq1 · m̄c+ ϵq (52)

By analogy, one may identify the necessary market parameters and proceed with the

entry analysis, deriving the output price and demand faced by the hydrogen adopter as

a function of his own marginal costs mcH2(pH2), driven by the hydrogen price:

PH2 =
(2b− d(N − 1))(a+ b ·mcH2) + dN(a+ b · m̄c)

(2b+ d)(2b− d(N − 1))− d2N
(53)

QH2 =
qH2

γH2

= a− b · PH2 +
dN(a+ b · m̄c+ d · PH2)

2b− d(N − 1)
(54)
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Then, rearranging the terms, we can formulate the WTP as:

WTP : mcH2(qH2) =
qH2

[
(2b+ d)K − d2N

]
− γH2(b+ d) [a(2b+ d) + bdNm̄c]

γH2 b (−bK + d2N)
(55)

where K = 2b− d(N − 1)

Thus, we again can estimate the WTP for hydrogen based on the parameters characteriz-

ing the pre-entry industry and industrial output market, and information about the new

technology (hydrogen) marginal costs of production.

Appendix C. Approximation error of the WTP

To assess the accuracy of the linear approximation in equation (11), we compute the

relative approximation error of the closed-form WTP expression for different numbers of

incumbentsN . Figure 9 plots the correction factor (N+2)/(N+1) againstN , highlighting

how quickly the error term shrinks as the industry becomes more concentrated.

Figure 9: The approximation error changes with the number of incumbents.

For small N , the correction converges rapidly toward 1. This justifies our use of the

compact linear WTP form in the main analysis for industries with more than a handful

of incumbents.
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Appendix D. Data stationarity analysis

Below, we report the stationarity test results for individual countries and on a regional

basis.

Table 4: Country-level and APME region panel stationarity tests (p-values).

ADFp KPSSp ZAp ADFdiffp KPSSdiffp Hadrip CIPSp

China GDP/pop 0.982 0.016 0.285 0.100 0.000 0.067

China Ph 0.048 0.100 0.356 0.100 0.018 0.005

China Qh 0.998 0.097 0.144 0.100 0.001 0.085

China png 0.006 0.100 0.115 0.100 0.007 0.060

India GDP/pop 0.990 0.017 0.918 0.008 0.100 0.000 0.067

India Ph 0.047 0.100 0.798 0.100 0.018 0.005

India Qh 0.952 0.037 0.041 0.000 0.100 0.001 0.085

India png 0.019 0.100 0.000 0.100 0.007 0.060

Russian
Federation

GDP/pop 0.637 0.100 0.000 0.100 0.000 0.067

Russian
Federation

Ph 0.018 0.100 0.008 0.100 0.018 0.005

Russian
Federation

Qh 0.982 0.017 0.406 0.100 0.001 0.085

Russian
Federation

png 0.017 0.100 0.246 0.100 0.007 0.060

Saudi
Arabia

GDP/pop 0.476 0.018 0.003 0.001 0.100 0.000 0.067

Saudi
Arabia

Ph 0.047 0.100 0.455 0.100 0.018 0.005

Saudi
Arabia

Qh 0.000 0.022 0.310 0.100 0.001 0.085

Saudi
Arabia

png 1.000 0.025 1.000 0.100 0.007 0.060
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Table 5: Country-level and EU region panel stationarity tests (p-values).

ADFp KPSSp ZAp ADFdiffp KPSSdiffp Hadrip CIPSp

Belgium GDP/pop 0.978 0.044 0.962 0.100 0.000 0.004

Belgium Ph 0.000 0.100 0.085 0.100 0.004 0.007

Belgium Qh 0.589 0.031 0.048 0.000 0.100 0.000 0.000

Belgium png 0.000 0.100 0.370 0.000 0.100 0.000 0.002

France GDP/pop 0.918 0.069 0.936 0.100 0.000 0.004

France Ph 0.037 0.100 0.388 0.100 0.004 0.007

France Qh 1.000 0.023 0.166 0.992 0.100 0.000 0.000

France png 0.969 0.039 0.360 0.100 0.000 0.002

Germany GDP/pop 0.995 0.026 0.947 0.100 0.000 0.004

Germany Ph 0.023 0.100 0.006 0.100 0.004 0.007

Germany Qh 1.000 0.055 1.000 0.100 0.000 0.000

Germany png 0.074 0.039 0.001 0.230 0.100 0.000 0.002

Italy GDP/pop 0.773 0.086 0.992 0.078 0.000 0.004

Italy Ph 0.023 0.100 0.006 0.100 0.004 0.007

Italy Qh 0.800 0.049 0.565 0.321 0.100 0.000 0.000

Italy png 0.638 0.023 0.010 0.100 0.000 0.002

Poland GDP/pop 0.999 0.028 0.967 0.038 0.000 0.004

Poland Ph 0.018 0.100 0.007 0.100 0.004 0.007

Poland Qh 0.996 0.100 0.874 0.100 0.000 0.000

Poland png 0.008 0.100 0.032 0.100 0.000 0.002

Spain GDP/pop 0.969 0.099 0.999 0.036 0.000 0.004

Spain Ph 0.067 0.100 0.000 0.015 0.100 0.004 0.007

Spain Qh 0.990 0.080 0.008 0.100 0.000 0.000

Spain png 0.030 0.100 0.000 0.100 0.000 0.002

United
Kingdom

GDP/pop 0.986 0.047 0.992 0.933 0.100 0.000 0.004

United
Kingdom

Ph 0.226 0.100 1.000 0.100 0.004 0.007

United
Kingdom

Qh 0.725 0.100 0.043 0.100 0.000 0.000

United
Kingdom

png 0.000 0.100 0.016 0.100 0.000 0.002
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Table 6: Country-level and NAM and SAM regions panel stationarity tests (p-values).

ADFp KPSSp ZAp ADFdiffp KPSSdiffp Hadrip CIPSp

Canada GDP/pop 0.990 0.100 0.177 0.100 0.004 0.012

Canada Ph 0.337 0.100 0.572 0.100 0.032 0.213

Canada Qh 0.712 0.045 0.979 0.100 0.006 0.002

Canada png 0.806 0.053 0.666 0.100 0.005 0.016

Mexico GDP/pop 0.985 0.040 0.525 0.100 0.004 0.012

Mexico Ph 0.005 0.100 0.008 0.100 0.032 0.213

Mexico Qh 0.055 0.073 0.923 0.057 0.100 0.006 0.002

Mexico png 0.000 0.018 0.000 0.772 0.100 0.005 0.016

United
States

GDP/pop 0.993 0.020 0.997 0.100 0.004 0.012

United
States

Ph 0.239 0.100 0.511 0.100 0.032 0.213

United
States

Qh 0.013 0.037 0.824 0.100 0.006 0.002

United
States

png 0.452 0.100 0.966 0.100 0.005 0.016

Argentina GDP/pop 0.074 0.100 0.005 0.100 0.056 0.152

Argentina Ph 0.029 0.100 0.001 0.100 0.056 0.786

Argentina Qh 0.094 0.100 0.152 0.000 0.100 0.038 0.032

Argentina png 0.468 0.027 0.057 0.100 0.019 0.459

Brazil GDP/pop 0.082 0.100 0.999 0.100 0.056 0.152

Brazil Ph 0.005 0.100 0.008 0.100 0.056 0.786

Brazil Qh 0.026 0.062 0.730 0.001 0.100 0.038 0.032

Brazil png 0.112 0.100 0.005 0.100 0.019 0.459
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Table 7: Regional stationarity and cointegration tests (p-values).

ADF KPSS ZA Hadrip CIPSp EGC(Qh) ARDL(Qh)

(1) (2) (3) (4) (5) (6) (7)

Region: APME

Ph 0.576 0.100 0.011 0.710 0.000 0.349

Qh 0.998 0.041 0.001 0.021

∆Qh 0.160 0.100 0.011 0.000 0.253

Kh 0.968 0.023 0.001 0.072 0.765

∆Kh 0.000 0.100 0.011 0.000 0.451

png 0.079 0.100 0.003 0.001 0.000 0.688

GDPh 0.999 0.030 0.088 0.001 0.044 0.834 0.153

Poph 0.000 0.017 0.999 0.000 0.192 0.676 0.229

∆Poph 0.423 0.024 0.796 0.000 0.000 0.539 0.081

Region: EU

Ph 0.405 0.100 0.011 0.710 0.467 0.354

Qh 0.116 0.046 0.001 0.021

∆Qh 0.131 0.100 0.011 0.000 0.652

Kh 0.000 0.100 0.000 0.001 0.072 0.000 0.037

∆Kh 0.954 0.100 0.011 0.000 0.416

png 0.254 0.059 0.003 0.001 0.579 0.712

GDPh 0.991 0.048 0.001 0.044 0.650

Poph 0.766 0.016 0.000 0.192 0.598 0.999

∆Poph 0.007 0.100 0.000 0.000 0.176 0.004

Region: NAM

Ph 0.152 0.100 0.011 0.710 0.000

Qh 0.060 0.075 0.001 0.021

∆Qh 0.000 0.100 0.011 0.000 0.000

Kh 0.955 0.018 0.002 0.001 0.072 1.000

∆Kh 0.005 0.100 0.011 0.000 0.901

png 0.029 0.028 0.000 0.003 0.001 0.744 0.004

GDPh 0.997 0.025 0.001 0.044 0.981

Poph 0.044 0.016 0.000 0.192 0.971 0.038

∆Poph 0.002 0.100 0.000 0.000 0.820

Region: SAM

Ph 0.012 0.100 0.011 0.710 0.911 0.164

Qh 0.184 0.045 0.609 0.001 0.021

∆Qh 0.106 0.100 0.011 0.000 0.978

Kh 0.405 0.100 0.001 0.072 0.787 0.079

∆Kh 0.011 0.100 0.011 0.000 0.991

png 0.224 0.100 0.003 0.001 0.957 0.303

GDPh 0.180 0.100 0.158 0.001 0.044 0.546

Poph 0.296 0.016 0.000 0.192 0.000

∆Poph 0.990 0.020 0.050 0.000 0.000 0.873

Notes: Red entries indicate cases with rejected stationarity and cointegration hypotheses.
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Appendix E. Pre-entry market analysis

We estimate country-specific regressions and report the results, indicating the estimation

method and highlighting which demand shifters, GDP per capita (GDP/Pop), arable land

area (Aland), or their interaction (GDP · Aland/Pop), are statistically better explaining

the observed variation.

Table 8: Individual country P pre
h regression results (transposed).

Country Method const GDP
Pop

Al GDP ·Al

Pop
Qhh Qwh pCO2

EU R2

Argentina OLS 987.43 21.14 -12.87 -546.14 0.00 0.41

Belgium OLS 6654.52 -7811.55 -62.16 275.39 5.67 0.74

Brazil OLS 1468.38 35.85 -29.45 -99.95 803.72 0.62

Canada OLS -251.06 0.52 -67.89 0.00 0.61

China Ridge -9052.86 100.64 80.89 -10.13 -62.53 0.61

France Ridge -243.84 34.00 -91.89 61.64 2.87 0.43

Germany OLS 1893.10 -1.52 -152.27 -751.70 0.09 0.73

India OLS 1624.24 0.65 -27.11 -446.79 0.68

Italy OLS 1312.39 -2.64 -681.85 -1338.88 5.28 0.93

Japan Ridge 233.08 15.48 -74.22 -150.40 23.87 0.54

Mexico Ridge 82.82 1.45 -81.32 -55.00 0.44

Poland Ridge 2056.39 -116.49 -169.10 -37.98 1.58 0.49

Russian
Federation

Ridge 1424.99 22.37 -10.74 -4.96 0.00 0.75

Saudi
Arabia

Ridge 159.33 15.25 -1.81 -87.78 0.00 0.61

Spain OLS -6790.50 729.30 -3536.29 -182.14 4.88 0.76

United
Kingdom

Ridge 292.64 40.08 -190.41 12.10 1.89 0.44

United
States

Ridge 203.30 0.07 -32.60 -4.40 0.54
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